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Abstract 

The research presented in this thesis investigates the problem of detecting faces from con

stituent features, with minimal assumptions and constraints on posedness and environ

mental conditions such as scale and lighting. Constituent features include mouths, nostrils, 

eyes, and eyebrows. Face detection proceeds in four stages: candidate feature detection, 

candidate feature pairing, partial face context construction, and complete face context con

struction. At each stage increasing levels of contextual information are employed. The last 

two stages involve the application of an energy minimizing spring-based facial template, 

consisting of spatial, anthropometric, rotational, and constituent energy terms. Initial ex

periments indicate the system outperforms related work in the field, with detection rates in 

excess of 83%. Less stringent evaluation criteria yields detection rates in excess of 90%. 

Furthermore, fewer assumptions and constraints are imposed in this research than in any 

other work reviewed. 
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Chapter 1 

Introduction 

/ never forget a face, but in your case I'll be glad to make an exception. 

— Julius "Groucho" Marx (1890-1977) 

Our ability as human beings to discriminate hundreds of faces despite the many similari

ties between individuals, quite possibly represents the ultimate in our perceptual classifi

cation skills. But such a feat is perhaps partly motivated by an obvious and widespread 

need in society to identify and be identified. This is prevalent in every facet of our daily 

lives, and is continually manifested in the requirements for passports, credit cards, drivers 

licenses, access cards, and various other forms of personal identification. 

There are a multitude of media commonly used in society for identification or security 

purposes. These media range from personal characteristics such as voice prints or written 

signatures, to special knowledge such as passwords, or even to possession of simple arti

facts such as cards or keys. None are more secure than physiological traits such as finger 

prints or retinal scans. But the most natural and perhaps least obtrusive are facial images. 

After all, a face is considered as unique as a set of finger prints or retinal scan, and is sig

nificantly more discernible to the average person. Virtually everyone is considered an ex

pert in recognizing faces. 

Although we consider ourselves experts at recognizing faces, there are limits to our 

recognition abilities. We tend to forget faces over time, especially when a particular face is 

observed infrequently and only briefly. Furthermore, recognition tasks that require indi-

1 



Chapter 1: Introduction 2 

viduals to identify faces repeatedly are subject to errors due to their tedious and monoto

nous nature. Such tasks would be ideal candidates for automation via a machine recogni

tion process. In the very least, unlikely candidates could be pre-screened by machine so as 

to ease manual identification by human experts. 

At this stage it is useful to ask the following questions: what is the nature and origins 

of human facial processing? And why are we experts at recognizing faces? Attempting to 

answer such questions may provide important insights that could well culminate in the de

velopment of completely automated machine recognition systems based on a facial pro

cessing model closely resembling that of human beings. If face recognition is a process 

human beings learn, then it may also be possible to teach machines how to recognize fac

es. If, however, we are genetically predisposed to face recognition tasks, then our goal of 

complete automation may be considerably more difficult to achieve. Within the face pro

cessing field of experimental psychology, there exists evidence consistent with the idea 

that faces are processed by a neural system unique to themselves and qualitatively differ

ent from all other systems for perceiving and recognizing non-facial objects. In other 

words, faces are so biologically significant that some degree of genetic pre-wiring may be 

evident at birth (Yin 1969; Goren, Sarty et al. 1975). Others have provided evidence that 

suggests there is no qualitative difference, and that our expertise at recognizing faces 

comes from the very prominent position in the visual experiences of young children that 

faces occupy. It is contended that such a position offers ample opportunity for visual learn

ing (Diamond and Carey, 1986). There appears no shortage of opinion in the literature and 

the debate is ongoing. At any rate, many researchers conjecture that a completely automat

ed face recognition system is achievable, irrespective of the nature of human facial pro

cessing. Research to this end is pervasive and widespread, as it has been an area of intense 

scrutiny for at least two and a half decades. 

Two main approaches to automatic face recognition have evolved during this time: 

constituent-based and holistic. Constituent-based recognition involves identifying struc

tural components of the face, such as the chin, mouth, nose, eyes, brows, etc. Measure

ments taken from and among these components comprise a. feature vector. Feature vectors 

for all faces are then compared for similarity to that of the face being recognized. The pri-
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mary advantage of this approach is the preservation of structural information. The mea

surements are physical quantities that are observable and easily understood. However, the 

pertinence of these features in face recognition have yet to be shown objectively. 

Conversely, holistic approaches attempt to capture and identify the face as a gestalt. 

Such approaches are frequently based on underlying statistical regularities. Methods in

volving neural networks or similar abstractions are often used (Kohonen, Oja et al. 1981; 

Stonham 1986; Intrator, Reisfeld et al. 1994). Yet others utilize statistical analysis tech

niques (Baron 1981; Kirby and Sirovich 1990; Turk and Pentland 1994). The primary ad

vantage of this approach is that objective descriptions are derived automatically from the 

initial training set. There is no need for explicit specification of features. One serious 

drawback, however, is that important structural information is no longer available. 

Many experimental psychologists in the field of facial processing have examined is

sues pertaining to whether face perception is the result of holistic or constituent-based 

analysis. Matthews (1978) has presented evidence that suggests face perception requires 

an initial overall examination of external features followed by a sequential analysis of in

ternal features. In addition, Sergent (1984) has illustrated an inextricable interdependence 

of what she terms component (constituent-based) and configuration! (holistic) informa

tion through a series of experiments involving reaction time and multidimensional scaling 

techniques. Consequently, it appears that the marriage of both holistic and constituent-

based approaches to face recognition is an important step towards development of increas

ingly robust face recognition systems. 

However, before a face can be recognized, it must first be extracted from an image. In 

constituent-based recognition approaches, it is clear that accurate detection of facial fea

tures is extremely important, as feature vectors are obtained through measurements from 

and among these facial features. Even if holistic approaches to recognition are adopted, 

some amount of feature detection is required if automatic recognition is to be independent 

of size, location, light exposure, or orientation. That is to say, locating various landmark 

facial features can serve to normalize images prior to recognition by using inter-feature 

distances or other feature-based metrics. While many researchers are working on the prob

lem of face recognition, considerably fewer are addressing the problem of automatic de-
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tection and extraction of facial features—which, as already mentioned, is an important 

step towards development of highly robust face recognition systems. 

Throughout the preceding discussion, the importance of feature detection and extrac

tion as it relates to face recognition has been emphasized. However, there are many other 

applications where extraction of facial features would be exceedingly useful. For example, 

traditional methods in facial animation involve specifying facial motion by associating 

static facial postures to key frames and interpolating between either complete face models 

or parameters that subsequently result in intermediate facial postures. Using automated 

feature detection and extraction, coupled with some form of facial analysis and synthesis, 

animators could specify facial motion simply by expressing the required facial movements 

through performance without the hindrance of sensory head gear or special makeup. This 

idea can be extended even further towards applications in tele-virtual reality conferencing, 

where each participating individual has a virtual representation synchronized to their fa

cial (and body) movements. Yet other potential applications include eye-tracking for alter

nate interface modalities, and optically-aided speech recognition. Analysis of mouth 

posture in conjunction with aural information could provide additional clues as to the na

ture of an utterance, and consequently help resolve ambiguities—particularly in noisy en

vironments. 

In this research, certain assumptions have been made in order to simplify the problem 

of constituent-based face detection. In particular, all facial features must be distinctly ob

servable, thus eliminating the possibility of non-frontal images such as face profiles. Fur

ther, subject head tilt or rotation is assumed to be within ±45 degrees of standard photo 

ID-type poses. Subjects are also expected to have little or no facial expression, as this of

ten influences the shape of lower facial features substantially, thereby making detection 

considerably more difficult. However, face location, orientation, scale, environmental 

lighting, and background complexity are otherwise allowed to vary, provided facial fea

tures are visible and discernible. Furthermore, it is assumed that a face is present in an im

age, and so the collection of objects corresponding to the best possible face are selected. 

This is often a requirement in face detection systems, although not always clearly stated. 

The resulting system was tested on images containing subjects in a number of different 
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poses and environmental conditions. These include normal photo ID-type poses, left and 

right head rotation poses, facial scale reduction poses, and poses with spot light sources to 

the right of the subject. One final note: our system was not specifically designed to handle 

bespectacled individuals or individuals with prominent facial hair. Nonetheless, the sys

tem was tested on these subjects as well, in each of the above data sets, so as to illustrate 

some limitations of this research. 

1.1 Research Goals 

The primary goal of this research was to develop a system capable of detecting mouths, 

nostrils, eyes, and brows in frontal facial images, with minimal pose and environmental as

sumptions and constraints. The intent was to explore the possibility of locating facial fea

tures using a bottom-up approach to face detection. At each layer of processing, increasing 

amounts of contextual information were to be considered, culminating in a spring-based 

facial template that incorporates statistical data from human faces in the form of inter-fea

ture spatial relationships and facial proportions. 

1.2 Research Contributions 

Several important contributions were made in this research. It was the intent of the author 

to depart from existing methods in favor of developing novel techniques where possible. 

Other contributions that digress slightly from the main topic of interest, but are also im

portant in realization of subgoals, were also made. The major contributions made in this 

research are summarized below. 

• The algorithm involving concentric region grouping across progressive threshold 

images offers an alternative to standard gray-level region growing and adaptive 

threshold techniques. This work circumvents the difficult problem of threshold se

lection and segments all facial features in preparation for later analysis. 

• The approach adopted in facial feature analysis has not previously been employed. It 

involves a progressive application of contextual information after selecting repre

sentatives from each concentric region group. After applying feature-specific filters 
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and constraints for purposes of data reduction, candidate facial features are costed 

and ranked based only on local information. These candidates are then paired using 

contextual information in the form of bilateral symmetry characteristics of faces. 

The pairings are subject to a set of constraints that reduce the number of candidate 

pairs in later processing. Candidate feature pairs are then costed and ranked using 

both individual facial feature and bilateral symmetry information. 

• The development of a spring-based facial template based on inter-feature spatial re

lationships and facial proportions taken from medical data is new. Candidate mouths 

and feature pairs are organized into spring-connected spatial structures resembling 

topological relationships between features in faces. The template attempts to mini

mize the energy of the spring system consisting of statistical spatial and anthropo

metric facial data, rotational inter-feature pair symmetries, and constituent feature 

information. 

• Preliminary experiments on the use of deformable templates for extracting facial 

features were conducted in this research. The templates are based on parabolic and 

circular curve segments. Although feature extraction results using these templates 

are not currently available, a conic scan conversion algorithm was implemented 

based on that appearing in Foley et al. (1990). However, the original algorithm fails 

to terminate in certain cases, and terminates incorrectly in other cases. A modified 

version of the algorithm that scan converts conic segments with uniform direction of 

motion is presented in Appendix D. 

1.3 Thesis Overview 

In Chapter 2 recent work in constituent-based human face processing is analyzed. The fea

ture and face detection core of the chapter is organized so that general purpose machine vi

sion techniques are presented, followed by a review of some representative approaches 

employing these techniques to face processing. 

Chapter 3 details preprocessing required for subsequent feature and face detection. 
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Chapter 4 describes the process of candidate feature detection and feature pairing. 

Candidate feature detection uses only local feature information and small amounts of an

thropometric facial data. While feature pairing introduces contextual information in the 

form of bilateral facial symmetry. 

Chapter 5 describes the development of a spring-based facial template based on statis

tical spatial and anthropometric facial data, rotational inter-feature pair symmetries, and 

constituent feature information. 

In Chapter 6 the results of this research are presented and evaluated. The research is 

evaluated by testing on a number of faces in a variety of environmental conditions and 

poses. The results are analyzed and compared with results reported in the literature. 

Chapter 7 summarizes the goals, contributions, and results of this research, and men

tions possible avenues for future research. 

Appendices A and B contain the complete tabulation of facial feature and pair ranking 

results, and the raw tabulation of overall face detection results, respectively. Results of the 

complete face detection process are illustrated in Appendix C. 

Finally, Appendix D contains a modified version of the conic scan conversion algo

rithm appearing in Foley et al. (1990) that scan converts conic segments with uniform di

rection of motion. 



Chapter 2 

Literature Review 

In this chapter we present and discuss some of the recent work in constituent-based human 

face processing.1 The review is partitioned into four subareas: (i) vision architecture for 

face processing, (ii) face detection and feature extraction, (iii) tracking lower facial mo

tion, and (iv) analysis and synthesis of facial motion. The first section describes a general 

architecture applicable to arbitrary problem domains in computer vision, although we 

shall focus primarily on its applicability to face processing. A strong relationship exists 

between this architecture and the techniques described in the following sections. Within 

such a framework, these techniques could be employed as experts, or knowledge sources 

in their specific areas of competency. We introduce several methodologies that have been 

applied to face detection and feature extraction in the second section. For clarity of exposi

tion, we opt to review some representative approaches employing each technique immedi

ately after its introduction. The remaining two sections, while not the focus of this 

research, are given brief mention as they are important aspects of human face processing 

with the inclusion of the temporal dimension. 

Holistic image-based approaches to human face processing are often used in automatic face recogni
tion and categorization. These approaches are frequently based on underlying statistical regularities usually 
involving neural networks or similar abstractions. Because they are not concerned with locating and operat
ing upon individual facial features, we defer detailed descriptions and comparisons of such approaches to 
Valentin et al. (1994). 

8 
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2.1 Vision Architecture for Face Processing 

Several vision architectures in recent years have been based on the simple but powerful 

concept of a blackboard system. A blackboard system is a way of organizing a collection 

of experts possessing different core domain knowledge. Such a system is based on a model 

of problem solving where experts gather round a blackboard cooperating opportunistical

ly. Initially, the blackboard contains only a statement describing the problem or goal. As 

experts read data from the blackboard they contribute to the global understanding of the 

problem by writing additional information on the blackboard for all other experts to see 

and process. This information can appear in various forms, including starting conditions, 

additional world knowledge, specialized processing of input data, and subgoals. As the so

lution progresses, the blackboard contents change to reflect the status of subgoals attained, 

hypotheses verified or rejected, and ambiguities investigated. 

Craw and Tock (1992) describe such a blackboard system for face processing in terms 

of software components considered to be experts in their particular domain of competen

cy. The notion of a multi-resolution strategy figures quite prominently into their system, 

thus allowing for fuzzy geometric expressions of relationships. Objects are considered to 

exist at all scales from the coarsest single pixel representation of an image to the finest 

full-scale representation. This framework allows a feature to be described and located at 

coarse resolutions before its location is confirmed at higher resolutions. 

At the lowest level of abstraction we have what are called low-level vision experts. 

These are subdivided into two groups: data experts and shape experts. Data experts oper

ate on raw image data, employing traditional low-level image processing operations to ob

tain higher-level information such as connected regions, location and direction of edges, 

texture information, and various local statistical properties for regions of interest. Other 

possibilities include obtaining information in the Fourier domain where high frequency in

formation gives a measure of local "business." Information obtained is written to the 

blackboard to be used as input for higher-level experts. 

Shape experts operate on the output of data experts and write higher-level feature de

scriptions to the blackboard. Examples include edge linking and subsequent reporting on 

A recent survey of more than 30 such systems can be found in Engelmore and Morgan (1988). 
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the location and orientation of lines. At coarse resolutions a line subject to various con

straints may correspond to a mouth or eyebrow while a pair of parallel lines may be repre

sentative of a pair of lips. 

Data and shape experts are primarily data driven, and are available to perform any low-

level vision task as they lack task-specific knowledge. In contrast, feature experts possess 

task-specific knowledge describing individual features and their interrelationships. Feature 

experts are model rather than data driven, and are invoked in response to both overall goals 

and to results placed on the blackboard by shape experts. Feature experts are organized on 

a hierarchical basis to simplify the control problem. A graph is employed where each node 

represents a feature at some degree of detail, and arcs represent relationships with other 

features. A simple high-level graph could specify that the eyes lie roughly on a horizontal 

line above the nose, and the mouth lies below the nose, and all features lie inside the head 

outline (an oval-shaped outline with a width:height aspect ratio of 3:4). At higher resolu

tions graphs of increasing complexity are constructed that encode the additional informa

tion present at these finer levels of description. When a feature expert completes its 

processing, a list of candidate features are written to the blackboard. 

Various other experts are employed to deal with issues pertaining to arbitration be

tween competing experts, prioritization of the goal list, normalization of images to some 

standard scale and orientation, inclusion of information in repositories containing past ex

periences, and meaningful display of intermediate and end results. 

There are several advantages to this type of architecture. The use of experts facilitates 

a high degree of modularity allowing additional experts to be added at will without affect

ing those already present. Another advantage is the ability to use both top-down (goal-di

rected) and bottom-up (data-driven) reasoning. Also, since all experts are independent 

modules capable of accessing the blackboard, a parallel implementation is conceivable. 

Experts can fire simultaneously, thereby resulting in a computer vision architecture more 

closely resembling the parallel nature of human visual processing. 



Section 2.2: Face Detection and Feature Extraction 11 

2.2 Face Detection and Feature Extraction 

Constituent-based face detection involves detecting individual facial features and often ex

tracting such information as relative position, shape, orientation, and contour. This infor

mation can then be analyzed to ascertain the likelihood that the feature obtained does in 

fact fit typical feature vector profiles for facial features of this type. Several methods for 

detecting and extracting these facial features are discussed in the following sections. It is 

extremely difficult to establish any kind of taxonomy of the various techniques described, 

as they are used in myriad applications in many different ways. Virtually all the techniques 

surveyed can be considered general purpose machine vision algorithms. What usually 

makes them unique is the manner in which they are applied to face processing. Conse

quently, each technique is introduced and described, followed by some representative ap

plications in the domain of face processing. 

2.2.1 Integral Projections 

Defining the general integral projection over some arbitrary compact set D c 5R hinges 

on our ability to represent arbitrary lines. One problem with using the equation y -mx + b 

to represent a line is that both the slope and intercept approach infinity as the line ap

proaches the vertical. We can circumvent this problem by using the normal representation 

of a line given by 

*cos0 + vsinG = p (2.1) 

where p is the perpendicular distance between a line and the origin, and 0 is the orienta

tion of the line. Figure 2.1(a) illustrates the meaning of the parameters used in equation 

(2.1). Using this representation of a line allows us to define the integral projection as 

p(p, 0) = \\Df(x, y )5 (p -xcos0 - ysinQ)dxdy (2.2) 

where/is the image function, D is the domain of the image function, and 8 is the Dirac 

delta function.4 For a fixed p and 0, the value p(p, 0) is equivalent to the sum of pixel val-

The image function refers to a two-dimensional light-intensity function f(x, y), where the value of/ at 
spatial coordinates (x, y) gives the intensity of the image at that point. 



Section 2.2: Face Detection and Feature Extraction 12 

(a) (b) 

Figure 2.1: Integral projection representation and profiles, (a) Normal representation of a 
line, (b) Vertical and horizontal projection profiles of a bi-level edge image for portions of 
a face. 

ues along the line given in equation (2.1). A series of projections with varying p and fixed 

0 form a parallel projection (or projection profile), and can be represented graphically as a 

histogram. Of particular interest are the vertical and horizontal parallel projections ob

tained by varying p and holding 9 fixed at values of 0 and 7t/2, respectively. Figure 2.1(b) 

shows the vertical and horizontal projection profiles for a bi-level edge image. 

Kanade (1973) applied the notion of an integral projection extensively in his pioneer

ing work. The basic assumption is that each feature exhibits a unique identifiable projec

tion profile of edge pixels. By recognizing the projection profiles corresponding to the 

various areas of the face, Kanade is able to detect facial features in sequential order. Ka

nade describes a top-down process in which individual components for detecting the parts 

of the face are combined by making use of both contextual information and by employing 

backup procedures with a feedback mechanism. At each analysis step, evaluation deter

mines if subsequent analysis should proceed to the next step or backtrack to the source of 

the problem, where parameters are modified and analysis is repeated. 

The algorithm begins by moving a horizontal slit of predetermined width and height 

down from the top of the image. The first horizontal edge encountered is assumed to be the 

The Dirac delta function satisfies the following properties 

[<*>, t = a , foo „ 
6(t-a) = < and 6(t-a)dt = 1 

10, t*a J-°° 



Section 2.2: Face Detection and Feature Extraction 13 

Smoothing 
of chin 
contour 

Cheek 
areas 

PS 

Estimate 
determined 
part from 
undetermined 
part 

STOP 

STOP 

Eye 

' F \PS 

^® 

STOP Estimate 
other eye 
area from 
determined 
eye position 

S 
PS 
F 

Success 
Partial Success 
Failure 

Figure 2.2: General flow of analysis using integral projection profiles. (Kanade 1973) 

top of the head. A horizontal slit is then swept down from the top of the head until it en

countered a vertical projection profile with a characteristic pattern resembling that of the 

cheeks. The cheeks are represented by two clearances on either side of two peaks repre

senting the nose edges, all of which are enclosed between peaks representing the sides of 

the face. A vertical slit is then swept across the face and the vertical positions of the nose, 

mouth, and chin are determined by examining patterns of horizontal projection profiles 

representative of these features. The chin is then found by using the mouth location in the 

previous step to limit the search scope. Radial lines are extended from the mouth center to 

a fixed length at regular intervals. Slits are placed along each radial line and projection 

profiles are obtained for each. A contour point is placed at the location along the slit for 

the peak closest to the mouth along the radial line. These contour points are smoothed to 

avoid mistaking wrinkles or neck lines for a portion of the chin contour. The nose end 

point and cheek areas are then found by successive application of horizontal slits begin

ning from the nose tip and sweeping up to the location of the eyes. Both horizontal ex

tremes of the nose are found, and the cheek areas are determined by the areas between the 

previously determined face sides and nose lines. Finally, examination of the vertical and 

horizontal projection profiles of the cheek areas give bounding rectangles for the eyes. The 

general flow of analysis is shown in Figure 2.2. 
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Lambert (1987) adopted a very similar technique on gray-level intensity images rather 

than on bi-level edge images. The eyes are first located via a vertical projection profile on 

the gray-level intensity image that consists of three brightness maxima, one between the 

eyes and one on either side of the eyes, and two brightness minima at the iris of each eye. 

Once the eyes are located, searches for the mouth and nose proceed in a constrained area. 

Brunelli and Poggio (1993) combined the ideas of both Kanade and Lambert. In their 

strategy, projection profiles are obtained for gray-level intensity images and two types of 

edge images: horizontal and vertical edge dominance maps. The horizontal edge domi

nance map contain only vertical edges, while the vertical edge dominance map contain 

only horizontal edges. Projection profiles are obtained on all three images at various stages 

of the feature extraction process. 

The primary advantage of integral projections is its simplicity. They are easy to imple

ment and quick to execute. However, integral projections are not information preserving 

transformations, since many distinct images exist for any one unique projection profile. 

Consequently, the projection pattern obtained is not an absolute indicator of object in

stance. With a uniform background and plain clothing, there are a small number of objects 

in the image, so success can be reasonably assured. With non-uniform backgrounds and 

arbitrary clothing, it would be extremely difficult to guarantee that a certain projection pat

tern is unique for one and only one class of objects. Therefore, the technique of integral 

projections must be augmented with other techniques to reliably extract facial features in 

less constrained environments. 

2.2.2 Template Matching 

Template matching is a recognition technique that measures similarity between an un

known image and a set of known images. One commonly used approach is to compute the 

correlation between the unknown image and each of the known images. The closest match 

can then be found by selecting the image that gives the correlation function with the larg

est value. Consider a subimage w(x, y) of size JxK within an image f(x, y) of size 

MxN, where J < M and K < N. In its simplest form, the correlation between/and w is 



Section 2.2: Face Detection and Feature Extraction 

\< N H 

Ax,y) 

s Origin 

i 

i 

« K • 

Ax,y) 

s Origin 

T 
- J -

\ 

i 

i 

i 

• 
(.5,0 

Ax,y) 

s Origin 
w(x -s,y-t) 

Figure 2.3: Template matching. Arrangement for obtaining the correlation of f(x, y) and 
w(x, y) at the point (s, t). The origin of w(x, v) is assumed to be at its center. (Adapted 
from Gonzalez and Woods 1992) 

c^ 0 = ££/(*> y)M.x -s,y-t) (2.3) 
x y 

where s - 0, 1, 2, ..., M- 1, t = 0, 1, 2, ..., N- 1, and the double summation is taken 

over the image region where w and/overlap. This procedure is illustrated in Figure 2.3. 

For any value of (s, t) inside f{x, y), applying equation (2.3) yields a single value for c. 

Varying s and t moves w(x, y) around the image f(x, v), giving the correlation function 

c(s, f). The maximum value obtained for c(s, t) indicates the position where w(x, y) best 

matches f(x, y). 

The correlation function given in equation (2.3) has the disadvantage of being sensi

tive to intensity changes in /and w. Consequently, it is only useful for correlating images 

where intensity differences between an object and its background is relatively high. An ap

proach often used to overcome this difficulty is to perform matching using the correlation 

coefficient. The correlation coefficient function gives values in the interval [-1, 1] and is 

not sensitive to intensity changes in/and w. Gonzalez and Woods (1992) describe the cor

relation coefficient function in more detail. 

Baron (1981) applied a template matching strategy for locating a pair of eyes in an in

put image. His approach involves matching a number of fixed size eye templates against 

each identically sized subimage of the input image. Sixteen individual eye templates are 

obtained by taking the weighted average of corresponding pixels for all eye images in a 
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given class. Eye location is used to standardize the size of the face for subsequent face rec

ognition. This is performed by scaling the size of the input image so that the distance be

tween the eyes is the same for all faces. Once an input face image is standardized, it can be 

compared to images in the database. 

Brunelli and Poggio (1993) followed an approach very similar to Baron. The primary 

difference lies in the initial location of the eyes for purposes of normalization. They use a 

single eye template at different scales in comparison to the sixteen templates (representing 

classes) used by Baron. 

The difficulty with template matching is its dependence on scale, orientation, and envi

ronmental lighting. It is difficult to determine how many fixed templates are needed in or

der to reasonably represent all objects within a class. One alternative is to increase the 

number of templates used in an effort to handle variations in scale, orientation, and light

ing. But this greatly increases the computational expense, as finding the best correlation 
2 2 • 2 2 

function is an Q(m n ) process where the template and image have area m and n , re

spectively. Consequently, template matching is largely impractical for more general appli

cations. 

2.2.3 Spring Templates 

Spring templates add flexibility to fixed templates by introducing the notion of a Hookian 

spring. The underlying idea is to model an object as a collection of distinct components, 

each of which can be viewed as a rigid template. Relations among template components 

are expressed as potential spring energy functions. Ideal instances of the object will have 

zero potential energy since all springs would be in a state of equilibrium. As the relations 

among components deviate from the ideal, the spring tensions increase quadratically, 

thereby increasing the total potential energy of the system. This type of template has a 

considerably higher propensity for handling deviations from some ideal configuration. 

Consequently, it provides a good indicator that measures the quality of fit between the 

template and the image. 

Govindaraju et al. (1990) use the idea of a spring template to extract head outlines 

from newspaper photographs. The head outline is modeled as three distinct curve seg-
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Figure 2.4: Head outline template with interconnecting springs. 

ments representing portions of the top and sides of the head with interconnecting hookian 

springs as shown in Figure 2.4. A head contour is first obtained through the application of 

edge detection, skeletonization, and edge linking. The resulting contour is then segmented 

into three parts according to its curvature discontinuities. These curve segments are then 

grouped by spatial constraints to form the potential head outlines corresponding to the top, 

left and right sides of the head. Each potential head outline template is then evaluated by a 

combination of object component cost and spring cost. There are three terms in the overall 

cost function: 

1. Ctemp measures dissimilarity in the template to corresponding curves in the image. 

2. Cmiss is the penalty if a curve in the template is not present in the image. 

3. Cspring measures dissimilarity in the relation between curves in the template and the 

corresponding curves extracted from the image. 

The spring cost function is defined based on anthropometric data that suggests the propor

tions of an ideal face is based on the golden ratio 

face height _ 1 + A/5 ._ . 
face width 2 

The system was only tested on ten images, some with more than one face. In all cases, 

the system never failed to miss a face, but false alarms were often generated. Also, several 
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simplifying assumptions were made following from rules in photo-journalism: (i) it was 

assumed that a high degree of contrast between faces and background was present, 

(ii) identified people were assumed to look squarely into the camera, and (iii) the sizes of 

faces were assumed to fall within a fixed range depending on the dimensions of the photo

graph and the number of people featured. 

2.2.4 Contour Tracing 

Contour tracing is the process of obtaining a pixel-by-pixel curve representation of an ob

ject contour, based on local properties of previous pixels in the curve. Domain specific in

formation and continuity constraints can be introduced to make contour tracing more 

robust against local discontinuities or the presence of noise. 

Craw et al. (1987) sought to overcome the uniform background restriction using a 

multi-resolution contour tracing strategy for locating the head outline. Their multi-resolu

tion approach involves generating copies of the input image at varying resolutions by local 

averaging. The head outline is therefore gradually refined through successively higher lev

els of resolution until the maximum resolution is achieved. Their method of contour trac

ing operates on magnitude and directional edge information that is obtained using a Sobel 

filter. A template head outline provides constraints on the general shape in the absence of 

strong edge information. This template consists of a horizontal line corresponding to the 

top of the head, two vertical lines corresponding to the sides of the head, two short vertical 

lines representing the sides of the neck, and two short horizontal lines representing the left 

and right shoulders—all with the expected spatial relationships. The actual line follower 

moves along the line of maximum gradient, and provided a direction of progress consis

tent with observed edge direction. Also, continuity constraints are incorporated to vary the 

traced curve slowly, since the line follower is easily distracted by local features corre

sponding to noise. Other features are located using a similar contour tracing strategy, ex

cept at maximum resolutions only. The lips and eyebrows are approximated as horizontal 

lines. The lips are found by scanning a vertical line down the center of the image and re

leasing horizontal line followers at each pixel to find the upper and lower lips. Once the 

lips are located, the eyebrows are found in a similar manner by scanning vertical lines 
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passing through the left and right extremes of the mouth. The eyes are then located by 

searching for a pair of local minima beneath the eyebrows. 

Contour tracing, a pixel-by-pixel operation, is extremely susceptible to noise and dis

continuities in the image intensity. The addition of a template head outline serves to add 

global constraints to a highly local operation. Furthermore, the sequential nature of pro

cessing is susceptible to accumulation and propagation of errors further down the process

ing chain. Consequently, the overall rate of feature extraction was rather poor. Only 12 of 

20 head outlines were successfully extracted. Although 19 of 20 lip outlines were extract

ed correctly, only 27 of 40 eyebrows, and 10 of 40 eyes were extracted successfully. For 

those that failed, many were unable to continue due to a lack of reliable reference. 

2.2.5 Hough Transform 

The Hough transform is an edge-based segmentation technique for detecting edges whose 

shapes can be described analytically in the form C(x, v) = 0. The general Hough trans

form is given by 

H(p, 4) = jjDf(x, y)5(p - C(x, y£))dxdy (2.5) 

where/is the image function, D is the domain of the image function, and 5 is the Dirac 

delta function. The argument of the delta function defines some family of curves in the xy-

plane parameterized by the scalar p and the components E,v E,2, ..., E,n of the vector E,. 

That is, the argument of the delta function takes the form of the curve under detection 

(Leavers 1992). The number of components in E, depends on the number of parameters re

quired to specify the curve. In particular, straight lines require two parameters, (p, 6), 

where E, = EJl = 0 (see Section 2.2.1). Similarly, a circle defined as 

(x - x0)
2 + (y - y0)2 = p (2.6) 

requires three parameters, (p, *0, y0), where E, = (^1,^2) = (*0> Jo) • 

Given an edge image, if there exists an edge corresponding to the given analytical 

curve, all points on this edge will have the same set of parameters. If we maintain a count 

of the corresponding edge points for each possible set of parameters, the actual curves can 
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Figure 2.5: Linear and circular Hough transforms, (a) Linear Hough transform of line seg
ments image, (b) Circular Hough transform of circles image at the pixel radii correspond
ing to each of the original circles. From left to right these are r = 34, r = 52, and r = 72. 

be extracted by taking those with a high accumulation count. These accumulation counts 

are stored in an n-dimensional accumulator array that arises from a quantization of the pa

rameter space, where n is the number of parameters required to fully represent the curve.5 

Given the equation of a parametrically defined curve, in order to transform edge points 

from the image domain to the Hough domain, we shall assume each significant edge pixel 

lies on the boundary of the desired curve. Knowing the (x, y) coordinates and the shape 

function, we can solve the shape function for one of the parameters. For all expected rang

es of values for the remaining parameters, we obtain the value of the solved parameter and 

increment the corresponding accumulator cell count in parameter space. Figure 2.5 illus

trates the results of this procedure for detecting lines and circles. 

Nixon (1985) examined the effectiveness of the Hough transform for extracting eye 

spacing measurements in three models: (i) a circle approximating the shape of the iris, 

(ii) an exponential function tailored ellipse approximating the boundary of the eye, and 

(iii) the same tailored ellipse approximating the combined area of the eye and the region 

below the eyebrows. In all three cases the transform is applied over a limited area around 

In the current context, parameter space, parameter domain, Hough space, and Hough domain, are all 
considered interchangeable. 
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the eye to constrain the search and avoid accidental matches elsewhere. The accuracy of 

detection reported was quite promising. Measurements for detection of the position of the 

iris were the most accurate, with less than half a pixel difference between the detected dis

tance and the manually derived distance. Detection of the eye boundary was the most sen

sitive to noise, but did provide a similar degree of accuracy under good conditions. 

Govindaraju et al. (1989) used a two-stage Hough-based transform approach in their 

attempt at extracting head outlines from newspaper photographs. In their approach, head 

outlines are divided into four parts composed of two arcs for the hair-line, and chin-line, 

and two lines for the sides of the face. The first stage involves extraction of these head out

line components through standard generalized Hough transform techniques for elliptical 

arcs and lines. The second stage involves the notion of weighted voting for generalized 

Hough techniques. The technique involves enclosing regions by ellipses corresponding to 

the hair-line arcs previously obtained. These elliptical regions are associated with mini-ac

cumulators. The counts in these mini-accumulators are incremented by the chin-line arcs 

and face-side lines falling in the corresponding elliptical region interior. This is subject to 

the constraint that every arc or line must contribute only to the elliptical region it intersects 

most. Consequently, potential head outlines can be extracted by tabulating the votes for 

each elliptical region and selecting only those with high counts. 

Chow and Li (1993) also used the Hough transform approach for extracting lines and 

circles corresponding to the center horizontal edge of the mouth and iris of the eye. Stan

dard linear and circular Hough transform techniques are employed with modifications in

corporating the edge image gradient to limit the number of parameter cells to increment. 

Their approach is coupled with a deformable template model (see Section 2.2.6) to handle 

the boundaries of the mouth and eye features. 

Li and Roeder (1994) used an adaptive Hough transform technique for extracting lines 

and parabolic segments corresponding to edges for the face sides and the chin. Their adap

tive Hough transform approach is an iterative procedure that refines the search area in the 

parameter space until the target precision is achieved. Use of the adaptive Hough trans

form is aimed at reducing computational and storage requirements, and is based on the 

work of Illingworth and Kittler (1987). 
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Legend: 

e - tilt angle 

(x,y) - coordinates of mouth center 

b - parabolci/mouth width 

a, - upper parabola height 

a2 - middle parabola height 

a3 - lower parabola height 

Figure 2.6: Parameterized closed-mouth deformable template. 

The Hough transform is essentially an efficient generalized template match and is ex

tremely robust even in the presence of noise. However, a template match must still match 

the template at all possible locations, orientations, and scales of an object. Consequently, 

as the number of parameters increase, the computational demand of the Hough transform 

increases exponentially. This implies the generalized Hough transform is only practical for 

extracting shapes with few parameters or shapes within extremely limited search spaces. 

2.2.6 Deformable Templates 

Deformable templates use a dynamic model whose shape varies and evolves over time to 

localize specific image properties. A priori knowledge of the objects to be extracted are 

embedded within the template and usually consist of an arrangement of parameterized 

geometric primitives subject to certain topological constraints. Altering template parame

ters can result in changes in size, orientation, and feature proportions for objects being 

sought. Consequently, a family of templates with similar shape can be compactly repre

sented by one deformable template. Determining the optimal set of parameters to be used 

is accomplished through numerical approximation. The function to be optimized is an en

ergy function designed to measure how well a parameterized template corresponds to tar

get image properties. Correspondence is often measured in terms of image potentials such 

as edge, valley, peak, and intensity. Figure 2.6 illustrates a simple closed-mouth deform

able template consisting of parabolic segments for the upper, center, and lower edges of 

the mouth. 
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Yuille et al. (1988) first described the process for detecting eyes and lips using deform-

able templates. In their seminal work, the eye template is defined to consist of a circle cor

responding to the iris, two parabolic curves corresponding to the bounding contour of the 

eye, and two points coincident with the centers of the whites on either side of the iris. The 

energy function consists of five energy terms including edge, peak, valley, intensity, and 

shape terms. The optimization is performed over six epochs (or time intervals), varying 

weights for different energy terms depending on the current epoch. 

Two templates are used for the mouth, one for closed mouths, and one for open 

mouths. The closed-mouth template is defined with four parabolas: one for the lower lip, 

one for the intersection of the two lips, and two symmetrically placed on the top lip to ap

proximate the philtrum depression. The open-mouth template is similar, except with one 

additional parabola describing the parted lips (the upper and lower lips no longer share the 

same parabola where they previously intersected). The energy function for the closed-

mouth template consists of three energy terms including edge, valley, and shape terms. 

The open-mouth template consists of an additional intensity energy term aimed at posi

tioning the region between the interior parabolas of the template to the teeth. 

This scheme proved to be very flexible and reasonably effective, provided the template 

was positioned in the vicinity of the feature to be extracted. Nonetheless, two main prob

lems were identified. First, the coefficients of terms in the energy function were found 

through experimentation and were difficult to generalize. Second, the time required to find 

a match was quite high, often in the neighborhood of several minutes. 

Shackleton and Welsh (1991) used the same eye template as Yuille et al. to extract 

eyes from facial images. However, in their approach, a whites-enhanced energy term is 

added to deal with the lack of gray-scale contrast between the white of the eye and the skin 

beneath the eye. The shape energy terms and minimization epochs are also slightly modi

fied. Shackleton and Welsh reported that 53 out of 60 eye images were fitted to some de

gree, and 41 were very good to moderate fits. Once the eye is located, eye parameter 

information is then used to geometrically normalize the eye image for purposes of princi

pal components analysis, which in turn is used to recognize individual eyes. Out of 24 test 

images, 16 were correctly identified, and 5 included correct identification within the best 5 
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matches. While promising, these results were expected to improve when placed in the con

text of a complete face recognition system where other facial features would lend support 

to recognition matching. Similar approaches to feature extraction are also adopted by oth

ers (Huang & Chen 1992; Chow & Li 1993). 

Craw and Tock (1992) also used the deformable template technique in their mug shot 

retrieval system. In their system, the head outline is extracted using a polygonal template 

based exclusively on edge information. The approximate location, scale, and orientation of 

the head is found by deforming the polygonal template at random. Statistical constraints 

are imposed on the range of allowable transformations to maintain reasonable head 

shapes. A further refinement is achieved by transforming individual vectors of the polygo

nal template under additional statistical constraints. Deformations between adjacent vec

tors are coordinated to ensure a head-like polygon is achieved. The procedure is rather 

complex and time consuming, but is capable of producing fairly reliable results given an 

unrestricted search area. On a random set of 50 images, the head position was correctly lo

cated in all images, with the outline completely detected in 43 cases. 

Xie et al. (1994) improved upon the previous methods for eye feature extraction in 

three main ways. First, the original eye template and the overall energy function to repre

sent the most salient features of the eye was modified. Two of the original parameters were 

not used as they were found to be insensitive to the change of eye parameters. Also, extra 

energy terms were added to capture the eye corners and eyelid contours, which made the 

energy function more sensitive to changes in the parameters. Secondly, the process of 

weight selection for the energy terms was simplified by normalizing the value of each en

ergy term to the interval [0, 1] and assigning only two different weights. Consequently, 

the weighting schedule did not require any expert knowledge from the user. Thirdly, all 

parameters of the template were changed simultaneously during the minimization process, 

instead of sequentially. This prevented some parameters from being changed too much, 

and helped the algorithm converge to a global minimum. As a result of these modifica

tions, Xie et al. were able to report greatly reduced feature extraction times in the neigh

borhood of eight to twenty seconds. 
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De Silva et al. (1995) employed a variation on deformable templates for face detection 

and feature location. They use a variant of the previously described integral projection 

technique to locate the eye plane by searching from the top of the image downwards. Once 

the eye plane is found, the template matching portion of the algorithm is activated. The 

template consists of three template components: one for each eye and one for the mouth or 

nose. Each template component is composed of an inner rectangle and an outer rectangle. 

The cost function involves maximizing the number of edges in the inner rectangles and 

minimizing the number of edges in the outer rectangles, in an effort to localize areas with 

higher frequency information. The dimensions of the inner and outer rectangles, and the 

distances between template components, are varied during the search process in an at

tempt to find the template with lowest cost. Once the lowest cost template is found, the eye 

rectangles are fixed, and the mouth or nose rectangle is varied to find the second lowest 

cost template. The lowest rectangle in the two templates identifies the mouth, and the 

highest rectangle below the eye rectangles identifies the nose. Initial values and search 

boundaries for the template were obtained by examining 42 images in their facial data

base. The system was tested on a total of 90 faces split between left, right, and forward 

looking faces, with correct face detection rates of 82.2%. However, several simplifying as

sumptions were made. First, it was assumed that a uniform background was present and 

that hair did not cover the forehead of subjects. This tremendously simplified the problem 

of initial eye location, upon which, the remainder of the algorithm was contingent. Sec

ond, it was assumed that there was no head rotation within the image plane. However, the 

template could handle turning of the subject less than ±30 degrees. Finally, a high degree 

of contrast between facial features and their surrounding areas was assumed to be present 

in order for edge detection to yield satisfactory results for subsequent edge counting. 

The primary attraction of deformable templates is in their flexibility and strong repre

sentational power. An object can be defined as a number of tightly coupled, highly struc

tured geometric primitives, controlled by a small number of parameters, rather than a 

series of loosely coupled coordinate points. In such a parameterized model, parameters 

have global rather than local effect, and so the model is considerably less susceptible to 

noise and gaps in the various image potentials. Furthermore, since there are only a handful 
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of parameters to manipulate as opposed to a set of individual coordinate points, the combi

natorial search space is significantly reduced. All of this makes deformable templates a 

very practical and effective approach to feature extraction. However, as features become 

progressively more complex, arriving at suitable internal energy (or shape) terms that em

body a priori knowledge of the feature becomes increasingly difficult. 

2.2.7 Active Contour Models 

Active contour models provide a unified treatment of a number of visual problems, includ

ing detection of edges, lines, and subjective contours; motion tracking; and stereo match

ing. The development of active contour models results from the work of Kass et al. (1988). 

The active contour model, or snake, is a controlled continuity spline under the influence of 

image and external constraint forces. Like deformable templates, snakes use an active 

model whose shape varies and evolves over time, continuously minimizing its total energy, 

thereby exhibiting dynamic behavior. 

The energy function to be minimized is a weighted combination of internal and exter

nal forces. Internal forces serve to impose piecewise smoothness constraints, while exter

nal forces guide the snake towards salient image features that also satisfy higher-level 

image constraints. The snake is parametrically defined as v(s) = (x(s), y(s)), where x(s), 

and y(s) are the xy-coordinates along the contour and s e [0, 1]. The energy function to 

be minimized can be written as 

Knake = ^ snake{\{s))ds 

= [QE internal^)) + E imaged)) + Eclmstramt«S))ds ( 2 ' 7 ) 

where Einternal represents the internal energy of the spline due to bending, Eimage corre

sponds to the image forces, and Econstraint denotes the external constraint forces imposed 

by higher-level processes dependent on the application. 

Huang and Chen (1992) employed active contour models to extract the eyebrows, nos

trils, and face outlines from facial images. However, the algorithm was dependent on sev

eral simplifying assumptions. The background and hair of subjects was assumed to be 

black, thus greatly easing the location of the sides of the face. This allowed the location of 
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the eyebrows to be easily estimated, followed by the position of the eyes, nose, and mouth, 

based on low intensity information and the locations of previous features. Furthermore, 

variations in scale and orientation were not addressed. Once the approximate locations of 

facial features were found, deformable templates were used to localize the eyes and 

mouth, while active contour models were used to localize the irregularly shaped eyebrows, 

nostrils, and face outline. In their active contour model, the continuity force consists of a 

modified first derivative term. Previous implementations sought to minimize the distances 

between adjacent contour points, which resulted in higher continuity in discrete space, and 

hence a contraction of the contour. In the modified first derivative term, the difference be

tween the average distance between adjacent contour points, d, and the two contour points 

under consideration is minimized: \d - |v,-- v,- _ j 11. Since this provides fairly evenly 

spaced points, the second derivative term | v,-„ x — 2v; - vl + j | then gives a reasonable esti

mate of curvature. The image forces for the nostril and eyebrow contours are based solely 

on edge forces. However, the image forces for the face outline consists of edge forces in 

addition to an image force term that attempts to attract greater numbers of high intensity 

pixels and fewer low intensity pixels inside the active contour. 

The advantage of active contour models lies in their ability to accurately localize arbi

trary objects given appropriately defined internal and external constraint forces. However, 

it is difficult to embed into the model a priori knowledge about the object to be localized. 

Consequently, they do not solve the problem of finding contours of specific classes of ob

jects in images, but rather, they depend on other mechanisms, such as interaction with a 

user, or interaction with some higher-level image understanding process. This interaction 

must specify an approximate shape and starting position for the snake somewhere near the 

desired contour. If this can be ensured, then we have a means for extracting detailed con

tour information with low susceptibility to noise and gaps in the image potentials. 

2.3 Tracking Lower Facial Motion 

Two main approaches to facial motion tracking exist: feature-based approaches and opti

cal flow approaches. However, approaches based on optical flow computation are much 

more prevalent in practice. One possible reason for this is the requirement for feature cor-
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respondence between images in feature-based approaches. This can often prove difficult 

and is not necessary in optical flow computation. 

2.3.1 Feature-Based Approaches 

There are two steps in feature-based approaches to tracking facial motion: (i) prominent 

features in all images of a video sequence must be detected, such as edges, corners, or 

even higher-level features, and (ii) features must be matched between image frames to de

termine their motion (Huang 1987). An advantage of this approach is the significant re

duction in image data required prior to motion analysis, from hundreds of thousands of 

pixels to less than a few hundred features. A significant drawback is that motion between 

prominent image features will be missed because motion vectors are not obtained for all 

pixels in an image, as is the case with optical flow approaches. 

Williams (1990) adopted a method of tracking facial movement by placing adhesive 

retroreflective material on the face of subjects. Once indirect illumination was applied to 

the face of the subject, the problem then involved tracking bright feature spots in a dark 

field. A human operator was used to make the initial correspondence between each spot on 

the subject's face and the areas of the facial model that it controlled. This system was quite 

limited due to the required facial markings and operator intervention. The adhesive ret

roreflective spots behaved as artificial facial features that were located and tracked through 

time. However, it should be noted that this system was intended to be primarily a proof of 

concept rather than a general solution to the problem of facial motion tracking. 

Terzopoulos and Waters (1993) developed a method for tracking of linear facial fea

tures using active contour models. Contours of facial features were highlighted on the face 

of subjects using makeup. This later allowed contours to be more easily detected and 

tracked through time. Estimates were made of correspondences between highlighted linear 

facial features and a 3-D facial model. As with Williams, this system was also somewhat 

limited due to the necessity for facial markings. 
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2.3.2 Optical Flow Computation 

Optical flow can be defined as the vector field of apparent velocities associated with the in

tensity patterns on the image plane. Optical flow is usually determined by considering 

temporal changes in image brightness values. However, it is also possible to consider tem

poral changes in various other image properties such as contrast, entropy, and spatial de

rivatives (Aggarwal and Nandhakumar 1988). An important advantage of the optical flow 

approach is that dense motion vectors can be obtained for detailed motion analysis. A dis

advantage is the tendency for it to become quite computationally expensive. Furthermore, 

local estimates of optical flow tend to exhibit noise (Huang 1987). 

Mase and Pentland have used optical flow techniques to track facial action units for 

recognizing facial expressions and for lipreading (Mase 1991; Mase and Pentland 1991). 

Facial action units can briefly be described as minimal units of facial behavior used for 

measuring visible facial movement (additional information on FACS and facial action 

units appears in Section 2.4.1). 

Yacoob and Davis (1994a) have extended the work by Mase and Pentland through the 

use of optical flow computation and rules. They used standard optical flow to identify the 

directions of rigid and non-rigid motion that are caused by facial expressions. Based on 

Facial Action Coding System parameters (FACS), they defined a rule-based system for 

recognizing facial expression from sequences of optical flow frames calculated from the 

image frames. 

The results of the work by Mase and Pentland has also led Essa and Pentland towards 

a technique involving dynamic optimal estimation optical flow (Essa 1994; Essa et al. 

1994; Essa and Pentland 1994). The method involves observing temporal and spatial 

changes in facial expressions, followed by dynamic control techniques to estimate and 

correct the observed signal. Extended facial action units (FACS+) are extracted from opti

cal flow frame sequences to drive the physics-based skin and muscle model. Essa states 

this method is capable of very detailed analysis in both time and space, and can be used for 

interpretation and categorization of facial expression and detailed synthesis of facial mo

tion. 
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2.4 Analysis and Synthesis of Facial Motion 
The process of analyzing and synthesizing facial motion involves extracting appropriate 

motion information from an image sequence (analysis) and then using this information to 

drive what is typically a physically-based model of a human face (synthesis). Although 

synthesizing a physically-based model of a human face is not a requirement for analysis, it 

adds significantly to realism. This serves to ease the evaluation process which is typically 

performed by visual inspection. 

2.4.1 Extracting Muscle Parameters 

The Facial Action Coding System (FACS) developed by Ekman and Friesen (1978a, 

1978b) is a method of describing facial movement based on an anatomical analysis of fa

cial action. The primary goal in the development of FACS was to establish a comprehen

sive system that could differentiate visually distinguishable facial movements. 

Facial measurement with FACS are performed in terms of action units (AUs) instead 

of muscle units for two main reasons. First, for some facial movements, it is difficult to re

liably determine which specific muscles act to produce a particular movement. Hence, 

contributing muscles are grouped into one action unit. Second, for some facial muscles 

(frontalis), it is possible that different parts of the muscle can behave independently, pro

ducing different changes in appearance. Consequently, these muscles are split into differ

ent AUs (Ekman et al. 1993). 

Approaches to muscle parameter extraction involve manual specification of regions of 

the face (muscle windows) where optical flow is analyzed so that appropriate action units 

can be determined (Essa 1994; Essa et al. 1994; Essa and Pentland 1994). Averages of op

tical flow within individual regions can be taken to represent the region. This simplifies 

subsequent facial action unit extraction. Optical flow vectors in regions can then serve to 

indicate which action units have been activated, in addition to their intensity. 
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2.4.2 Viseme Parameters 

Phonemes are minimal categories of sound based purely on their ability to distinguish dif

ferent words in a given target language. Visemes, on the other hand, are minimal visually 

distinguishable categories of facial posture, restricted to areas of the lower face, that are 

encountered during articulation of speech. Examples of phonemes falling in the same 

viseme category are /b/, /m/, and /p/. Consequently, the words bat, mat, and pat are visual

ly indistinguishable from one another. 

Several attempts at viseme extraction from optical flow have been made (Petajan 1985; 

Finn and Montgomery 1988; Mase and Pentland 1991). However, viseme parameter ex

traction has been used almost exclusively for applications in lipreading or speech reading. 

This can easily be attributed to the fact that visemes cannot represent arbitrary mouth de

formation, but only a small set of mouth deformations associated with articulation of 

speech. Furthermore, viseme information is necessarily restricted to areas of the lower 

face. Nevertheless, if the objective is to analyze lower facial motion for purposes of lip-

reading, it may be desirable to extract viseme information parameterized by intensity from 

FACS parameters, thus filtering out any extraneous (or exaggerated) facial motion not at

tributable to normal articulation of speech. Consequently, FACS parameters could still 

serve as the underlying basis for motion analysis and synthesis, even in such specific ap

plications as lipreading or speech reading. 



Chapter 3 

Preprocessing 

This chapter is the first of several chapters that describe the feature and face detection re

search undertaken. Here we explain the various preprocessing procedures that serve as the 

foundation for subsequent candidate feature detection and pairing. The procedures de

scribed include a mechanism for progressive thresholding of input images, demarcation of 

connected regions as distinct components, low-level object analysis, and finally oriented 

bounding rectangle construction of connected components. These preprocessing stages are 

depicted in Figure 3.1. 

3.1 Progressive Thresholding 

Thresholding is a method for segmenting objects in images by selecting a threshold value 

that separates object pixels from background pixels. Pixels falling below this threshold can 

be considered object pixels. Selecting the threshold value is at the heart of the problem of 
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Figure 3.1: Overview of the stages of preprocessing. 
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(a) (b) 

Figure 3.2: Effects of thresholding at threshold T. (a) Mouth and nostrils visible and sepa
rate (T= 106). (b) Eyes and brows visible and separate <T= 82). 

thresholding. The difficulty is compounded by the fact that typical backgrounds of facial 

images are often non-uniform in nature. Coupled with the high degree of variance in other 

environmental conditions such as lighting, and scale, as well as skin tone, threshold selec

tion becomes an even more arduous task. Quite simply, not all facial features can be seg

mented through the selection of a single threshold as shown in Figure 3.2. 

Strategies that attempt to address this problem often involve the use of regional or 

adaptive thresholds. Chow and Kaneko (1972) lay down the foundation for this class of 

techniques. In such an approach, an image is divided into many overlapping regions of a 

predetermined size. In each region a threshold is determined by fitting a pair of Gaussian 

curves to a histogram that is assumed to be bimodal. Thresholds for regions with unimodal 

histograms are obtained by interpolation from regions with bimodal histograms. Finally, 

each pixel is then assigned a threshold by means of interpolation of threshold values on a 

pixel-by-pixel basis. 

One problem with this approach is the requirement for specifying the size of the over

lapping regions. This requires the approximate size of foreground objects (facial features) 

be known a piori in order for the algorithm to work at full potential. But this in turn im

plies a lack of scale independence. Confronted with such difficulties, the problem of 

threshold selection was avoided altogether. Instead, a technique that segments potential fa-
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cial features was developed, deferring more accurate facial feature identification to later 

stages involving more domain-specific knowledge. 

The technique is simple: segment objects in the image at a large number of threshold 

values, maintaining the sequential ordering of the segmented set of objects at each thresh

old. The selected threshold progresses through a range of available thresholds at some pre

defined increment value. If we assume 256 gray-levels, with black = 0, and white = 255, 

the sequence of thresholds spans a generous range of gray-levels at which all existing fa

cial features are evident and separate. The range and increment can easily be adjusted, 

with directly observable effects on processing time. As the threshold range and increment 

increase and decrease respectively, processing time increases linearly. With this mecha

nism, all objects in an image can be segmented even in such difficult environmental condi

tions mentioned previously. The output of this process is a sequence of images, each asso

ciated with a particular threshold, that are then analyzed for connected components. 

3.2 Connected Component Labeling 

Connected component labeling deals with the labeling of connected sets of pixels. The cri

teria for connectivity involves the notion of 4-, 8-, or m-connectivity (mixed connectivity) 

of pixels satisfying some criteria of similarity (e.g., having identical intensity, or being 

within a specified intensity interval). Two such pixels are 4-connected if they share a com

mon side, 8-connected if they share a common side or corner, and m-connected if they 

(i) share a common side, or (ii) share a common corner and do not share a common side. 

Two similar pixels are commonly defined to be adjacent if they are 8-connected. A path 

from pixel p with coordinates (x, y) to pixel q with coordinates (V, v') is a sequence of n 

distinct pixels with coordinates (x(, y{), 1 < i < n, where (x,, y,) = (x, y) and {xn, yn) -

(x',y'). Furthermore, (xj,yj) is adjacent to (xj+l, yj + 1), 1 <j<n- 1, and n is the 

length of the path. If p and q are pixels of an image subset S, then p is connected to q in S 

if there is a path from p to q consisting exclusively of pixels in S. For any pixel p in S, the 

set of pixels in S that are connected to p is called a connected component of S. Hence, any 

two pixels of a connected component are connected to each other, and distinct connected 
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(a) (b) 

Figure 3.3: Connected component labeling, (a) Thresholded image, (b) Connected compo
nents of thresholded image identified by different color values. 

components are disjoint (Gonzalez and Woods 1992). Figure 3.3 depicts a thresholded im

age, and the corresponding connected components identified by different color values. 

Once all connected components are labeled, bounding rectangles are constructed for 

each connected component for subsequent analysis. Note that connected component label

ing and bounding rectangle construction is performed on each thresholded image obtained 

in the progressive thresholding step. Assuming we have a monotonically increasing se

quence of threshold values, we let i and j denote the first and last elements of this se

quence, respectively. The result is a set of bounding rectangles for all connected compo

nents in each thresholded image as shown in Figure 3.4. The usefulness of these bounded 

connected component layers will become more evident in the sections pertaining to princi

ple component analysis, oriented bounding rectangle construction, and concentric region 

grouping. In our implementation, the labeling of connected components proceeds in a 

manner reminiscent to a non-recursive flood-fill algorithm. The image is scanned pixel by 

pixel from left to right and from top to bottom. For each pixel scanned, pixels adjacent to 

the pixel under consideration are pushed onto a stack structure for subsequent examina

tion. Examined pixels are associated with a connected component label which also serves 

to avoid repeated examination of the pixel. Adjacent pixels are popped from the stack as 

required, and unlabeled pixels adjacent to the newly popped pixel are pushed onto the 
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Figure 3.4: Data structure for bounded connected components at threshold T. 

stack for later examination This process continues until the stack is empty at which point a 

connected component has been located and labeled. At this point the next pixel in the im

age scanning process is examined. This procedure continues until all image pixels are 

scanned and associated with a connected component label. 

3.3 Low-Level Object Analysis 

Low-level object analysis involves obtaining discriminating object metrics. These metrics 

form the foundations for developing suitable constraints and object filters that later aid in 

identifying whether given objects are potential facial features. Elementary statistical met

rics are described, followed by principal components analysis. 

3.3.1 Elementary Statistical Metrics 

For each object or connected component, a set of metrics are obtained. These metrics help 

identify candidate facial features in subsequent processing stages. One of the problems in 

obtaining descriptive feature vectors is the choice of sufficiently discriminating metrics. 

The feature vectors used were obtained primarily through experimentation and domain-

specific knowledge that might indicate what feature metrics would be useful. Higher-level 

non-statistical metrics are discussed in those sections pertaining to feature and feature pair 
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costing in Chapter 4. The statistical metrics for each object calculated include the mini

mum gray-level, maximum gray-level, mean gray-level, standard deviation of gray-levels, 

and the centroid of the object. The centroid is actually obtained from the bi-level thresh-

olded image to obtain an estimate of the center of the object, rather than the gray-level 

weighted center of the object. The centroid (x, y) is commonly given by 

Area(R)J J 

y•• A ^ b o / / * * * " (3-2) 
v ' R 

where R defines the domain of the object or connected component in the xy-plane, and the 

density function b(x, y) is of constant unit value. 

3.3.2 Principal Components Analysis 

The principal component transform is based on the statistical properties of vector repre

sentations of data.1 Applied to image processing, the idea is to obtain the uncorrected sta

tistical properties of a population. This yields unique and descriptive information given the 

dimensionality of the data. One possible use, pertinent to this research, involves extracting 

the principal axes (eigenvectors) or first and second principal components of a binary im

age object. This effectively aligns the object with its principal axes thus providing a reli

able means for accounting for the effects of rotation in the image analysis process 

(Gonzalez and Woods 1992). 

To obtain the principal axes of a binary object, the object is regarded as a two-dimen-

sional population. Each pixel is treated as a two-dimensional vector x = (a, b) where a 

and b are the coordinate values of that pixel with respect to the standard coordinate axes. 

These M pixel vectors are used to compute the mean vector (or centroid) mx , and the co-

variance matrix Cx of the population (or object) and are given by the equations 

The principal component transform is also commonly referred to as the Hotelling, discrete Karhunen-
Loeve, or eigenvector transform. 
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m* = M 2- ** (3'3) 

k= 1 

M 

Cx = ^ X X * X [ m x m x (3-4) 
k= 1 

Because Cx is real and symmetric, finding two orthonormal eigenvectors is always 

possible. Let e[, e2 , X{, and X2 be the eigenvectors and corresponding eigenvalues of 

Cx . Let A be a matrix whose rows are formed from the eigenvectors of Cx such that the 

first row of A is the eigenvector corresponding to the largest eigenvalue, and the second 

row is the eigenvector corresponding to the smallest eigenvalue. A is then the transforma

tion matrix that maps each x into a corresponding y by 

y = A ( x - m x ) (3.5) 

Equation (3.5) is called the principal component transform (Gonzalez and Woods 1992). 

The mean of the y vectors resulting from this transformation is zero, that is, my = 0. The 

net effect is to establish a new coordinate system whose origin is at the centroid of the 

population (object) and whose axes are given by the eigenvectors e] and e2 of the covari-

ance matrix Cx . 

A similar result to the principal component transform can be achieved by simply per

forming a least squares fit of the connected component labeled data to a straight line. This 

is the method that was implemented, and gives the line collinear with the eigenvector of 

the covariance matrix Cx corresponding to the primary axis. The secondary axis is then 

obtained by taking the line perpendicular to the primary axis passing through the previous

ly computed centroid. Using the connected component labeled data allows us to utilize 

only those pixels in the bounded rectangular region belonging to the object. 

3.4 Oriented Bounding Rectangle Construction 

Obtaining an oriented bounding rectangle is required for subsequent processing that takes 

into account aspect ratio and orientation information for candidate facial features. There-

The eigenvectors and eigenvalues of an n x n matrix, C , satisfy the relation C e , = X,e.-, 1 < i < n . 
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fore, once the primary and secondary axes for the object have been determined, an orient

ed bounding rectangular region is constructed. The process involves obtaining the vertical 

and horizontal extents of the oriented bounding rectangle which then allows the vertices of 

the rectangle to be calculated. 

Determining the vertical extents of the oriented bounding rectangle requires informa

tion indicating which side of the primary axis each examined point lies. To avoid these 

comparison tests, a new line parallel to the primary axis that passes through one of the 

lower corners of the original unoriented bounding rectangle is constructed. If the slope of 

the principal axis is greater than zero then the new parallel line must pass through the low

er right corner of the original rectangle. Otherwise the line must pass through the lower 

left corner. The procedure is illustrated in Figure 3.5(a) and (b). The squared distance of 

each object boundary pixel to the new parallel line is taken, while keeping track of the two 

coordinate points that give the minimum and maximum squared distances to the line. This 

is achieved by the square of the point-to-line distance equation 

d = ^L±£l±C ( 36 ) 

JAT7B72 

where A, B, and C are the coefficients of the general equation of the parallel line, and 

(x,y) define the coordinates of the point. These minimum and maximum points give the 

vertical extents of the object in the rotated coordinate system. 

The procedure for determining the horizontal extents of the oriented bounding rectan

gle is very similar. A new line perpendicular to the primary axis (or parallel to the second

ary axis) is constructed that passes through one of the left corners of the original 

unoriented bounding rectangle. If the slope of the secondary axis is less than zero then the 

new line must pass through the lower left corner of the original rectangle. Otherwise the 

line must pass through the upper left corner of the rectangle. This procedure is illustrated 

in Figure 3.5(c) and (d). 

Once the vertical and horizontal extents of the bounding rectangle in rotated coordi

nates have been determined, lines of extent are constructed passing through the Pmin and 

Pmax vertical and horizontal extent coordinate points. These lines define the sides of the 
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PA PA 

(a) (b) 

(c) (d) 

Figure 3.5: Oriented bounding rectangle construction, (a)-(b) Determining vertical extents 
using primary axis (PA) slope, (c)-(d) Determining horizontal extents using secondary axis 
(SA) slope equal to the perpendicular of the primary axis slope. In (a) slope(PA) > 0, in 
(b) slope(PA) < 0, in (c) slope(SA) < 0, and in (d) slope(SA) > 0. 

oriented bounding rectangle parallel to the primary and secondary axes. The four vertices 

of the oriented bounding rectangle for the object are then obtained by intersecting every 

pair of perpendicular lines of extent using the equations 

C i — Cn 
x = A0 — Al 

y = A0x + C0 

(3.7) 

(3.8) 

where every pair of perpendicular lines are given by the equations A0x + B0y + C0 = 0 

and Axx + B{y + Cl = 0. The result is an oriented bounding rectangle around the object 

of interest with orientation given by the angle of the principal axis in the interval —, -



Chapter 4 

Candidate Feature Detection and Pairing 

This chapter describes the methods employed in detecting and pairing candidate facial 

features. The techniques are novel in nature, and rely predominantly on intrinsic facial fea

ture characteristics. Candidate facial features occurring in pairs are paired using bilateral 

symmetry information present in human faces. The stages described include preliminary 

object filtering, concentric region grouping, feature analysis, and feature pair analysis. An 

overview of the candidate feature detection and pairing process is illustrated in Figure 4.1. 

The following chapter presents the spring-based facial template, and depends heavily upon 

the results of the processes described here. 
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Figure 4.1: Overview of candidate feature detection and pairing. 
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4.1 Preliminary Object Filtering 

The large number of objects or connected components obtained for each thresholded im

age gives rise to the necessity for a preliminary filtering step. Two types of filters are ap

plied: a general filter and a facial feature-specific filter. The general filter entails removing 

those objects whose pixel value after thresholding is white, in addition to those objects 

that lie on the image border. The motivation for this is that facial features are typically 

darker than their surrounding area and hence become black after thresholding. Filtering of 

objects lying on the image border implies that actual facial features must be wholly con

tained within the image. 

For facial feature-specific filters, the set of objects are passed through a series of filters 

depending on the type of facial feature sought, i.e., mouth, nostril, eye, or brow. For brevi

ty of exposition, we shall define the unoriented region for an object or connected compo

nent to be the smallest unoriented rectangular area bounding the given object or connected 

component. Table 4.1 describes the different feature-specific filters applied to each object. 

The filters are derived through a combination of experimentation and facial feature proper

ty analysis. The values under each facial feature indicate the value corresponding to the 

right hand side of the filter inequalities that will result in filtering of the unoriented region 

or object. Each filter is explained below. 

Table 4.1: Facial feature-specific filters. 

Filter 
R.H.S. Filter Values 

Filter 
Mouth Nostril Eye Brow 

aspect(R)a < min. rect. region A/Rb 0.5 0.25 0.5 0.5 

aspect(R) > max. rect. region A/R — 4.0 4.0 10.0 

aspect(0)c < min. object A/R 2.5 — 1.0 1.5 

areaiO) < min. object area 20 5 20 20 

area(R) > max. image area fraction 1/16 1/64 1/16 1/16 

abs(rotation(0)) < max. object rotation*1 
TC/3 — 71/3 7C/3 

a/? denotes the unoriented rectangular region for the object. 
b A / R denotes the aspect ratio. 
cO denotes the object proper. 
Rotat ion is measured in radians. 
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• The choice of minimum unoriented region aspect ratio for the mouth, eye, and brow 

facial features is a result of the allowance for object orientations aipproaching ±71/3 . 

The allowable minimum values in the table help ensure that regions with potential 

object orientations approaching these values are not filtered. The assumption here is 

that objects have regular facial feature shapes, which excludes the possibility for 

long, thin protruding areas that could excessively bias the filter. Conversely, the min

imum and maximum unoriented region aspect ratio for the nostril and all facial fea

tures, respectively, are based largely on experiment, adjusted generously to handle 

potentially extreme cases. 

• The minimum object aspect ratio is also derived primarily through experimentation. 

The mouth, however, has a slightly different unexpected interpretation. At this stage, 

the mouth is interpreted as the dark intensity core of the actual mouth where the lips 

meet. This interpretation results in considerably larger width:height aspect ratios 

than typical mouths. However, lighting considerations forces us to reduce this 

threshold for increased robustness. This mouth interpretation is supplanted with the 

expected form once orientation information is established. A simple vertical exten

sion along the secondary axis forces the mouth to an aspect ratio in keeping with an

thropometric facial proportions. 

• The maximum image area fraction attempts to provide an upper limit on the size of 

the facial feature based on a fraction of the image size. In the worst case, the subject 

is so close to the camera that the mouth, nostrils, eyes, and brows scarcely fit within 

the camera's field of view. In this worst case scenario, the appropriate maximum fea

ture areas are obtained. Similarly, the minimum feature areas are based on a minimal 

scale at which examination of facial feature characteristics becomes excessively dif

ficult due to the lack of both separation among features and discriminating gray-lev

el intensity information. 

• The rotation filter simply removes those objects with rotations greater than the max

imum allowable. The choice of these values is not completely arbitrary. In fact, it is 

quite sensible to constrain object rotation to reasonable values. The greater the range 
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of permissible object rotation, the greater the number of potential facial feature can

didates, and consequently, the more difficult candidate feature detection and pairing 

become, due to increased computational overhead. 

4.2 Concentric Region Grouping 

The concentric region grouping algorithm developed in this research is new. It involves re

organizing the layers of bounded connected components obtained in the progressive 

thresholding and connected component labeling steps. By concentric we mean a series of 

regions that are each fully contained within the immediately next larger or equal sized re

gion. The resulting concentric region groups serve to provide evidence for the existence 

of a possible facial features in given areas. In addition, concentric region grouping has the 

added benefit of reducing the amount of noise (or unlikely candidate facial regions) within 

the various threshold images. Finally, the reorganization facilitates considerably less intri

cate processing of the rectangular region or bounded connected component layers. 

The regions are reorganized into concentric region groups by traversing the layers and 

associating the regions across layers over the range of thresholds. It is expected that a re

gion corresponding to a facial feature in one part of a threshold image will occupy a simi

lar area with somewhat larger extent for a slightly higher threshold image. This is due to 

the inherent tendency for facial features to have low intensity gray-level cores that in

crease in intensity as one moves further away from the feature. This is seen in nostril caves 

and lip crevices, iris and eye indentation, and relatively dark brow hair. If the object has a 

gradual increase in intensity as one moves away from the object core, concentric regions 

slowly increasing in extent are obtained. Alternatively, in the case of larger contrast chang

es between lower intensity object cores and their immediate surroundings, virtually identi

cal concentric regions over a range of thresholds are obtained. 

Adopting a parent-child metaphor for concentric regions allows for a simplified expla

nation of the concentric region grouping process. A parent of a child region is a region in 

the immediately next higher threshold image that fully encapsulates its child in addition to 

satisfying certain other constraints. This parent can then become a child of a region in the 

Non-strict containment is implied throughout. 
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To obtain the list of concentric region lists: 

clear mark for all regions in all region lists 
for each regionhisti (excluding the last region list) in the list of region lists do 

for each regionstan in regionListj do 
if regionstart is not marked then (1) 

set regioncurr <- regionstart 

set done <— false 
for each regionListj (i <j) in the list of region lists and while not done do 

set BPR <— get best parent region for regioncurr in regionListj 
if BPR is not a valid region then (2) 

set done <— true 
else 

if regioncurr is equal to regionstart then 
set concentricList <— new empty list 
add regioncurr to concentricList 
add concentricList to the list of concentric region lists 

set mark for BPR 
add BPR to concentricList 
set regioncurr <— BPR 

Figure 4.2: Concentric region grouping algorithm. 

next higher threshold image that fully encapsulates it and also satisfies the required con

straints. The parent-child relationship continues until a parent region in the next higher 

threshold image does not exist for the current child region, or all region lists correspond

ing to each thresholded image are exhausted. Figure 4.2 outlines the algorithm for the con

centric region grouping process with two items highlighted. First, marked regions are not 

allowed to initiate the building of a new concentric region list since they will have already 

been added to a previous concentric region list. This prevents the construction of duplicate 

concentric region sublists. Second, if a valid parent region is not found, the concentric re

gion list is terminated, since each region list must have a best parent for the child region in 

the previous region list. The implication here is that a concentric region list must contain 

at least two regions. 

Obtaining the set of concentric regions for a given object requires examination of the 

parent-child relationship between regions in successively higher threshold images. As pre-
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viously mentioned, this relationship is implemented as a series of constraints applied to a 

set of candidate parent regions. The candidate that satisfies all constraints and has the 

smallest difference in region area to the child region is chosen as the parent region. The set 

of constraints that must be satisfied are dependent on the type of facial feature sought, and 

are defined in Table 4.2. The constraints are derived through experimentation and property 

analysis of facial features. The values under each facial feature correspond to the value on 

the right hand side of the corresponding constraint inequality that will result in the candi

date parent region or object satisfying the constraint. When all constraints for a given fa

cial feature are satisfied, a candidate parent region is deemed an actual parent. The various 

parent-child relationship constraints are described as follows: 

• The width and height constraints attempt to keep parent regions within a certain per

centage of the child region width and height depending on the facial feature sought. 

• Rotational constraints attempt to limit the amount of rotation between child and can

didate parent regions. A high degree of rotational disparity often indicates the child 

and candidate parent regions are not sufficiently similar to warrant such a child-par

ent designation. In particular, less rotational latitude is given to the mouth region as 

it is typically quite prominently demarcated as a long narrow slit in comparison to 

Table 4.2: Parent-child relationship constraints for concentric region grouping. 

Constraint 
R.H.S. Constraint Values 

Constraint 
Mouth Nostril Eye Brow 

width(Sp)
A < max. width 2.0*width(Scj° l.5*width(Sc) l.5*width{Sc) \.5*width{Sc) 

height(Sp) < max. height 2.0* height(Sc) \.5*height{Sc) \.5*height(Si) l.5*height(Sc) 

abs(rotation(Sp)) < 
max. rotation0 5.0 — 10.0 10.0 

dist(centroid(Sp), 
centroid(Sc))

d < 
max. distance 

height(Sc)/2.Q 
+ 1.0 

max( 
width(Sc)/4.0, 
height(Sc)/4.0, 
sqrt(2.0)) 

max( 
width(Sc), 
height(S c))/2.0 

max( 
width(Sc), 
height(S c))/2.0 

aSp denotes the oriented bounding candidate parent region for the object. 
bSc denotes the oriented bounding child region for the object. 
cRotation is measured in degrees. 
ddist(... , ...) denotes the cartesian distance between the two arguments. 
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the eye and brow regions. Nostril regions, on the other hand, are far too variable in 

practice to make use of rotational constraints. 

• The centroid distance constraint attempts to limit the amount of travel of the cen-

troid between child and candidate parent regions. The amount of travel is relative, 

and dependent on the type of facial feature sought. For all facial features, a fraction 

of the smallest region extent is used to limit the amount of centroid travel between 

child and candidate parent regions. The nostril region also includes an allowable 

minimum travel of Jl corresponding to the maximum distance between two neigh

boring (8-connected) pixels, in the event the child and candidate parent regions are 

extremely small. This ensures allowable travel of at least one pixel in any of eight 

available directions. 

A set of images that depict the concentric region groups obtained for candidate mouth, 

nostril, eye, and brow detection appear in Figure 4.3. Concentric regions in a given group 

always have the same color. In certain cases concentric regions overlap and thus are some

times difficult to see. However, the results of concentric region grouping can still clearly 

be seen in the larger regions surrounding the chin, mouth, eyes, and brows. 

4.3 Feature Analysis 

Facial feature analysis involves detailed examination of higher-level object properties 

based on lower-level information obtained in previous stages. The process involves select

ing the best representative region in each concentric region group. The resulting candidate 

regions are then costed and ranked according to likelihood. 

4.3.1 Obtaining Candidate Facial Features 

Given a set of concentric region groups, the objective is to select a region to act as the rep

resentative candidate region for each region group. Recall that each region group identifies 

a set of connected components in a range of thresholds in the original image. Consequent

ly, selecting a representative region for each group is akin to choosing the best threshold 

on a per object basis, based only on the facial feature properties desired. A number of con-



Section 4.3: Feature Analysis 48 

(c) (d) 

Figure 4.3: Concentric region groups for various facial features. Candidate concentric re
gion groups for (a) mouth, (b) nostrils, (c) eyes, and (d) brows. 

straints are employed to strengthen the likelihood that the best concentric region in each 

region group is selected. The various constraints are outlined in Table 4.3. The values un

der each facial feature indicate whether the corresponding constraint is applied to that par

ticular object in the search for the best concentric region. The constraints are derived 

through experimentation and facial feature property analysis. They are described as fol

lows: 
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• An area-based constraint is employed for candidate mouth regions. A region is 

deemed a candidate mouth region if the absolute difference between the object area 

and the mean object area for all concentric regions in the group is the smallest. 

• The same area-based constraint for mouth regions is employed for candidate nostril 

regions, except the oriented bounding region area is used rather than the object area. 

This slight modification has the effect of favoring slightly larger nostril regions. 

• The object area constraint for mouth regions is also employed for candidate eye re

gions, in addition to an aspect ratio constraint. This latter constraint ensures that the 

absolute difference in aspect ratio between the object corresponding to the candidate 

eye region and the anthropometrically-based value 2.5 is smallest. Anthropometric 

data suggests a slightly larger aspect ratio in the neighborhood of 3.0 as the mean for 

typical eyes (Farkas et al. 1987). However, bright ambient light, coupled with the 

characteristic lack of low intensity information at the inner corner of the eyes, often 

make nearby edges slightly more difficult to detect using threshold-based tech

niques. The net effect is a slight reduction in the detectable width, and hence aspect 

ratio, for eyes in gray-level intensity images. 

Table 4.3: Selecting the best concentric region in concentric region groups. 

Constraint 
Application of Constraint 

Constraint 
Mouth Nostril Eye Brow 

diff(area{Ohf, areamem(Oall)
b)c < diff{area(p cf, 

areamean(OaII)) 
yes no yes no 

diff{area(Rhf, areamem{Rallf) < diff(area{Rcf, area^JR^) no yes no no 

diff[aspect(Rh), 2.5) < diff{aspect(Rt), 2.5) no no yes no 

width(Rb) - 2*height(Rh) > width(Rc) - 2*height(Rc) no no no yes 
aOh denotes the object corresponding to the best concentric region. 
aream(,a„(Oa,/) denotes the mean area for the objects corresponding to all concentric regions. 

cdiff[... , ...) denotes the absolute difference of the two arguments. 
Oc denotes the object corresponding to the current concentric region. 

sRh denotes the best oriented concentric region. 
c t 

areamelm(Rau) denotes the mean area for all oriented concentric regions. 
SRC denotes the current oriented concentric region. 
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• An object width and height-based constraint is employed for candidate brow re

gions. A region is deemed a candidate brow region if it has the maximum width less 

twice its height for all regions in a concentric group. This provides a resonable 

trade-off between maximizing the region width while minimizing the region height. 

Double weight is attached to the region height as thinner regions are more desirable. 

4.3.2 Feature Costing 

Ranking candidate facial features according to likelihood requires some measure of the fit

ness of the feature in question. Once all candidate features have been costed, ranking be

comes a simple task of organizing the costed candidates from lowest to highest cost. 

However, the task of costing a candidate feature is somewhat more complex. A separate 

costing function has been derived for each feature class. When a candidate feature closely 

approximates the facial feature for which it is a candidate, a low cost must be assigned. 

Feature cost functions are obtained by identifying distinguishing facial feature characteris

tics and incorporating them into the cost function for the corresponding facial feature. The 

cost functions derived for the mouth, nostril, eye, and brow features appear in equations 

(4.1) to (4.4). The cost term weighting factors are derived empirically and are summarized 

in Table 4.4. 

costmouth = 10 • max. edge distance + 5 • avg. edge distance 

+ 5 • object aspect distance - concentricity (4.1) 

costnoslril = 10 • max. edge distance + 10 • avg. edge distance 

+ 10 • object aspect distance + mean object gray 

- 2 • concentricity (4.2) 

costeye = 10 • max. edge distance + 5 • avg. edge distance 

+ 20 • object aspect distance + mean object gray 

- 5 • concentricity ,* ^ 
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Table 4.4: Summary of weighting factors for region cost terms. 

Region Cost Term 
Weighting Factor 

Region Cost Term 
Mouth Nostril Eye Brow 

max. edge distance 10.0 10.0 10.0 10.0 

avg. edge distance 5.0 10.0 5.0 20.0 

object aspect distance 5.0 10.0 20.0 50.0 

mean object gray 0.0 1.0 1.0 1.0 

object-region area ratio distance 0.0 0.0 0.0 100.0 

concentricity 1.0 2.0 5.0 1.0 

Table 4.5: Primary region cost term definitions. 

Primary Region Cost Term Definition 

max. edge distance (abs(max. edges - edgesmaxiRf) + 1.0) 

avg. edge distance (abs(avg. edges - edgesavJR)) + 1.0) 

object aspect distance {abs{best aspect - aspect(R)) + 1.0) 

mean object gray mean gray-level for the object 

object-region area ratio distance (2.0 - area(0)b 1 area(R)f - 1.0 

concentricity number of regions in concentric region group for the region 
aR denotes the oriented bounding rectangular region for the object. 
"O denotes the object proper. 

Table 4.6: Secondary region cost term definitions. 

Secondary Region 
Cost Term 

Definition Secondary Region 
Cost Term Mouth Nostril Eye Brow 

max. edges 3.0 2.0 4.0 2.0 

avg. edges 2.0 2.0 3.0 2.0 

best aspect 5.0 1.5 2.5 4.0 
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costbrow = 10 • max. edge distance + 20 • avg. edge distance 

+ 50 • object aspect distance + mean object gray 

+ 100 • object-region area ratio distance - concentricity (4.4) 

Several cost terms are employed in each of the preceding cost functions. Table 4.5 de

fines the primary region cost terms that appear in each cost function. Secondary cost terms 

referred to in the preceding table are defined separately for each facial feature in Table 4.6. 

The primary region cost terms are described below. 

• The maximum and average edge distance cost terms involve edge counting in a bi-

level edge image representation for the region of interest. A vertical scan, oriented 

parallel to the secondary axis of the oriented region, is performed repeatedly on the 

bi-level edge image representation. The vertical scan is swept across the oriented re

gion along its primary axis. An average number of edges encountered is computed, 

in addition to the maximum number of edges obtained for a vertical scan. However, 

in order to increase the effectiveness of this metric for mouth and nostril features, 

the scanned region is first extended slightly both vertically and horizontally, along 

the primary and secondary axes. This has the effect of including some of the charac

teristic lack of high frequency information in the area immediately surrounding 

these features. By slightly extending the region along the primary and secondary ax

es, the scan is more likely to overstate the average and maximum number of edges 

encountered when the oriented region does not actually bound a facial feature. 

• The object-region area ratio cost term is employed solely for brow detection. This 

term takes the ratio of the object area and its oriented bounding rectangle. The term 

is employed only for candidate brow objects since these are the only objects that 

consistently have object-region area ratios approaching unity. This is due to the ten

dency for typical brows to occupy most of the area in their oriented bounding rectan

gular region. The various other facial features are far too variable in their object-

region area ratio for such a metric to be used effectively. 



Section 4.3: Feature Analysis 53 

(c) 

• 

(d) 

Figure 4.4: Effect of facial feature-specific filters/constraints and costing functions. Ap
plication of filters/constraints and costing for (a) mouth with rank 2, (b) nostrils with left/ 
right rank 43/19, (c) eyes with left/right rank 3/2, and (d) brows with left/right rank 2/5. 

• Other self-explanatory cost terms employed include object aspect ratio, mean object 

gray-level, and concentricity (as defined previously). 

Figure 4.4 depicts the results of applying feature filters and constraints, analysis, and 

costing, for obtaining ranked candidate mouth, nostril, eye, and brow regions. The features 

are colored according to rank, where red (warm) indicates high rank and blue/magenta 

(cool) indicates low rank. A representative quantization of the continuum of color temper

atures employed from warmest to coolest is given by red, orange, yellow, green, cyan, 
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blue, and magenta. This corresponds to a counter-clockwise traversal of the standard color 

hexagon in HSV color space. In addition to its color code, the numerical rank for a feature 

appears immediately to its right. The ranking legend in the top left corner of each image is 

provided for convenience in the event numerical rank labels are obstructed. 

4.4 Feature Pair Analysis 

Facial feature pair analysis takes into account the bilateral symmetry present in the human 

face. Analysis involves pairing candidate facial features into nostril, eye, and brow pairs. 

These candidate feature pairs are then costed ranked according to likelihood and used in 

the spring-based facial template described in Chapter 5. 

4.4.1 Candidate Feature Pairing 

Pairing of candidate facial features involves taking all possible pair combinations in each 

candidate nostril, eye, and brow list to arrive at corresponding pair lists. These candidate 

feature pairings are costed and ranked in a manner analogous to that of individual facial 

features. However, only a fraction of all feature pairings in each pairing class are deemed 

candidate feature pairs, as a number of constraints are employed to remove unlikely pair 

candidates. The various constraints are outlined in Table 4.7. The values under each fea

ture pairing group correspond to the value on the right hand side of the constraint equality 

or inequality that will result in pair formation satisfying the constraint. The constraints are 

derived through experimentation and feature pair property analysis. 

• The first set of constraints limits the relative position of the candidate regions, and 

the amount of intersection. Relative positioning constraints require the candidate left 

region lie to the left of the candidate right region. This is achieved by comparing the 

^-coordinates of the corresponding object centroids. Furthermore, the candidate re

gions must not intersect, nor may they intersect in their x-coordinates only. The lat

ter constraint does not apply to nostrils as there is too great a variability in nostril 

shape, coupled with the fact that nostrils are in such close proximity. 
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Table 4.7: Pairing constraints for candidate feature pairs. 

Pairing Constraint 
R.H.S. Pairing Constraint Values 

Pairing Constraint 
Nostrils Eyes Brows 

x-centroid(Oi)a < right object x-centroid x-centroid(Or) x-centroid(Or) x-centroid{Or) 

intersection{Rh Rr)
c - truth value false false false 

x-intersection(Rh Rr)
d - truth value — false false 

area(Oi) > min. area — area(Or) 12.0 area(Or) 1 3.0 

area(Oi) < max. area — 2.0*area(Or) 4.0*area{Or) 

area(R,) > min. area — area(Rr) 1 2.0 area(Rr) 13.0 

area{R,) < max. area — 2.0*area(Rr) 4.0*area(Rr) 

width(Ri) > min. width — width(Rr) 12.0 width(Rr) 12.0 

width(Rj) < max. width — 2.0*width(Rr) 2.0*width(Rr) 

height(R,) > min. height — height(Rr) 12.0 height(Rr) / 2.0 

height(Rt) < max. height — 2.0*height{Rr) 2.0*height(Rr) 

aspect(Rt) > min. aspect — aspect(Rr) 12.0 aspect(Rr) 12.0 

aspect(Ri) < max. aspect — 2.0*aspect(Rr) 2.0*aspect(Rr) 

abs(pair-rotation{R,, Rr))
e 

f < max. pair rotation 
TC/4 71/4 TC/4 

pair-rotation-angle(Ri)& 

< max. pair rotation angle 
— 7t/4 7C/3 

pair-rotation-angle{Rr) 

< max. pair rotation angle 
— TC/4 71/3 

pair-rotation-angle-diff{Rb Rr) 

< max. pair rotation angle diff. 
— 7C/8 TC/8 

inter-centroid-dist(Rb Rr) 

< max. inter-centroid dist. 

5.0*width(R,) 
or 

5.0*width(Rr) 

4.0*width(R,) 
or 

4.0*width(Rr) 

5.0*width(R,) 
or 

5.0*width(Rr) 
ax-centroid(...) denotes the x-coordinate of the object centroid. 
Of and Or denote the candidate left and right object, respectively. 

cRt and Rr denote the oriented bounding rectangular regions for the candidate left and right objects, 
respectively. 
x-intersection{... , ...) denotes whether the two region arguments intersect in the x-coordinate. 

epair-rotation(... , ...) denotes the orientation of the line connecting the object centroids of the two 
region arguments with respect to the standard coordinate system. 
Rotation is measured in radians. 

&pair-rotation-angle(...) denotes the angle between the primary axis of the oriented region argument 
and the pair rotation line described above. 
pair-rotation-angle-diff{...,...) denotes the absolute difference between the pair rotation angles for 

the two region arguments. 
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• The following set of constraints deals with limiting the comparative area, width, 

height, and aspect ratio of the candidate regions and corresponding objects. The in

tent is to enforce some degree of similarity between the candidate regions. The area 

constraint is the only constraint that operates on both the object and the bounding re

gion. This is due to the possibility of candidate regions possessing similar area, and 

the corresponding bounded objects possessing very different areas, and vice-versa. 

• The pair-rotation constraint limits the orientation of the line (or pair-rotation line) 

connecting the object centroids of the candidate region pairs with respect to the stan

dard coordinate system. Incidently, if the two regions are in fact a valid feature pair, 

then the pair-rotation also denotes the head orientation. However, this head orienta

tion is more accurate if obtained from the eye or brow pair-rotation, once again due 

to the highly variable size and shape of nostril regions. 

• The pair-rotation-angle constraints limit the angle between the primary axis of the 

oriented regions and the pair-rotation line for the two regions as defined above. The 

intent here is to limit the rotation of the individual regions with respect to their pair-

rotation line. This constraint is only applied to candidate eye and brow pairs. Eyes 

and brows are typically oriented relatively close to their corresponding pair-rotation 

lines. Nonetheless, a certain amount of latitude is required to offset environmental 

conditions that result in slightly less than ideal region configurations. 

• The pair-rotation-angle-difference constraint, serves to limit the absolute difference 

between the pair-rotation-angles. The intent is to ensure candidate region pairs make 

similar angles with the pair-rotation line. Eyes and brows are typically oriented sym

metrically about the pair-rotation line. However, as with the pair-rotation-angle con

straint, some latitude is provided to offset difficult environmental conditions. 

• The inter-centroid-distance constraint serves to limit the distance between the cen

troids of the two regions based on a multiplicative factor of the larger of the two re

gion widths. This ensures the regions are adequately spatially related with one 
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another. These factors may appear unusually high, but once again, this is to guaran

tee valid region pairs are not filtered due to difficult environmental conditions. 

At this point, in light of the above discussion, it should be evident that obtaining a 

manageable set of candidate nostril pairs is not a simple task. As previously alluded to, the 

problem stems from the lack of discriminating nostril characteristics. This is compounded 

by difficulties pertaining to images with non-uniform backgrounds. In short, far too many 

candidate nostril pairs are generated to make subsequent processing feasible. Consequent

ly, a slightly modified approach to nostril localization is employed. The process involves 

delaying detection and pairing of candidate nostril regions until such time as partial face 

contexts can be established. Once partial faces are established, only a very localized por

tion of the image needs to be examined for candidate nostrils. When candidate nostrils are 

detected and paired, partial faces can be re-costed so that nostril information is included. 

The process is described in more detail in Chapter 5. 

4.4.2 Feature Pair Costing 

As with candidate facial features, ranking feature pairs according to likelihood requires 

some measure of the cost of the pair. Again, a separate costing function is derived for each 

feature pair class. When a candidate pair closely approximates the feature pair for which it 

is a candidate, a low cost must be assigned. Feature pair cost functions are obtained by 

identifying distinguishing feature pair characteristics and incorporating these into the cost 

function for the feature pair. The cost functions derived for the nostril, eye, and brow pairs 

appear in equations (4.5) to (4.7). The cost term weighting factors are summarized in 

Table 4.8. 

costnostril_pair = 50 • inter-object distance + mean object-gray distance 

+ costnostril_left + costnostrii.rigflt (4.5) 

cost jr = 100 • inter-object distance + mean object-gray distance 

+ 2 • cos teye4eft + 2 • cos teye_right (4.6) 

2Partial face contexts are represented exclusively by mouth, eye, and brow information. I.e., nostrils are 
not represented, hence the term partial. 
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Table 4.8: Summary of weighting factors for region pair cost terms. 

Region Pair Cost Term 
Weighting Factor 

Region Pair Cost Term 
Nostrils Eyes Brows 

inter-object distance 50.0 100.0 100.0 

mean object-gray distance 1.0 1.0 1.0 

left region cost 1.0 2.0 1.0 

right region cost 1.0 2.0 1.0 

Table 4.9: Primary region pair cost term definitions. 

Primary Region Pair 
Cost Term 

Definition 

inter-object distance (abs(dist(centroid(0,), centroid(Or)) I avg. width - I.O.D. factor) + 1.0) 

mean object-gray distance (graymeaniOi) ~ 8raymean(°r) + 1-0)2 

Table 4.10: Secondary region pair cost term definitions. 

Secondary Region Pair 
Cost Term 

Definition Secondary Region Pair 
Cost Term Nostrils Eyes Brows 

I.O.D. factor 3.0 2.5 2.0 

avg. width 
(widthiO,) 

+ width(Or)) 1 2.0 

(width(0,) 

+ width{Or)) 1 2.0 

(width(Ot) 

+ width(Or)) 1 2.0 
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Figure 4.5: Application of eye pairing constraints and costing functions. 
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Figure 4.6: Application of brow pairing constraints and costing functions. 



Chapter 5 

Spring-Based Facial Template 

In this chapter we describe the process of locating a face using cost and rank information 

from candidate features and feature pairs generated from the procedures described in 

Chapter 4. The first section begins by describing how partial face contexts are established 

using three classes of constituent components: candidate mouth features, candidate eye 

pairs, and candidate brow pairs. Once partial face contexts are established, we proceed to 

describe how candidate nostrils and nostril pairs are located. This leads naturally to the 

construction of complete facial contexts. The second section describes the spring-based 

energy function developed to evaluate the fitness or cost of both partial and complete can

didate facial contexts. In the final section we perform a preliminary analysis of the spring-

based facial template and make comparisons to related works appearing in the literature. 

5.1 Establishing Facial Contexts 

A complete facial context is established in several steps. A partial face context is first gen

erated from a ranked lists of mouths, eye pairs, and brow pairs. These partial faces are 

evaluated and ranked according to the level of energy emitted (the idea being to minimize 

energy). The details of the energy functional are described in Section 5.2. The ranked par

tial faces then serve to constrain the search space in order to more easily locate candidate 

nostrils, and subsequently, candidate nostril pairs. Finally, with ranked lists of candidate 

nostril pairs available, complete facial contexts are constructed and ranked based on a 

62 
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modified energy functional that includes nostril information and relationships between 

nostrils and other facial features. 

5.1.1 Constructing Partial Face Contexts 

In order to establish candidate partial face contexts, we must organize candidate mouth 

features, eye pairs, and brow pairs into facial structures for costing and subsequent rank

ing. The number of candidate features and feature pairings will typically increase in pro

portion to increases in background complexity. Consequently, it is important that we do 

much better than simply generate all possible partial faces, as the total number of partial 

faces are given by 

# partial faces = # mouths x # eye pairs x # brow pairs (5.1) 

It is not unlikely to have as many as 10 candidate mouth features, and 20 candidate eye 

and brow pairs in images containing moderately complex backgrounds—even after appli

cation of the feature and feature pairing filters and constraints of Chapter 4. In this exam

ple, construction of 4000 partial faces would be required. Each of these partial faces 

requiring evaluation and cost assignment by a complex energy function. In more complex 

environments, the total number of partial faces could easily balloon to many tens of thou

sands. As a result, it is not feasible to consider all possible mouths, eye pairs, and brow 

pairs, due to computational overhead. This underscores the importance of costing and 

ranking of individual candidate features and feature pairs that was performed in Chapter 4. 

Costing and ranking of candidate features and feature pairs allows us to consider only 

the topmost ranked candidates. We may decide the number of topmost candidates based 

on typical levels of background complexity in images for which faces will be detected. For 

our test images, we use the top 10 mouths, and the top 15 eye and brow pairs. However, 

we find there is usually less than this number of candidates in any particular candidate fea

ture or pair list, as many have been removed through the filters and constraints described 

in Chapter 4. Consequently, it is common in our case to establish in the neighborhood of 

several hundred partial face contexts rather than the worst case scenario of 10*15*15 or 

2250 partial faces. Nonetheless, the worst case scenario can easily be achieved for images 
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Figure 5.1: Vertical extension to anthropometric mouth aspect ratio, (a) Before mouth as
pect extension, (b) After mouth aspect extension. 

with higher background complexity or with larger numbers of candidate features and fea

ture pairs due to other environmental conditions. 

One other point of concern regards what happens to individual features and pairs when 

partial faces are constructed. No additional processing is required for eye and brow pairs, 

and so they are left unmodified in established partial face contexts. Mouths, on the other 

hand, require a certain amount of vertical extension with respect to the feature's local co

ordinate system. Recall that detecting candidate mouths partly involves locating the low 

intensity band at the meeting of the lips. From this we can accurately determine the width 

of the mouth. However, the height of the mouth is unaccounted for. Rather than perform 

some complex analysis in the vicinity of the detected mouth that would serve to locate up

per and lower mouth extents more accurately, we opt for a simpler anthropometric-based 

solution to the problem. Facial proportions indirectly indicate that mean width to height 

aspect ratios for the mouth are approximately 3.0 (Farkas et al. 1987). Consequently, we 

simply extend the mouth region vertically allocating equal amounts of vertical extension 

above and below the existing region so that the vertically extended mouth achieves the re

quired aspect ratio. By above and below we mean with respect to the local coordinate sys

tem of the mouth region, i.e., along the secondary axis. We find this to be a good 

approximation for the vertical extents of the mouth. Figure 5.1 depicts a candidate mouth 

before and after vertical extension. 
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(a) (b) (c) 

Figure 5.2: Establishing nose contexts from partial faces, (a) Illustration of a nose context 
in a partial face. Solid black outlines represent those features constituting the partial face, 
(b) Nose context (given by the dashed rectangle) established from a partially detected 
face, (c) Nose context established from a partially detected face that is not orthogonal to 
the camera's line of sight. 

5.1.2 Nostril Detection and Pairing 

Once partial face contexts are established, the next step involves locating nostrils and pair

ing them. Nostrils are located by establishing a nose context based on the eye pair and 

mouth regions for a given partial face. The nose context rectangle is constructed to match 

the greatest horizontal extents of the combined eye and mouth rectangles. For correct par

tial face contexts this invariably corresponds to the width of the eye pair, as the mouth 

rectangle is contained within these horizontal extents. The vertical extents of the nose con

text rectangle are constructed to correspond to edges lying just below the eye pair and just 

above the vertically extended mouth. Further, the rectangle is oriented with respect to the 

average of the mouth and eye pair orientations in order to minimize the possibility of inac

curate nose contexts resulting from poor detection of either feature. Figure 5.2(b) illus

trates a typical nose context for a correct partial face with features and pairs colored and 

labeled according to rank. 

By setting the nose context width to the maximum of the eye pair and mouth horizon

tal extents, nostrils can also be detected in images that fail to have the original facial plane 
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Figure 5.3: Detection and pairing of candidate nostrils within an established nose context. 

of the subject orthogonal to the camera's line of sight. The more generous nose context 

width increases the likelihood of nostrils falling within the region in these cases. However, 

even when a face is turned away from the camera, all features of the face must still be 

clearly visible for detection to occur. Figure 5.8(c) illustrates this effect, and the corre

sponding nose context resulting from turning the head to the left and inclining upward 

with respect to the camera's line of sight. 

The nose context rectangle is the space in which candidate nostril detection and subse

quent pairing is constrained according to the procedure described in Chapter 4. The results 

of candidate nostril detection and pairing are shown in Figure 5.3. The top left-most image 

represents all candidate nostril regions found in the nose context rectangle. The remaining 

images represent the various candidate pairings. In all images candidates are colored an 

numbered according to rank. 

Once a candidate nostril pair is obtained, we would like to use this information to con

struct the region bounding the nose. The nose rectangle is initially constructed to be the 

smallest bounding rectangle that includes both the eye and nostril pair rectangles. Also, 

the nose rectangle inherits the orientation of the nostril pair that it encompasses. The upper 

edge of this rectangle is then re-positioned to lie at one half its current height, i.e., midway 

between the topmost point and bottom edge of the eye and nostril pair rectangles, respec

tively. The lower extent is obtained by extending the lower edge of the current nose rectan

gle by the nostril pair rectangle height, or to the midpoint of the distance between the 

nostril pair and mouth rectangles, whichever results in less extension. 
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(a) (b) 

Figure 5.4: Deriving a bounding rectangle for the nose from nostril pairing information. 
(a) Illustration of anthropometric measurements employed, (b) Application of anthropo
metric measurements for aiding in finding the bounding nose rectangle (dashed rectangle). 

In contrast, the horizontal extents of the nose are obtained from anthropometric facial 

proportions. The facial proportion employed for this purpose is the columella-nose width 

index given by 

columella width(sn-sn) xlOO 0 „ 0 . 
. —— — zi.o (5.2) 

nose width{al-a\) 

The columella is the section of skin and cartilage between the nostrils. The columella-

nose width index measures the ratio of the width of this cartilaginous area with the nose 

width. An approximation to the columella width can be found by taking the shortest dis

tance between the two nostrils in a given nostril pair. We then solve for the nose width 

term and resize the nose rectangle accordingly. Figure 5.4(a) illustrates the meaning of the 

various columella-nose width ratio metrics. The results obtained from application of these 

anthropometric facial proportions in combination with the process for determining vertical 

extents is illustrated in Figure 5.4(b). However, it should be noted that it is possible for 

horizontal nose extension to result in a nose width less than the nostril pair width. Specifi-

Farkas etal. (1987) provide mean anthropometric facial proportions for both male and female subjects. 
However, only male facial proportions are used in this research. In practice, this appears to make very little 
difference, as facial proportions between the sexes are very similar. 
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cally, this occurs when the columella width is less than 0.238 of the nostril pair width, i.e., 

when the distance between the detected nostril rectangles is less than approximately one 

quarter the width of the nostril pair rectangle. Such situations occur when (i) individuals 

have extremely narrow columella's and wide noses, and (ii) portions of the nostrils closest 

to each other are localized instead of complete nostrils. In these case, we simply set the 

nose width to the nostril pair width and increase the width of the nose rectangle by a few 

pixels in order to achieve adequate separation between the nostrils and the nose rectangle. 

5.1.3 Constructing Complete Facial Contexts 

The nostril detection and pairing process described in the previous section can be applied 

to any partial face context. However, in constructing complete faces, we cannot consider 

all nostril pairs in each partial face context, as the computational expense would be pro

hibitive. In fact, the total number of complete faces would be 

n 

V # nostril pairs, (5.3) 
i= 1 

where n represents the number of candidate partial faces, and the term inside the summa

tion indicates the total number of nostril pairs for one of these partial face contexts. Using 

the numbers established in Section 5.1.1, and assuming an average of 10 nostril pairs per 

partial face context yields 10*2250 or 22500 candidate faces! Clearly it is not feasible to 

consider all possible candidate nostril pairs for each partial face. Once again, this under

scores the importance of costing and ranking of partial face contexts and nostril pairs de

scribed in the preceding sections. Such costing and ranking allows us to consider only the 

topmost ranked nostril pairs and partial face contexts. For our test images, we use the top 

15 nostril pairs, and the top 20 partial faces. This results in a worst case scenario of 15*20 

or 300 candidate faces. We could in fact get away with considerably less than 20 partial 

faces, however, in order to ensure we have the best partial face context, particularly when 

many candidates are similar, we opt to err on the side of generosity. 

Still, using the top 20 of 2250 or 0.88% of candidate partial faces is very reasonable, as 

the energy terms employed in costing are such that partial faces usually describe the actual 
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face and its constituent features with a high degree of accuracy. Inclusion of nostril pair in

formation, with subsequent re-costing and ranking, serves to increase the already high 

likelihood that the correct face has actually been found. In addition, nostril pair informa

tion also serves to establish a best face in those cases where the top partial faces are very 

similar with only small variations in individual features or pairs. In practice, a correct par

tial face typically lies in the top few candidates, and differences among the top partials 

(c) (d) 

Figure 5.5: Examples of overall face detection, (a)-(b) normal, (c)-(d) scale reduction, 
(e) left rotation, (f) right rotation, (g) light angle at TU/4 radians, and (h) light angle at 7t/2 
radians. 



Section 5.1: Establishing Facial Contexts 70 

(e) (f) 

(g) (h) 

Figure 5.5: Examples of overall face detection, (a)-(b) normal, (c)-(d) scale reduction, 
(e) left rotation, (f) right rotation, (g) light angle at TU/4 radians, and (h) light angle at nil 
radians. (Cont.) 

usually only involves variations in eye and brow pairing. For example, more than one cor

rect brow pair may exist, however the better pair usually captures more of the actual brows. 

Figure 5.5 illustrates selected results of combined feature detection and pairing cou

pled with the spring-based facial template. The complete results of overall face detection 

are given in Chapter 6 and Appendix C. Each feature pair (including the mouth) is labeled 

and colored according to the rank achieved during candidate feature detection and pairing. 

The bounding rectangle for the nose is labeled and colored according to the rank obtained 
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for the nostril pair. For reference purposes, the nostrils maintain their individual rank col

ors assigned during nostril detection and pairing in the nose context rectangle of the corre

sponding partial face. The bounding face rectangle is also colored and labeled according 

to rank which represents the overall rank of the complete face. In all images, red repre

sents high rank (warm) and blue/magenta represents low rank (cool). 

5.2 Face Template Energy Function 

The face template energy function developed in this research assigns an energy value to a 

candidate face based on the sum of several constituent energy terms. These terms include 

spatial, anthropometric, rotational, and constituent feature and feature pair energies. These 

energy terms involve a set of inter-connected logical springs that seek to attain an energy 

state closest to equilibrium. The spatial energy term measures the energy of inter-feature 

spatial relationships relative to statistical inter-feature spatial relationship data. The an

thropometric energy term measures the energy of comparative feature proportions taken 

from medical data relative to their means and standard deviations. The rotational energy 

term measures the rotational difference between all features and feature pairs. The last 

group of energy terms measure the energy of the individual features and feature pairs, i.e., 

they are the feature and pair costs obtained in Chapter 4. The complete face template ener

gy function is given by 

EfaCe = Es + WEa + WEr + 5Em + l-Enp +
 l-Eep +

 l-Ebp (5.4) 

where Es is the spatial energy, Ea is the anthropometric energy, Er is the rotational energy, 

Em is the mouth energy, Enp is the nostril pair energy, Eep is the eye pair energy, and Eb is 

the brow pair energy. The first three energy terms are described in detail in the sections 

that follow. The last four energy terms have already been discussed in Chapter 4 and the 

first part of Chapter 5. The energy term weighting factors in (5.4) were obtained from 

analysis of individual energy term contributions and through experimentation. For refer

ence and comparison purposes, Table 5.1 provides typical energy term contributions be

fore weighting. 
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5.2.1 Spatial Energy 

Spatial energy measures the energy of inter-feature spatial relationships relative to statisti

cal data. In the first section we outline the process for acquiring the mean and standard de

viation of the spatial data which is central to our formulation of spatial energy. The 

following section then describes the spatial energy in terms of these statistics. 

5.2.1.1 Acquisition of Statistical Spatial Data 

The feature coordinates we have selected as the basis of inter-feature distance ratios in

clude the centroids of the mouth, left and right nostril, left and right eye, and left and right 

brow. All possible inter-feature distances are calculated giving 

(k\ k\ k(k-l) , - - . 
m = UJ = 2ioT2)i = — T " (5'5) 

feature distances, where k = 7 is the number of feature coordinates selected, yielding a to

tal of m - 21 inter-feature distances. These feature distances are illustrated in Figure 5.6 

along with the feature coordinates selected. In the interests of generality, we shall use the 

preceding variable designations k and m in what follows to show that the matrices pertain

ing to the acquisition of statistical spatial data, and ultimately the spatial energy deriva

tion, are easily extended to facilitate a different number of feature coordinates. The 

individual feature coordinates are given by xls ..., xk (see Figure 5.6) and the inter-feature 

distance vector is given by 

Table 5.1: Typical face template energy term contributions before weighting. 

Face Template Energy Term 
Typical Energy 
Contribution 

spatial energy 1000 

anthropometric energy 20 

rotational energy 20 

mouth energy 50 

nostril pair energy 500 

eye pair energy 500 

brow pair energy 1200 
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Figure 5.6: Inter-feature distances used in calculating spatial energy. 

I d,2, ..., dlk, d23, ..., d2k, ..., d \k> "23> ••••> u2k-> • • • ' " ( * - 2 ) ( j f c - l ) > • • • ' " ( * - 2 ) * > u(k-l)k ,...,d( ) (5.6) 

where c/,; = c/(x(, x;) represents the distance between feature coordinates x, and x,-. We 

can then construct the inter-feature distance matrix X by taking all possible ratios of dis

tances in v. The matrix X has the form 

X = 

1 x 21 A31 

c21 1 x32 

l 31 -^32 

i l xm2 

X ml 

-1 
lm2 

Lm3 

1 

(5.7) 

where xt> = «,-(v)/«y-(v), and ut :STt" —> 5K is the standard coordinate function defined by 

M((al5 ..., an) = a,-. The matrix X is square and inversely symmetric as the distance ratios 

on one side of the unit diagonal are the inverse ratios of those on the opposite side. 

Data acquisition begins with selection of the facial database on which statistics are to 

be gathered. We have selected 67 images from the Nottingham facial database and 13 im

ages from the M.I.T. facial database. A total of 80 images were selected all in standard 

photo ID-type poses. Only those images with facial features unoccluded by spectacles or 
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other extraneous objects were selected. It was deemed important to select the majority of 

faces from a database different from the testing database in order to assure independence 

of spatial statistics and test results. Feature coordinates as given in Figure 5.6 were manu

ally located and recorded for each facial image. The distance vector v and subsequently 

the distance ratio matrix X were also constructed for each image. These distance ratio ma

trices X were used to construct the mean distance ratio matrix X given by 

i = l 

1 X\2 xn • •• X\m 

:2I 1 xn • •• x2m 

:3I *32 1 . " x3m 

ml Xm2 Xm3 • . 1 

(5.8) 

where n represents the number of samples corresponding to the 80 faces in our case. The 

distance ratio matrices were also used to construct the standard deviation distance ratio 

matrix S given by 

S = 
11 = I V (= l J 

n - \ 

-| 
0 s\2 s \ 3 • • S \ m 

s2\ 0 523 • •• s2m 

*31 •^32 0 . • S3m 

sm\ Sml sm3 • . 0 

(5.9) 

where n once again represents the number of samples corresponding to the 80 faces. Hav

ing described the process for obtaining the mean and standard deviation distance ratio ma

trices in (5.8) and (5.9), we now proceed to describe the spatial energy function. 

5.2.1.2 Spatial Energy Function 

Given an uncosted candidate face, we wish to assign some cost or energy value reflecting 

the spatial fitness of the face. This energy should reflect deviations from the spatial norms 

9 

The M.I.T. facial database is the test database used in this research. 
' In the current context, raising a matrix to a power is equivalent to raising each element of the matrix to 

that power, i.e., A = [a..]. 
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present in the mean and standard deviation inter-feature distance ratio matrices of (5.8) 

and (5.9). From the centroids of the constituent facial features we construct the inter-fea

ture distance vector v as given in (5.6) and subsequently the inter-feature distance ratio 

matrix A given by 

A = 

1 -1 
a2l 

-1 
«31 • • a'm\ 

fl21 1 -l 
«32 • • am2 

«31 «32 1 . • <*m3 

. a « l am2 «m3 • . 1 

(5.10) 

where A is identical to X in (5.7) but now represents the distance ratios of the candidate 

face for which we wish to assign a spatial energy. We define the spatial energy function in 

terms of the average of the sum of simple quadratic spring functions with spring constants 

equal to one. For a given inter-feature distance ratio, the quadratic spring function takes 

the difference of the mean distance ratio and the distance ratio for the candidate face, di

vides this value by the standard deviation for the corresponding mean distance ratio, and 

squares the result. The spatial energy function is formally given by 

E = 1 

s m(m - 1) 
',/ 

I (5.11) 

where m is the number if inter-feature distances previously established. The indices of 

summation are restricted to i ^ j so that elements on the diagonal of the standard devia

tion distance ratio matrix S never appear in the denominator of the quadratic spring term in 

the summand (since they are zero). 

At this stage it is necessary to clarify a few points. In generating the distance vector v, 

if a facial feature is not defined, the feature centroid coordinates cannot be obtained. In 

this case we tag the appropriate entry in the distance vector v to indicate the entry is in

valid. In generating the distance ratio matrix A, when we encounter a tagged distance en

try in v, distance ratios in A that utilize this entry are instead assigned the corresponding 
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entry in the mean distance ratio matrix X. This will result in zero spring term energy con

tribution for this distance ratio due to the zero numerator. 

Moreover, in the instances where two feature centroid coordinates are coincident in a 

candidate face, the inter-feature distance is zero. This will result in a zero division in at 

least one distance ratio calculation. Consequently, we force the corresponding entry in the 

distance vector v to one. The justification for this comes from noting the minimum non

zero distance in discrete image space between atomic elements (pixels) is one. The slight 

distance perturbation in these degenerate cases will tend to yield favorably high energy 

contributions due to a larger than normal disparity in the numerator and denominator of 

the distance ratio. Taking this degenerate scenario even further, when two or more pairs of 

feature coordinates are coincident, since the inter-feature distance for each pair is zero, the 

above perturbation yields a distance ratio of 1/1 = 1. This result is undesirable as there 

may well exist a corresponding mean distance ratio close to the value of one, thus result

ing in a low energy contribution for this altered distance ratio. However, due to the maxi

mally connected nature of the spatial template, and the fact that both the numerator and 

denominator are minimal unit distances, there will be a large number of distance ratios in

volving these unit quantities, yielding a greater number of higher energy contributions due 

to larger than normal disparities in the numerator and denominator. As a result, the low en

ergy contribution for the 1/1 distance ratios becomes inconsequential. 

5.2.2 Anthropometric Energy 

Anthropometric energy measures the energy of feature proportions taken from medical 

data on a comparative basis relative to their means and standard deviations. The anthropo

metric statistical data employed in this research was obtained from Farkas et al. (1987) 

and was gathered on 52 eighteen-year-old males. Table 5.2 describes the index ratios used 

in the energy function that is defined in equation (5.12), complete with mean and standard 

deviation descriptors. Figure 5.7 illustrates these index ratios in a visually digestible form. 

We define the anthropometric energy function in terms of the average of the sum of 

simple quadratic spring functions with spring constants equal to one. For a given anthro

pometric index ratio, the quadratic spring function takes the difference of the mean index 
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Table 5.2: Facial proportion indices used in anthropometric energy calculations. (Adapted 
from Farkas et al. 1987) 

No. Ratio Index Mean 
Standard 
Deviation 

43 
intercanthal width (en-en) x 100 

36.8 2.1 43 
biocular width(ex-ex) 

36.8 2.1 

45 
eye fissure width (ex-en, 1) x 100 

95.4 7.7 45 
intercanthal width (en-en) 

95.4 7.7 

46 
eye fissure height(ps-pi, 1) x 100 

33.4 3.5 46 
eye fissure width (ex-en, 1) 

33.4 3.5 

51 
nostril floor width (sbal-sn, 1) x 100 

nose height (n-sn) 
23.7 3.4 

68 
upper lip height(sn-sto) x 100 

mouth width (ch-ch) 
41.1 5.4 

115 
upper face height (n-sto) x 100 

82.9 5.8 115 
biocular width (ex-ex) 

82.9 5.8 

126 
intercanthal width (en-en) x 100 

44.6 4.7 126 
upper face height (n-sto) 

44.6 4.7 

129 
intercanthal width (en-en) x 100 

mouth width (ch-ch) 
61.9 5.4 

135 
nose height (n-sn) x 100 
upper face height (n-sto) 

71.6 3.0 

143 
upper lip height (sn-sto) x 100 

upper face height (n-sto) 
29.5 2.5 

146 
upper lip height (sn-sto) x 100 

nose height (n-sn) 
86.4 2.4 
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(a) (b) (c) 

(d) (e) (t) 

Figure 5.7: Illustration of facial proportion indices used in anthropometric energy calcula
tions, (a) Intercanthal index (No. 43). (b) Orbital width index (No. 45). (c) Eye fissure in
dex (No. 46). (d) Nostril width-nose height index (No. 51). (e) Upper face height-biocular 
width index (No. 115). (f) Intercanthal width-upper face height index (No. 126). 
(g) Intercanthal-mouth width index (No. 129). (h) Upper lip height-mouth width index 
(No. 68). (i) Nose-upper face height index (No. 135). (j) Upper lip-upper face height index 
(No. 143). (k) Upper lip-nose height index (No. 146). (Adapted from Farkas et al. 1987) 
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0) (j) (k) 

Figure 5.7: Illustration of facial proportion indices used in anthropometric energy calcula
tions, (a) Intercanthal index (No. 43). (b) Orbital width index (No. 45). (c) Eye fissure in
dex (No. 46). (d) Nostril width-nose height index (No. 51). (e) Upper face height-biocular 
width index (No. 115). (f) Intercanthal width-upper face height index (No. 126). 
(g) Intercan thai-mouth width index (No. 129). (h) Upper lip height-mouth width index 
(No. 68). (i) Nose-upper face height index (No. 135). (j) Upper lip-upper face height index 
(No. 143). (k) Upper lip-nose height index (No. 146). (Adapted from Farkas et al. 1987) 
(Cont.) 
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ratio and the index ratio calculated for the candidate face, divides this value by the stan

dard deviation for the index ratio, and squares the result. The quadratic spring function uti

lizes elements from the three m-dimensional vectors x, s, and a. The vector x of mean 

anthropometric index ratios is given by (*,, ..., xm), while the vector s of anthropometric 

index ratio standard deviations is given by (s{, ..., sm). The final vector a consisting of an

thropometric index ratios for a given candidate face is specified by (ax, ...,am). These last 

index ratios must be calculated from available feature information contained within the 

candidate face. Consequently, only those ratio indices from Farkas et al. (1987) that can be 

derived with little difficulty are incorporated into the anthropometric energy (see 

Table 5.2). The anthropometric energy function is formally given by 

l£M2
 (5.12) 

i = 1 

where m is the number anthropometric index ratios employed. The precise number of in

dex ratios used in the anthropometric energy function consists of a larger number than 

what appears in Table 5.2 and Figure 5.7. Index ratios 45, 46, and 51 deal with ratios in

volving only one of a pair of symmetric features, i.e., the left eye and nostril. Therefore, in 

our energy calculation we include the same ratio indices for the right eye and nostril. The 

total number of anthropometric ratio indices employed thus increases from 11 to 14. 

We allude above to using only those ratio indices that can be easily derived for candi

date faces. That is, some ratio indices require an approximation of a feature point from 

available facial features. For example, in Figure 5.7(d)-(f) the point designating the top of 

the nose is given by n and participates in several ratio indices. Although such a feature is 

not explicitly specified in any candidate face, we can approximate its location by taking 

the center of the line extending from each eye coincident with the top of each eye. Since 

we do have oriented bounding rectangle information for all facial features, including the 

eyes, these approximations are easily obtained. 
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5.2.3 Rotational Energy 

Rotational energy measures the rotational difference between the mouth, nostril pair, eye 

pair, and brow pair. As with all energy functions described thus far, if a particular facial 

feature or feature pair is not represented, it simply does not factor into the energy calcula

tion. Thus there may be fewer participating facial constituents. We define the rotational 

energy function in terms of the average of the sum of simple quadratic spring functions 

with spring constants equal to one. For a given dyad of facial feature or feature pair orien

tations, the quadratic spring function takes the difference of the orientations and squares 

the result. The vector r consisting of orientations corresponding to each facial feature or 

feature pair is given by (r{, ..., rm), where m represents the number of features or pairs. 

The value of m is typically four, assuming all facial constituents are represented. However, 

in the interests of generality, we shall use the preceding variable designation m in what fol

lows to show the energy calculation extends easily to facilitate a different number of facial 

components. The rotational energy function is formally given by 

m m 

j=l i=j+i 

Cross comparisons of all elements in the orientation vector r eliminates the possibility of 

rotational cancellations among features or feature pairs that might occur if we were simply 

to take the average of the orientation vector. Moreover, taking cross comparisons of all el

ements in r alleviates difficulties pertaining to the absence of facial constituents. Unde

fined facial components may be due to inadequate feature detection and pairing, or more 

intentionally, as part of establishing the partial face contexts discussed in Section 5.1.1. 

More is said about this in the following section as it pertains to all energy calculations. 

5.3 Preliminary Analysis and Comparisons 

The type of energy minimizing spring-based facial template presented in this research has 

not been pursued previously as a mechanism for detecting faces. The work by Govindaraju 

et al. (1990), and De Silva et al. (1995) comes closest, but there are marked differences. In 



Section 5.3: Preliminary Analysis and Comparisons 82 

the case of Govindaraju et al, the spring template involves interconnected curve segments 

that approximate only the outline of the head. The work by De Silva et al. involves simple 

interconnected template components describing the eyes and mouth (or nose) in terms of 

the number of edges in the component. The template components are allowed to vary in 

both size and location. The horizontal distance between the eye components and center of 

the template vary during the energy minimization process, as does the vertical distance be

tween the mouth and eye components. Again, the objective being to maximize edges in all 

interior component rectangles and minimize edges in all exterior component rectangles as 

described in Section 2.2.6. The template is essentially a three-way spring system con

strained to horizontal movement for eye components, and vertical movement for the 

mouth (or nose) component. However, as previously outlined, several highly simplifying 

assumptions leaves the work largely impractical except in the most ideal pose-related and 

environmental conditions. 

One other partly related work is that by Kamal et al. (1994) adopting the notion of per

spective invariant features for recognizing faces. The parallel with this research is in the 

use of ratios of inter-feature distances. In their work, feature points are manually located in 

the facial image to be recognized. A set of cross ratio calculations (ratios of products of 

selected inter-feature distances) gives the feature vector describing the face. The cross ra

tio feature vector is then compared for similarity to the feature vector corresponding to 

each face in the database. The emphasis in the research by Kamal et al. was to establish a 

set of feature metrics that would discriminate among faces. In our own research it would 

be ideal to achieve precisely the opposite—find a set of inter-feature distance ratios that 

are invariant among faces, as our objective is to detect faces with minimal constraints on 

posedness and environment, rather than recognize them. 

In our formulation of spatial energy we have not attempted to evaluate the fitness of in

ter-feature distance ratios according to the criteria mentioned above, i.e., selecting dis

tance ratios exhibiting both perspective invariance and invariance among faces. An 

analysis of inter-feature distance ratios would be a time consuming task and has thus been 

consigned to the realm of future research. However, the effect of a lack of perspective in

variance in these distance ratios is apparent and can be seen in Figure 5.8. The correct face 
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(a) (b) 

Figure 5.8: Effects of perspective on face detection, (a) Incorrect face detection due to in 
incorrect nose and mouth localization has lower spatial energy due to more accurate inter-
feature distance ratios with overall face rank = 1. (b) Correct face detection has higher 
spatial energy due to vertical compression of inter-feature distance ratios with overall face 
rank = 2. 

shown in Figure 5.8(b) is ranked second due to vertical compression of the inter-feature 

distances which sufficiently biases overall facial energy. Clearly, employing perspective 

invariant distance ratios would allow better detection of faces with (i) vertical compression 

of inter-feature distances due to head declination or inclination with respect to the camera, 

(ii) horizontal compression of inter-feature distances due to left or right turning of the 

head away from the camera, or (iii) a combination of vertical and horizontal inter-feature 

distance compression. However, in all cases the perspective change would still need to be 

constrained so that facial features are not obscured or occluded by other features. 

One other important issue requires explanation, as it illustrates the flexibility of our 

system and design. As already alluded to, it is entirely possible to have zero representation 

of certain types of facial features in a candidate face. The prime example of this is the par

tial face contexts described in Section 5.1.1. However, in these cases nostrils are intention

ally excluded from participating in facial energy calculations, only to be included later 

when highly ranked partial face contexts have been established. In a slightly less contrived 

example, it is also possible for the same exclusion of facial features to occur due to a gen-
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Figure 5.9: Face detection in the absence of visible brow features. 

uine lack of feature information. Addressing this possibility, all energy functions have 

been designed in a dynamic manner so that feature-specific energy computations are only 

performed when all required candidate facial features are represented. This type of design 

allows for detection of faces that lack feature information of one form or another. An ex

ample of such a face is given in Figure 5.9 where visible brows do not exist and no candi

date brow features are generated whatsoever. As a direct consequence, all brow-related 

energy calculations, spanning all face template energy terms, make no contribution to the 

energy value assigned to the face. 

As the reader would certainly concur, it is a delightful source of amusement to see the effects of face 
detection intended for humans on non-human subjects! 



Chapter 6 

Results and Evaluation 

In this chapter we present and evaluate the results of the research undertaken and de

scribed in the preceding chapters. We begin by providing reasons and justification for se

lection of the facial database used in testing, in addition to describing intrinsic features of 

the database. In the following section we present the experimental results of this research 

with some low-level analysis performed. The next section analyzes the results of overall 

face detection at a higher level of abstraction, while identifying problems and limitations 

of the system with suggestions for possible improvements. The chapter concludes with a 

comparison of face detection results with research reported in the literature. 

6.1 Facial Database Selection 

In deciding upon a facial database to use for testing the face detection system developed, 

several criteria were established. These criteria reflect both requirements for a general pur

pose face detection system, and also include simplifying assumptions such as absence of 

facial expression. The M.I.T. facial database comes closest to meeting these criteria: 

• The database should present subjects in environments that reflect typical real-world 

situations, including moderate background complexity, and variances in lighting. 

• Subjects should be presented in a variety of poses including standard photo ID-type 

poses, poses with varying head orientations, and poses at reduced scale. 

85 
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• Subjects should be devoid of any facial expression. 

• Individuals having beards, or wearing spectacles, hats, or other articles of clothing 

for the head should be represented, provided facial features are not obscured. 

• Individuals from both sexes and a variety of ethnic groups should be represented, in

cluding Caucasians, Asians, and peoples of darker complexion. 

The M.I.T. database does well to address the first four criteria, and to some extent the 

fifth. The database consists of 16 different individuals in a number of poses, including nor

mal photo ID-type poses, head tilt or rotation at approximately ±22.5 degrees, scale-re

duced poses, and photo ID-type poses involving spot light sources at angles of 45 and 90 

degrees with the subject, and to the right of the subject. In all cases, subjects were photo

graphed in environments with moderately complex backgrounds. The various poses and 

environmental conditions are illustrated in Figure 6.1. Out of the sixteen individuals, four 

are bespectacled, two are bearded, one is wearing a hat, one is Asian, and one is of slightly 

darker complexion. Bearded and bespectacled subjects are examined separately so as to 

determine the effects they each have on face detection without biasing overall results. Un

fortunately, the database does not have female representation, but is sufficiently strong in 

other areas that this deficiency was overlooked. Finally, all results were obtained by run

ning the system on all 94 images in the previously mentioned poses and environmental 

conditions, at resolutions of 256 by 240 pixels for each image.1 

6.2 Experimental Results 

The results for candidate feature detection and feature pairing are presented and discussed 

in two separate sections. As the reader is by now aware, the output of the candidate feature 

detection module serves as input for the feature pairing module. The output from both 

modules then serves as input for the spring-based facial template module. We examine the 

ranking success of candidate features and pairings in terms of the number of correct facial 

features and pairs residing in topmost rankings. The objective, of course, being to maxi-

Two subjects are missing from the database in the required poses. One from the scale reduced data set 
and one from the data set with spot light source at TU/2. Hence 94 images were tested instead of 96. 
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There are three possible categorizations of feature detection: 

• the feature is detected and ranked, 

• the feature is partially detected and ranked, and 

• the feature is not detected. 

The first and second categorizations result in a ranking of the feature and placement in 

a ranking class for performance analysis. The third categorization results in a missed de

tection. However, the second categorization also involves something called a. partial detec

tion. The criteria for partial detection differ somewhat depending on the specific facial 

feature being sought. In the case of mouths, partial detection occurs only when part of the 

mouth width is localized. This situation is quite typical in images containing difficult 

lighting conditions such as angular spot light sources. In the case of nostrils, partial detec

tion occurs when delimiting regions include the nostril proper in addition to some extrane

ous surrounding area, thus overstating the size of the nostril. Again, adverse lighting 

conditions and scale reduction typically contribute to this type of occurrence. In the case 

of eyes, partial detection occurs in two situations: (i) when a small portion of the eye is lo

calized such as the iris, and (ii) when the delimiting region includes the eye, but also some 

larger surrounding area. Finally, in the case of brows, partial detection occurs when the de

limiting region includes the brow, but also some larger surrounding area. For both eyes 

and brows, partial detection often occurs as a result of difficult lighting conditions and 

scale reduction, and is often manifested by a fusing of the eye and brow regions. 

The complete results of candidate feature detection and ranking appear in Appendix A 

with indications of partial detection where appropriate. Table 6.1 summarizes these results 

in terms of non-cumulative top rankings and appears at the end of this section. Figure 6.2 

displays candidate feature detection and ranking results graphically in the form of stacked 

bar charts in order to facilitate comparisons. 

Overall, mouth ranking performs quite well considering the lack of contextual infor

mation. Out of the 94 images, 40 have the mouth ranked first. An additional 24 images 

have the mouth ranked in the top 3, 13 more images in the top 5, and 9 more in the top 10. 
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A mouth fails to be detected in 8 of the images, which implies a failure rate of approxi

mately 8.5%. Of the images in which a mouth is not detected, 7 of the 8 images contain 

subjects with prominent facial hair. If we factor out these problematic subjects, the failure 

rate drops to 1.2%. Clearly, the presence of prominent facial hair causes severe problems 

for mouth detection. The problem stems from the absence of higher intensity pixel regions 

surrounding the low intensity mouth feature, resulting in difficult mouth feature delimita

tion. Keep in mind, however, that the current system was not designed to specifically han

dle detection of lower facial extremities in the presence of prominent facial hair. 

Nonetheless, this is an indicator for future improvement. 
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Figure 6.2: Top facial feature rankings, (a) Mouth rankings, (b) Left and right nostril rank
ings, (c) Left and right eye rankings, (d) Left and right brow rankings. 
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Figure 6.2: Top facial feature rankings, (a) Mouth rankings, (b) Left and right nostril rank
ings, (c) Left and right eye rankings, (d) Left and right brow rankings. (Cont.) 

In contrast, nostril ranking does not perform as well. A total of 19 images have the left 

nostril ranked in the top 2, while another 16 images have it ranked in the top 5. An addi

tional 13 images have the left nostril ranked in the top 10, 11 more images in the top 20, 

and 29 more outside the top 20. The left nostril fails to be detected in 6 images. Similarly, 

a total of 28 images have the right nostril placed in the top 2, while another 7 images have 

the right nostril placed in the top 5. An additional 7 images have the right nostril ranked in 

the top 10, 14 more in the top 20, and 34 outside the top 20. In 4 of the images, the right 

nostril was missed altogether. Failure rates for left and right nostril detection are 6.4% and 

4.3% respectively. The reason for the generally poorer ranking performance is primarily 

the lack of discriminating feature information present in the nostril. In essence, the nostril 
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consists of a small dark irregular region, usually surrounded by higher intensities. This de

scription could easily describe the myriad other objects in the scene. This fact, coupled 

with the absence of contextual information, makes for very difficult ranking. Furthermore, 

if we factor out images containing subjects with prominent facial hair, failure rates drop to 

3.7% for both the left and right nostrils. The implication here is that prominent facial hair 

does have an adverse effect on nostril detection, although not nearly to the same degree as 

for mouth detection. 

As with mouth ranking, overall eye ranking also performs quite well. A total of 43 im

ages have the left eye ranked in the top 2, while another 19 images have it ranked in the 

top 5. An additional 18 images have the left eye ranked in the top 10, 10 more images in 

the top 20, and 3 more outside the top 20. Only one left eye fails to be detected. Similarly, 

a total of 38 images have the right eye placed in the top 2, while another 26 images have it 

placed in the top 5. An additional 16 images have the right eye placed in the top 10, 9 more 

in the top 20, and 3 outside the top 20. Only one right eye fails to be detected. Out of the 

94 images, 23 contain bespectacled subjects, and both left and right eye detection in these 

images are spread over several top ranking classes. As a consequence, it does not appear 

that the presence of spectacles adversely effects eye detection. Nonetheless, the one case 

that results in failed detection for the left eye occurs in an image of a bespectacled subject. 

Examination reveals the presence of excessive reflective highlights on the surface of the 

glass as the cause. The failed case for the right eye occurs as a result of difficult lighting 

conditions (the angle of the spot light source was at 7t/2 relative to the face of the subject), 

in addition to some hair of the subject covering a portion of the right eye. In any case, the 

failure rate for eye detection is 1.1% for both the left and right eyes. 

Brow ranking also performs reasonably well, albeit with a larger number of failed de

tections. A total of 40 images have the left brow ranked in the top 2, while another 27 im

ages have it ranked in the top 5. An additional 11 images have the left brow ranked in the 

top 10, and 6 more images in the top 20. The left brow went undetected in a total of 9 im

ages. Similarly, a total of 33 images have the right brow ranked in the top 2, while another 

31 images have it ranked in the top 5. An additional 9 images have the right brow ranked 

in the top 10, 8 more in the top 20, and 1 outside the top 20. The right brow fails to be de-
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tected in a total of 12 images. The failure rate for brow detection is 9.6% and 12.8% for 

the left and right brow, respectively. Although brow detection in images of bespectacled 

subjects appear distributed across many of the top ranking classes, a large percentage of 

the failed detections are also a consequence of bespectacled subjects. Examination reveals 

the spectacle frame obscuring the brow (partially or entirely) in these cases. If we factor 

out images of bespectacled subjects, the failure rate drops to 4.2% and 8.5% for the left 

and right brow, respectively. The higher failure rate for right brows can be attributed to 

those images containing angled spot light sources, as the spot light sources occur to the 

right of the subject (with respect to the viewer), thereby over-illuminating the right side of 

the face, and in particular, the right brow. Factoring out additional images with angled spot 

light sources results in the failure rate dropping further down to 1.9% for both the left and 

right brow. 



Table 6.1: Number of facial features in top rankings. 

Facial 
Feature Particulars 

Number of Facial Features in the Top {1*3 or 2}-5-10-{20}-Above-Missa (Non-cumulative) 
Facial 

Feature Particulars 
Normal Left 

Rotation 
Right 

Rotation 
Scale 

Reduction 
Light Angle 

at Jt/4 
Light Angle 

at 7i/2 
Total 

mouth 
n/ beards 9-4-1-0-0-0 7-6-0-1-0-0 9-2-2-1-0-0 5-6-2-0-0-0 6-3-2-2-0-1 3.3.4.3.OO 39-24-11-7-0-1 

mouth 
beard 1-0-0-0-0-1 0-0-0-1-0-1 0-0-0-1-0-1 0-0-0-0-0-2 0-0-1-0-0-1 0-0-1-0-0-1 1-0-2-2-0-7 

1/ nostril 
n/ beard 4-2-0-3-5-0 1-4-3-1-5-0 5-2-2-2-3-0 0-2-1-1-6-3 6-1-3-2-2-0 3.4.1.1.4.0 19-15-10-10-25-3 

1/ nostril 
beard 0-0-1-0-0-1 0-0-0-0-2-0 0-0-1-0-1-0 0-0-0-1-0-1 0-0-1-0-1-0 0-1-0-0-0-1 0-1-3-1-4-3 

r/ nostril 
n/ beard 4-1-2-2-5-0 6-0-1-1-6-0 3-0-3-2-5-1 0-0-1-4-7-1 6-2-0-0-6-0 7-1-0-2-2-1 26-4-7-11-31-3 

r/ nostril 
beard 0-1-0-1-0-0 0-1-0-0-1-0 0-1-0-1-0-0 0-0-0-0-1-1 1-0-0-0-1-0 1-0-0-1-0-0 2-3-0-3-3-1 

1/eye 
n/ glasses 8-3-1-0-0-0 8-3-0-0-1-0 8-2-2-0-0-0 2-3-3-3-0-0 8-1-3-0-0-0 6-2-3-1-0-0 40.14-12-4-1-0 

1/eye 
glasses 1-1-1-1-0-0 1-1-0-2-0-0 1-1-1-1-0-0 0-0-2-1-1-0 0-1-1-1-0-1 0-1-1-0-1-0 3-5-6-6-2-1 

r/eye 
n/ glasses 11-1-0-0-0-0 8-2-1-0-1-0 6-6-0-0-0-0 0-3-6-2-0-0 5-5-1-0-1-0 2-5-3-1-0-1 32-21-11-3-2-1 

r/eye 
glasses 2-0-0-2-0-0 0-2-1-1-0-0 2-1-1-0-0-0 0-1-1-1-1-0 1-1-1-1-0-0 1-0-1-1-0-0 6-5-5-6-1-0 

1/brow 
n/ glasses 5-5-1-1-0-0 5-3-4-0-0-0 10-1-1-0-0-0 4-4-0-2-0-1 3-6-2-0-0-1 6-3-0-1-0-1 33-22-8-4-0-3 

1/brow 
glasses 2-1-0-0-0-1 1-0-1-1-0-1 1-1-1-0-0-1 2-0-0-1-0-1 1-1-1-0-0-1 0-2-0-0-0-1 7-5-3-2-0-6 

r/ brow 
n/ glasses 7-5-0-0-0-0 7-3-1-1-0-0 3-6-2-1-0-0 5-3-1-1-0-1 4-5-1-0-0-2 3-3-2-1-0-3 29-25-7-4-0-6 

r/ brow 
glasses 2-1-0-0-0-1 1-0-1-2-0-0 0-0-1-1-0-2 0-2-0-0-1-1 1-1-0-1-0-1 0-2-0-0-0-1 4-6-2-4-1-6 

aIn the case of the mouth feature, we specify the number of mouths in the top 1, 3, 5, 10, >10, and "miss" rankings. In the case of the remaining 
facial features, we specify the number of the appropriate feature in the top 2, 5, 10, 20, >20, and "miss" rankings. It is more sensible to specify the 
top 2 rankings for those facial features occurring in pairs. Thus, in the best possible case, one feature in the pair will be assigned a rank of 1 and 
the other a rank of 2. 
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6.2.2 Candidate Feature Pairing 

As with candidate feature detection, statistics were gathered measuring the performance of 

feature pairing in terms of the number of correct feature pairings occurring in topmost 

rankings. The system makes use of some local contextual information in the form of bilat

eral facial symmetry, and simple spatial relationships among bilaterally symmetric fea

tures. Despite the lack of global context at this stage, the system performs quite well in 

highly ranking eye and brow pairs. Nostril pairing is more problematic, from a computa

tional standpoint, due to the sheer quantity of candidate nostril regions generated. Conse

quently, nostril pairing is not directly analyzed, but is instead examined as part of overall 

face detection in the following section. 

Before continuing, one important point should be noted: the weights for the feature 

pair cost functions employed in ranking were modified for those data sets involving angu

lar spot light sources. The weights for the gray-level-difference cost terms of equations 

(4.5) to (4.7) in Chapter 4 were set to zero. Doing so prevents the term from contributing 

in any way to the resulting cost of a feature pair. This was necessary due to the peculiar 

lighting conditions that otherwise seriously hampered pairing. Attempting to compare 

gray-level intensities for features in drastically different lighting conditions proved to be 

quite problematic. 

There are two possible categorizations of feature pairing: 

• bilaterally symmetric features are paired and ranked, and 

• bilaterally symmetric features are not paired. 

The first categorization results in pairing of the features and placement in a ranking 

class for performance analysis. The second categorization results in a missed pairing. A 

missed pairing is usually the result of serious difficulties in candidate feature detection, 

such as failure to detect the correct facial feature at any rank, or even less serious difficul

ties such as partial detection. These effects are propagated to the feature pairing process, to 

the extent that the correct feature pair will not be formed. These cases occur primarily in 

environmental conditions involving adverse lighting and are described below. 
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Figure 6.3: Top facial feature pair rankings, (a) Eye pair rankings, (b) Brow pair rankings. 

The complete results of eye and brow pairing and ranking appear in Appendix A. 

Table 6.2 summarizes these results in terms of non-cumulative top rankings and appears at 

the end of this section. Figure 6.3 displays the eye and brow pairing and ranking results 

graphically in the form of stacked bar charts in order to facilitate comparisons. 

Considering that only local context is employed, eye pairing and ranking perform re

markably well. Out of the 94 images, 50 have the correct eye pair ranked first, while an

other 26 images have it ranked in the top 3. An additional 2 images have the eye pair 

ranked in the top 5, 2 more images in the top 10, and 3 more outside the top 10. However, 

the eye features fail to be paired in 11 of the images, which implies a failure rate of ap

proximately 11.7%. Although eye pairing in images of bespectacled subjects appear dis

tributed across several of the top ranking classes, a large percentage of the failed pairings 

are a consequence of bespectacled subjects. Further inspection reveals that the majority of 

these failed eye pairings are the result of partially detected eyes. Consequently, it appears 

that bespectacled subjects have a greater impact on feature pairing than originally be

lieved. When attempts are made to pair these partial eyes, difficulties often result due to 

asymmetry disparities, particularly, but not limited to, orientation with respect to the axis 

connecting the centroids of the two eye regions. In any case, factoring out images contain

ing bespectacled subjects yields a reduced failure rate of 7.0%. Difficult lighting condi

tions also appears to play a prominent role in failed pairing. Factoring out images 

containing angular spot light sources further reduces the pairing failure rate to 1.9%. 
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Brow pairing and ranking also perform quite well, although to a somewhat lesser de

gree than for eye pairing and ranking, A total of 40 images have the correct brow pair 

ranked first, while another 25 images have it ranked in the top 3. An additional 8 images 

have the brow pair ranked in the top 5, and 6 more images in the top 10. The brow features 

fail to be paired in a total of 15 of the images, which implies a failure rate of approximate

ly 16.0%. As with eye pairing, a large percentage of the failed pairings are a consequence 

of bespectacled subjects. However, adverse lighting conditions also contribute substantial

ly. Factoring out images containing bespectacled subjects reduces the failure rate to 

12.7%. This is to be expected as brow feature detection also performed considerably better 

when bespectacled subjects were factored out. Similarly, factoring out images containing 

angular spot light sources further reduces the pairing failure rate to 3.8%. Likewise, this 

result is expected as brow detection also performed considerably better when the same im

ages were factored out of the detection process. 



Table 6.2: Number of facial feature pairings in top rankings. 

Facial 
Feature 

Pair 
Particulars 

Number of Facial Feature Pairs in the Top KJ'S^lO^Above'Miss (Non-cumulative) Facial 
Feature 

Pair 
Particulars 

Normal 
Left 

Rotation 
Right 

Rotation 
Scale 

Reduction 
Light Angle 

at7i/4 
Light Angle 

atrt/2 
Total 

eyes 
n/ glasses 1 2 - 0 0 0 0 0 9'2«Ol«O0 7«5«OOO0 5«3«2«(WM 4«5«002«1 6«3'0'0«0«3 43«18'2'1«2«5 

eyes 
glasses 2»l«OO0'l 3«l«OOO0 0 2 ' 0 0 0 2 l-2'OO'l'O l'l«O0«O2 0-1-0-1-0-1 7-8-0-1-1-6 

brows 
n/ glasses 7'5«OOO0 4«4«2«2«O0 4«3'2'3«O0 6«3«(MW>2 7'3'OO0»2 5.1.1.0.0*5 33-19«5«5«0-9 

brows 
glasses 1-1-1-0-0-1 l«0'M«Ol 1«2«0001 l«2-OO0'l 1-1-1-0-0-1 2«OOO0»l 7»6«3«1»0«6 
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6.2.3 Face Detection 

An important aspect in evaluating the results of any complex system involves establishing 

clear evaluation criteria. In face detection, the choice of criteria alone can result in discrep

ancies in detection rates of significant proportions. Overall face detection discrepancies in 

this research vary by as much as 20% depending on the criteria employed. Clearly, choice 

of appropriate evaluation criteria is a matter of great importance. 

With this in mind, we have defined three separate criteria for evaluating our face detec

tion results. In what follows they will be designated criteria I, II, and III, where criteria I 

and III have the least and most stringent requirements, respectively. 

• Criteria I. A face is considered detected when (i) at least two of the mouth, nostril 

pair, eye pair, and brow pair are correctly detected, and (ii) the resulting bounding 

facial rectangle localizes the face, and (iii) the bounding facial rectangle is not more 

than approximately twice the area of the face proper.2 

• Criteria II. A face is considered detected when (i) at least three of the mouth, nos

tril pair, eye pair, and brow pair are correctly detected, or (ii) the resulting bounding 

facial rectangle accurately localizes the face. 

• Criteria III. A face is considered detected when (i) all of the mouth, nostril pair, 

eye pair, and brow pair are correctly detected, and (ii) the resulting bounding facial 

rectangle accurately localizes the face. 

The motivation for criteria II, and to some extent criteria I, is the fact that on many oc

casions a correct facial rectangle can be established, and constituent features correctly de

tected apart from perhaps a single incorrect or misaligned feature. In such cases, we may 

wish to consider the face correctly detected. Criteria III reflects the most stringent require

ments for detection, and can thus be considered something of an acid test. However, we 

must be careful to limit comparisons of criteria III results to those results with equally 

stringent requirements in order for comparisons to be of any value. An attempt at compar

ing the results of this research with other research in the literature is made in Section 6.4. 

Faces that meet criteria I but fail to meet criteria II are termed partials or partially detected faces. 
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Having established the various evaluation criteria, we can begin to examine and ana

lyze the results of face detection. Table 6.1, appearing at the end of this section, presents 

these results in terms of top rankings, in addition to overall percentages in both the rank 

one and cumulative rank three classes. Each of criteria I, II, and III are employed in estab

lishing detection rates. Results are obtained on a per data set basis in order to gauge the ef

fect individual data sets have on detection. Separation in this manner also eases 

identification of those data sets that are problematic. Additional results are obtained in the 

form of exclusion of both bearded and bespectacled subjects also on a per data set basis. 

These results help gauge the effect bearded and bespectacled subjects have on detection. 

Complete detection results on the consolidated database are also given in the final table 

entry. Figure 6.2 illustrates face detection results graphically in the form of stacked bar 

charts in order to facilitate comparisons. Detection rates for individual features in the rank 

one detected faces are presented in Table 6.4 and appears at the end of this section. These 

results allow us to gauge the performance of feature detection as part of the face detection 

process arising from the global contextual mechanisms described in Chapter 5. This will 

be important for making direct feature detection comparisons in Section 6.4. 

Face detection results are examined in four parts: (i) across data sets, (ii) across data

base feature exclusions, (iii) across evaluation criteria I, II, and III, and (iv) overall. 

Data Sets. The performance of face detection varies according to the data set being exam

ined. The normal and left rotation data sets yield very positive results with only modest 

differences between detection rates across the various evaluation criteria and feature ex

clusions. Results for the normal data set range from 81.25% to 100.0%. Results for the left 

rotation data set fair marginally worse yielding detection rates ranging from 75.0% to 

92.86%. The right rotation data set yields a greater range depending on the choice of eval

uation criteria and feature exclusions, ranging from 68.75% to 100.0%. The 7t/4 angular 

light data set also yields a greater range depending on the choice of evaluation criteria and 

feature exclusions, giving results in the range 62.5% to 92.86%. However, the final two 

data sets are the most problematic. The 7t/2 angular light and scale reduced data sets yield 

detection rates ranging from 41.67% to 69.23%, and 36.36% to 80.0%, respectively. Wor

thy of note is the considerably larger range in detection performance for the scale reduced 
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data set in comparison to the other data sets. This is primarily due to the high occurrence 

of partial detection which forms part of the results satisfying criteria I. Clearly, as evi

denced here, it is a difficult problem to decouple the effects of adverse lighting conditions 

and scale reduction from constituent-based face detection. The underlying thresholded 

features undergo transformation due to the effects of lighting and scale reduction, thereby 

making accurate localization difficult. This problem is discussed further in Sections 6.3.2 

and 6.3.3. 
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Figure 6.4: Face detection results, (a)-(c) The combined partials for criteria I undergo 
translation into the white-filled bar of the Miss ranking category for criteria II. Criteria I 
and II results: (a) no exclusions, (b) excludes bearded subjects, and (c) excludes bespecta
cled subjects, (d)-(f) Criteria III results: (d) no exclusions, (e) excludes bearded subjects, 
(f) excludes bespectacled subjects. 
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Figure 6.4: Face detection results, (a)-(c) The combined partials for criteria I undergo 
translation into the white-filled bar of the Miss ranking category for criteria II. Criteria I 
and II results: (a) no exclusions, (b) excludes bearded subjects, and (c) excludes bespecta
cled subjects, (d)-(f) Criteria III results: (d) no exclusions, (e) excludes bearded subjects, 
(f) excludes bespectacled subjects. (Cont.) 

Exclusions. Certain features can be considered extrinsic as they do not constitute an inher

ent part of all faces. These features include spectacles and beards, among others. Allowing 

such features in face detection can have a significant impact on detection performance. In 

the majority of data sets tested, exclusion of bearded subjects resulted in the best detection 

results. This is a clear indicator that bearded subjects pose problems for detection. The 

problem stems from the lack of high-intensity information around the lower facial extrem

ities, resulting in poorer than normal mouth, and at times, nostril localization. The same is 

not true for bespectacled subjects. Exclusion of bespectacled subjects typically results in 

only marginal improvements in detection, if any. This suggests bespectacled subjects are 
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handled reasonably well by our system. However, simply changing the spectacle frame 

from a thin light frame to a thick dark frame could potentially wreak havoc with face de

tection, as brows would become completely occluded and undetectable. 

Evaluation Criteria I, II, and III. Detection results are closely linked to the evaluation 

criteria employed—this is expected. But the extent of the changes in detection perfor

mance according to the various criteria ranges from marginal to significant. The normal 

and left rotation data sets for all types of exclusions typically yield a maximum variance in 

detection rate well under 10% and usually in the neighborhood of 7%. This indicates the 

stringent requirements of criteria III are frequently satisfied. The right rotation and nil an

gular light data sets exhibit typical maximum variations just under 20%, with maximum 

variation closer to 15% for the 7t/2 angular light data set. The high maximum variation in 

the right rotation data set is somewhat perplexing. However, inspection reveals that this is 

due to a larger number of partial detections resulting from a combination of slightly mis

aligned nostrils and missed eyes, particularly for bespectacled subjects. The 7T./4 angular 

light data set typically yields a maximum variance in detection rate in the 25% range, 

while the scale reduced data set typically exhibits a maximum variance in the 40% range. 

In both these last data sets, particularly scale reduction, a large number of partial detec

tions is occurring. By simply changing the evaluation criteria from I to III we can effect a 

40% change in detection performance in the worst case, albeit only for a specific data set. 

Overall Results. Overall detection results between the various exclusions of extrinsic fea

tures varies by approximately 7% in the worst case. Nonetheless, exclusion of bearded 

subjects yields consistently better results for all three evaluation criteria, outperforming 

detection rates obtained from exclusion of bespectacled subjects by over 3%. It is thus ap

parent that bearded subjects pose the greatest problems in detection with respect to exist

ence of extrinsic facial features. Overall detection results in relation to criteria differences 

are more pronounced. The worst case scenario exhibits just under a 20% variation in de

tection performance from criteria I to criteria III due to the large variations in the scale re

duced and Til A angular light data sets. If we consider the best results occurring from 

exclusion of bearded subjects we obtain detection rates of 87.8%, 81.71%, and 69.51% us-
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ing criteria I, II, and III, respectively. However, we must stress that these results are due to 

minimal assumptions in background complexity, lighting, scale reduction, presence of 

spectacles, and head orientation. Removing problematic images stemming from scale re

duced data gives detection rates of 88.41%, 84.06%, and 73.91% using criteria I, II, and 

III, respectively. Proceeding further to remove problematic images due to angular light 

sources, we achieve detection rates of 92.86%, 90.48%, and 83.33% using criteria I, II, 

and III, respectively. At this stage we have simply removed the effects of scale reduced 

data and adverse lighting conditions from overall detection results. Alternatively, we have 

added simplifying assumptions requiring more natural scale and lighting conditions than 

those initially assumed. This is necessary for making more meaningful comparisons with 

face detection results appearing in the literature—detection results that make at least the 

same basic assumptions. Table 6.5 summarizes overall detection results excluding data 

sets involving scale reduction and angular light sources. Section 6.4 uses the results pre

sented in Table 6.5 as a basis for comparisons. 



Table 6.3: Face detection results. 

Data Set Exclusions3 Criteria1* 
Number of Faces in Top Rankings0 (Non-cumulative) 

Total 
Detection/Miss Rate (%)d 

Data Set Exclusions3 Criteria1* 
One Three Five Ten Above Miss 

Total 
Rank=l Rank<3 Misses 

Normal 

none 

I 14 0 0 0 0 2 

16 

87.5 87.5 12.5 

Normal 

none II 14 0 0 0 0 2 16 87.5 87.5 12.5 

Normal 

none 

III 13 0 0 0 0 3 

16 

81.25 81.25 18.75 

Normal beards 

I 13 0 0 0 0 1 

14 

92.86 92.86 7.14 

Normal beards II 13 0 0 0 0 1 14 92.86 92.86 7.14 Normal beards 

in 13 0 0 0 0 1 

14 

92.86 92.86 7.14 

Normal 

spectacles 

I 12 0 0 0 0 0 

12 

100.0 100.0 0.0 

Normal 

spectacles II 12 0 0 0 0 0 12 100.0 100.0 0.0 

Normal 

spectacles 

III 11 0 0 0 0 1 

12 

91.67 91.67 8.33 

Left 
Rotation 

none 

I 13 2 0 0 0 1 

16 

81.25 93.75 6.25 

Left 
Rotation 

none II 13 2 0 0 0 1 16 81.25 93.75 6.25 

Left 
Rotation 

none 

III 12 2 1 0 0 1 

16 

75.0 87.5 6.25 

Left 
Rotation 

beards 

I 13 1 0 0 0 0 

14 

92.86 100.0 0.0 
Left 

Rotation 
beards II 13 1 0 0 0 0 14 92.86 100.0 0.0 

Left 
Rotation 

beards 

III 12 1 1 0 0 0 

14 

85.71 92.86 0.0 

Left 
Rotation 

spectacles 

I 10 2 0 0 0 0 

12 

83.33 100.0 0.0 

Left 
Rotation 

spectacles II 10 2 0 0 0 0 12 83.33 100.0 0.0 

Left 
Rotation 

spectacles 

III 9 2 1 0 0 0 

12 

75.0 91.67 0.0 



Table 6.3: Face detection results. (Cont.) 

Data Set Exclusions3 Criteriab Number of Faces in Top Rankings0 (Non-cumulative) 
Total 

Detection/Miss Rate (%)d 

Data Set Exclusions3 Criteriab 

One Three Five Ten Above Miss 
Total 

Rank=l Rank<3 Misses 

Right 
Rotation 

none 

I 14 0 0 1 1 0 

16 

87.5 87.5 0.0 

Right 
Rotation 

none II 13 0 0 0 0 3 16 81.25 81.25 18.75 

Right 
Rotation 

none 

III 11 1 0 0 0 4 

16 

68.75 75.0 25.0 

Right 
Rotation 

beards 

I 13 0 0 0 1 0 

14 

92.86 92.86 0.0 
Right 

Rotation 
beards II 12 0 0 0 0 2 14 85.71 85.71 14.29 

Right 
Rotation 

beards 

III 10 1 0 0 0 3 

14 

71.43 78.57 21.43 

Right 
Rotation 

spectacles 

I 12 0 0 0 0 0 

12 

100.0 100.0 0.0 

Right 
Rotation 

spectacles II 11 0 0 0 0 1 12 91.67 91.67 8.33 

Right 
Rotation 

spectacles 

III 10 1 0 0 0 1 

12 

83.33 91.67 8.33 

Scale 
Reduction 

none 

I 12 0 1 0 0 2 

15 

80.0 80.0 12.5 

Scale 
Reduction 

none II 9 0 0 0 0 6 15 60.0 60.0 40.0 

Scale 
Reduction 

none 

III 6 0 0 0 0 9 

15 

40.0 40.0 60.0 

Scale 
Reduction 

beards 

I 11 0 1 0 0 1 

13 

84.62 84.62 7.69 
Scale 

Reduction 
beards II 9 0 0 0 0 4 13 69.23 69.23 30.77 

Scale 
Reduction 

beards 

III 6 0 0 0 0 7 

13 

46.15 46.15 53.85 

Scale 
Reduction 

spectacles 

I 9 0 1 0 0 1 

11 

81.82 81.82 9.09 

Scale 
Reduction 

spectacles II 6 0 0 0 0 5 11 54.55 54.55 45.45 

Scale 
Reduction 

spectacles 

in 4 0 0 0 0 7 

11 

36.36 36.36 63.64 



Table 6.3: Face detection results. (Cont.) 

Data Set Exclusions3 Criteriab Number of Faces in Top Rankings0 (Non-cumulative) 
Total 

Detection/Miss Rate (%f 
Data Set Exclusions3 Criteriab 

One Three Five Ten Above Miss 
Total 

Rank=l Rank<3 Misses 

Light 
Angle at 

71/4 

none 

I 14 0 0 1 0 1 

16 

87.5 87.5 6.25 

Light 
Angle at 

71/4 

none II 12 0 0 0 0 4 16 75.0 75.0 25.0 

Light 
Angle at 

71/4 

none 

m 10 0 0 0 0 6 

16 

62.5 62.5 37.5 

Light 
Angle at 

71/4 

beards 

I 13 0 0 1 0 0 

14 

92.86 92.86 0.0 Light 
Angle at 

71/4 

beards II 11 0 0 0 0 3 14 78.57 78.57 21.43 
Light 

Angle at 
71/4 

beards 

III 9 0 0 0 0 5 

14 

64.29 64.29 35.71 

Light 
Angle at 

71/4 

spectacles 

I 11 0 0 1 0 0 

12 

91.67 91.67 0.0 

Light 
Angle at 

71/4 

spectacles II 9 0 0 0 0 3 12 75.0 75.0 25.0 

Light 
Angle at 

71/4 

spectacles 

III 8 0 0 0 0 4 

12 

66.67 66.67 33.33 

Light 
Angle at 

7t/2 

none 

I 9 0 2 0 3 

15 

60.0 66.67 20.0 

Light 
Angle at 

7t/2 

none II 9 0 1 0 4 15 60.0 66.67 26.67 

Light 
Angle at 

7t/2 

none 

III 7 0 1 0 6 

15 

46.67 53.33 40.0 

Light 
Angle at 

7t/2 
beards 

I 9 0 1 0 2 

13 

69.23 76.92 15.38 Light 
Angle at 

7t/2 
beards II 9 0 0 0 3 13 69.23 76.92 23.08 

Light 
Angle at 

7t/2 
beards 

III 7 0 1 0 4 

13 

53.85 61.54 30.77 

Light 
Angle at 

7t/2 

spectacles 

I 7 0 2 0 2 

12 

58.33 66.67 16.67 

Light 
Angle at 

7t/2 

spectacles II 7 0 1 0 3 12 58.33 66.67 25.0 

Light 
Angle at 

7t/2 

spectacles 

III 5 0 1 0 5 

12 

41.67 50.0 41.67 



Table 6.3: Face detection results. (Cont.) 

Data Set Exclusions3 Criteriab Number of Faces in Top Rankings0 (Non-cumulative) 
Total 

Detection/Miss Rate (%)d 

Data Set Exclusions3 Criteriab 

One Three Five Ten Above Miss 
Total 

Rank=l Rank<3 Misses 

Total 

none 

I 76 3 1 4 1 9 

94 

80.85 84.04 9.57 

Total 

none II 70 3 0 1 0 20 94 74.47 77.66 21.28 

Total 

none 

III 59 4 1 1 0 29 

94 

62.77 67.02 30.85 

Total beards 

I 72 2 1 2 1 4 

82 

87.8 90.24 4.88 

Total beards II 67 2 0 0 0 13 82 81.71 84.15 15.85 Total beards 

III 57 3 1 1 0 20 

82 

69.51 73.17 24.39 

Total 

spectacles 

I 61 3 1 3 0 3 

71 

85.92 90.14 4.23 

Total 

spectacles II 55 3 0 1 0 12 71 77.46 81.7 16.9 

Total 

spectacles 

III 47 4 1 1 0 18 

71 

66.2 71.83 25.35 

Exclusions indicates which images are to be excluded from tabulation. The categories are: no exclusions, exclude bearded subjects, and exclude 
bespectacled subjects. 
Criteria refers to the evaluation criteria used in face detection as outlined at the start of Section 6.2.3. 

cThe number of faces in each ranking class are non-cumulative. For example, in the ranking class labeled "Three," all faces with rankings > 1 and < 3 
are tabulated. The class labeled "Above" includes all faces with rankings > 10. The category labeled "Miss" includes all faces that do not fall into any 
other ranking class. 
Face detection rates correspond to specific data set, exclusions, and criteria designations. Detection/miss rate percentages are taken with respect to the 

total number of images in the data set less the appropriate exclusions. 



Table 6.4: Feature detection results for rank one detected faces. 

Data Set Exclusions3 

Feature Count for Rank One Detected Faces Detection Rate (%)b 

Data Set Exclusions3 

Mouth 
Nostrils 

(1/r) 
Eyes 
(1/r) 

Brows 
(1/r) 

Total 
Images 

Mouth 
Nostrils 

(1/r) 
Eyes 
(1/r) 

Brows 
(1/r) 

Normal 

none 14 13/13 14/14 14/14 16 87.5 81.25 87.5 87.5 

Normal beards 13 13/13 13/13 13/13 14 92.86 92.86 92.86 92.86 Normal 

spectacles 12 11/11 12/12 12/12 12 100.0 91.67 100.0 100.0 

Left 
Rotation 

none 15 13/14 16/16 15/15 16 93.75 81.25/87.5 100.0 93.75 
Left 

Rotation 
beards 13 12/13 14/14 14/14 14 92.86 85.71/92.86 100.0 100.0 

Left 
Rotation 

spectacles 12 10/11 12/12 12/12 12 100.0 83.33/91.67 100.0 100.0 

Right 
Rotation 

none 14 14/14 14/14 14/14 16 87.5 87.5 87.5 87.5 
Right 

Rotation 
beards 13 13/13 12/12 13/13 14 92.86 92.86 85.71 92.86 

Right 
Rotation 

spectacles 11 11/11 12/12 12/12 12 91.67 91.67 100.0 100.0 

Scale 
Reduction 

none 10 9/9 13/12 11/9 15 66.67 60.0 86.67/80.0 73.33/60.0 
Scale 

Reduction 
beards 10 9/9 11/10 10/8 13 76.92 69.23 84.62/76.92 76.92/61.54 

Scale 
Reduction 

spectacles 7 6/6 9/8 8/7 11 63.64 54.55 81.82/72.73 72.73/63.64 

Light 
Angle at 

it/4 

none 14 14/14 13/13 14/13 16 87.5 87.5 81.25 87.5/81.25 Light 
Angle at 

it/4 
beards 13 13/13 12/12 13/12 14 92.86 92.86 85.71 92.86/85.71 

Light 
Angle at 

it/4 spectacles 11 11/11 11/11 11/10 12 91.67 91.67 91.67 91.67/83.33 

Light 
Angle at 

n/2 

none 11 9/10 11/11 10/9 15 73.33 60.0/66.67 73.33 66.67/60.0 Light 
Angle at 

n/2 
beards 11 9/10 10/10 9/8 13 84.46 69.23/76.92 76.92 69.23/61.54 

Light 
Angle at 

n/2 spectacles 9 7/8 9/9 8/7 12 75.0 58.33/66.67 75.0 66.67/58.33 

Total 

none 78 72/74 81/80 78/74 94 82.98 76.6/78.72 86.17/85.24 82.98/78.72 

Total beards 73 69/71 72/71 72/68 82 89.02 84.15/86.59 87.8/86.56 87.8/82.93 Total 

spectacles 62 56/58 65/64 63/60 71 87.32 78.87/81.69 91.55/90.14 88.73/84.51 
aSee footnotes of Table 6.1 for an explanation of the exclusions heading. 
When detection rates for the left and right features of a feature pair are identical, only one value is listed. 
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Table 6.5: Face detection results for combined normal and head rotation data sets.a 

Exclusions Criteria Detected Total 
Detection Rate 

(* ) 

none 

I 41 

48 

85.42 

none II 40 48 83.33 none 

III 36 

48 

75.0 

beards 

I 39 

42 

92.86 

beards II 38 42 90.48 beards 

III 35 

42 

83.33 

spectacles 

I 34 

36 

94.44 

spectacles II 33 36 91.67 spectacles 

III 30 

36 

83.33 
aSee footnotes of Table 6.3 for an explanation of the exclusions, and 
criteria headings. 

6.3 Analysis 

Low-level analysis of the results of candidate feature detection, feature pairing, and overall 

face detection was performed during presentation of experimental results in Section 6.2. In 

this section we examine overall results at a higher level of abstraction, highlighting some 

of the main difficulties and limitations by category, with possible solutions. 

6.3.1 Background Complexity 

Background complexity refers to the degree of "business" present in facial images. As the 

number of extraneous objects in the environment increase, so does the background com

plexity. The performance of our face detection system is directly linked to the amount of 

background complexity. This is due to the method in which candidate facial features and 

pairs are generated. Recall that a series of constraints and filters are applied to the set of 

candidate features which are then ranked, paired, and pair-ranked. With higher back

ground complexity, there is simply a greater likelihood that facial features and pairings 

will be out-ranked by other image objects and object pairs. We may compensate by con

sidering a larger number of top ranked candidate features and pairings during construction 

of partial face contexts. However, the situation can very rapidly get out of hand, as the 
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number of partial face constructions is given by the triple product of the required number 

of top ranked mouths, eye pairs, and brow pairs. 

One possible solution is to extract more detailed feature information by way of de-

formable templates (Yuille et al. 1988; Shackleton and Welsh 1991; Xie et al. 1994). We 

can attempt to accurately localize the edges of the facial feature, in addition to peaks and 

valleys in the image potential. The drawback is that these localization do take time to per

form—in the neighborhood of a few seconds for a single localization on current hardware. 

Applying this procedure to potentially dozens of candidate features and we have an addi

tional turn-around time of several minutes. 

6.3.2 Scale Independence 

A high degree of scale independence is extremely difficult to achieve in constituent-based 

face detection. As images decrease in scale, the discriminating characteristics of facial 

features become less pronounced due to the side effects of quantization. Since candidate 

feature detection and pairing presented in this research is largely dependent on the dis

criminating characteristics of individual facial features, significant scale reduction poses 

severe problems. One such recurring difficulty is fusion of eye and brow regions due to the 

underlying lack of separation among the corresponding features in the progressive thresh-

olded images. The effects of scale reduction on bearded subjects poses even greater prob

lems, as mouth and nostril localization that is already difficult to achieve becomes even 

more difficult. 

A possible solution involves a complete departure from the bottom-up approach to 

face detection adopted. We may achieve greater success by considering a more integrated 

template-based approach to face detection, utilizing the spring-based facial template de

veloped in this research in conjunction with a variant of the deformable template mecha

nism given in De Silva et al. (1995). In essence, difficult candidate feature detection and 

pairing could be combined with a spring-based facial template as part of a parallel single 

stage process rather than a sequential four stage process. Such a computational approach 

would inevitably require a stochastic energy minimization procedure such as simulated 

annealing or genetic algorithms. 
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6.3.3 Lighting Independence 

The issues pertaining to achieving a high degree of lighting independence are related to 

those for scale independence. In difficult lighting conditions, facial features undergo ex

treme transformations of shape and structure in the underlying progressive threshold im

ages. Clearly, thresholding is inextricably linked to environmental lighting. For example, 

the 7t/2 angular light data set consistently results in only one half to three quarters of the 

mouth width being localized. Put another way, the mouth is consistently partially detected. 

The portion of the mouth closest to the angular light source has insufficient contrast with 

its surrounding area. In addition, the portion of the mouth furthest from the angular light 

source typically has very high contrast. In essence, the feature is split into lower contrast 

and higher contrast components, thereby making thresholding of the entire feature virtual

ly impossible. Similar problems occur for the eyes and brows, only in these cases the prob

lem is manifested in difficult pairing of candidate features, as thresholded features on one 

side of the face no longer sufficiently resemble thresholded features on the opposite side. 

As with scale independence, a possible remedy might involve a departure from the 

bottom-up approach to face detection adopted, in favor of a more integrated spring-based 

deformable template strategy as described in the previous section. The difficulties encoun

tered in candidate feature detection and pairing would be significantly reduced by adding 

global contextual information. 

6.3.4 Facial Occlusions and Extrinsic Features 

Facial occlusion refers to the obstruction of facial features due to extreme perspective 

changes or extrinsic facial features. Occlusion from perspective change is often realized 

by combinations of excessive turning, or declination or inclination of the head. Extrinsic 

features refers to objects or properties of faces that are not inherent components or quali

ties of all faces. These include spectacles, facial hair, hats, and even nose rings, all of 

which tend to obscure facial features to some degree. One other common occurrence is the 

partial or total occlusion of upper facial extremities due to forward falling hair. 

The extent of facial occlusions in the M.I.T. facial database is moderate. Occlusions 

and extrinsic features include 4 bespectacled subjects in 6 data sets, less one, giving 23 be-
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spectacled facial images, 2 bearded subjects in 6 data sets giving 12 bearded facial images, 

and 1 subject wearing a hat in 6 data sets giving 6 facial images with hats. One subject 

possesses forward falling hair that obscured brows and to some degree eyes, particularly in 

poses involving head tilt or rotation. 

Bespectacled subjects present problems in those images with ill-positioned reflective 

highlights on spectacle lenses due to light sources. When a reflective highlight is posi

tioned over the iris or corners of the eye, localization fails. The instances of these occur

rences are not excessively frequent, nonetheless they do contribute to a number of failed 

detections. However, detection problems associated with bespectacled subjects pale in 

comparison to those for bearded subjects. Detection for bearded subjects presents consid

erable difficulty, as facial hair causes difficult localization of the lower facial extremities, 

including nostrils and mouths. These features tend to overlap with the surrounding facial 

hair thus making initial thresholding very difficult. Bearded subjects clearly pose the 

greatest difficulties in detection, and our results are clear of evidence of this. Exclusion of 

bearded subjects results in considerably higher detection rates. 

Although our system is capable of dealing with moderate perspective changes and par

tial occlusions of facial features, complete occlusions are more problematic. A set of fea

ture candidates is always found, even if an actual facial feature does not exist due to 

complete occlusion. Even a minimal amount of background complexity ensures this is al

ways the case. In such situations, an incorrect candidate is always chosen. In order to deal 

with these types of problems a collapsible template is needed. The template would need to 

consider facial energies in the absence of various features even when candidates for these 

features exist. However, in order to allow meaningful energy comparison between facial 

templates, facial energies would need to be normalized due to the possibility of differing 

numbers of features being represented in a template. The absence of such normalization 

would result in selection of candidate faces with empty feature sets, as these faces would 

invariably possess the smallest template or facial energies. 
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6.3.5 Posedness of Subjects 

Posedness refers to the degree of pose freedom subjects are afforded during image cap

ture. Perspective variations due to changes in head orientation are an integral part of pos

edness issues. Facial expression such as smiling, or other facial contortions, also play an 

important role. In this research, assumptions have been made requiring that little or no fa

cial expression be present. Head orientation, on the other hand, is allowed to vary, provid

ed all facial features are clearly visible. In these perspective variations, inter-feature dis

tances are often compressed in either (or both) the horizontal dimension (head turn) or 

vertical dimension (head inclination/declination), thus resulting in higher spatial energies 

as described in Section 5.3. Moreover, some amount of facial expression was encountered 

in the facial database in the form of half smiles, and partially open mouths. These cases 

are handled quite well only because the deviations are small. Our face detection system 

cannot deal with anything more than minimal facial expression and contortion. 

One possible method for allowing better face detection in the presence of facial ex

pression, is to encode a variety of feature characteristics for each type of expression ex

pected. For example, if faces with closed-mouth smiles are to be detected, we may wish to 

relax constraints on mouth aspect ratios allowing larger width to height ratios. In addition, 

we may wish to force some amount of high frequency information, that represents wrin

kling, to be present on either side of the mouth. However, this approach quickly becomes 

tedious and cumbersome as the number of allowable types of facial expression increase. 

6.3.6 Facial Presence 

Facial presence refers to the existence (or non-existence) of faces in a given scene. In this 

research, we have made assumptions requiring at least one face to be present in an image. 

As a direct consequence, if a scene is devoid of faces, the best possible alternative collec

tion of objects is selected according to the criteria and algorithms described previously. 

Moreover, due to the nature of face processing, if more than one face exists then all faces 

are ranked according to fitness, and the best possible face is selected as the rank one de

tected face. The remaining faces may be detected but exist at lower rankings. 
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One method for relaxing the assumption of facial presence involves the notion of ener

gy thresholds for facial objects. In particular, it may be possible to establish energy ranges 

for actual faces and classify all candidate facial objects into three categories: (i) facial ob

ject, (ii) non-facial object, and (iii) uncertain. The selection of threshold values to partition 

energy space into these categories would require some additional analysis of the resulting 

energies for correctly detected faces, in addition to energies for non-facial objects. 

6.3.7 Accuracy of Face Processing Model 

There has been a great deal of research in experimental psychology literature pertaining to 

the nature of human face processing. Evidence has been presented suggesting face percep

tion requires an initial overall examination of external features followed by a sequential 

analysis of internal features (Matthews 1978). In addition, an inextricable interdependence 

of constituent feature information and configurational information has been illustrated 

(Sergent 1984). 

The sequential process adopted in this research does not appear to accurately reflect 

the above model of face processing. The interdependence of constituent and configura

tional information is simply not captured in the current model. The spring-based facial 

template does depend on individual features, but candidate features and pairings do not 

depend on the facial template. However, if we momentarily overlook the three stage se

quential procedure in which individual features, pairings, and partial face contexts are ob

tained, the spring-based facial template does well to capture configurational information 

present in the human face. Consequently, it seems possible to have a more integrated ap

proach to face detection that is also a more accurate model of face processing. As indicat

ed in Sections 6.3.2 and 6.3.3, this might be achieved by employing a spring-based facial 

template similar to that developed in this research, coupled with a deformable template 

mechanism capable of capturing constituent information (De Silva et al. 1995). This 

would provide inextricable interdependence—and in parallel. 
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6.4 Comparisons 

Several difficulties were encountered in attempting to make comparisons with face and 

feature detection results appearing in the literature. The difficulties stem from the lack of 

generally accepted methods of results evaluation. However, this is a symptom of a more 

pressing problem: what constitutes a detected face? Researchers in the field often include 

some combination of face outline, mouth, nose, eyes, and brows. Consequently, it is diffi

cult to evaluate and make comparisons when different feature sets are being used. 

Yet another problem involves the scope of simplifying assumptions. A face detection 

system that performs superbly well under assumptions of uniform background, bright and 

uniform ambient lighting, absence of head tilt, turn, and inclination, absence of bearded 

and bespectacled subjects, constant scale, and so on, will invariably perform miserably on 

facial images that fail to meet any one of these assumptions. Simplifying assumptions, 

therefore, play a pivotal role and must be taken into account when making comparisons. 

However, once the feature set is decided, and the assumptions understood, there is still 

the issue of selecting appropriate evaluation criteria. In this research we have employed 

three separate criteria varying in rigor for evaluation and comparison with face detection 

results in the literature. For more meaningful comparisons, we have also removed those 

data sets that possess environmental features that tend not to be represented in other re

search, including scale reduction, and adverse lighting conditions. A summary of our re

sults under these conditions were given in Table 6.5. In the comparisons that follow, we 

shall also exclude bearded subjects, as these extrinsic features tend to be excluded in other 

research. Summarizing, detection rates in this research for purposes of comparison are 

limited to images containing: (i) normal photo ID-type poses, left head tilt poses, right 

head tilt poses, and randomly interspersed amounts of minor head turn and inclination, 

(ii) subjects without beards, but perhaps with spectacles, and (iii) complex backgrounds. 

Features detected include the mouth, nostrils, eyes, and brows. In addition, 18.75% of the 

images tested involve bespectacled subjects, and poses are split evenly between left, right, 

and no head rotation. 
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Comparisons are made with five face and feature detection systems reported in the lit

erature. Outlined below are the constraints enforced, and assumptions made, in the suite of 

test images for each work: 

• Detection rates in De Silva et al. (1995) are provided for images containing: (i) nor

mal photo ID-type poses, left and right head turning, (ii) subjects without spectacles, 

beards, and hair covering the forehead, and (iii) uniform backgrounds. Features de

tected include the mouth, nose, and combined eye/brow regions. Poses are split 

evenly between left, right, and forward looking subjects. 

• Detection rates in Yang and Huang (1994) are provided for images containing: 

(i) normal photo ID-type poses spanning a range of scales, (ii) subjects without 

beards, but perhaps with spectacles, and (iii) complex backgrounds. The percentage 

of bespectacled subjects represented is not indicated. 

• Detection rates in Craw and Tock (1992) are provided for images containing: (i) nor

mal photo ID-type poses, (ii) subjects with beards and/or spectacles, and (iii) uni

form backgrounds. Feature detection rates reported include only the head outline. 

The percentage of bearded and bespectacled subjects represented is not indicated. 

• Detection rates in Craw et al. (1987) are provided for images containing: (i) normal 

photo ID-type poses, (ii) subjects without spectacles or beards, and (iii) uniform 

backgrounds and concealed clothing. Features detected include the head outline, 

mouth, nose, and combined eye/brow regions. 

• Detection rates in Kanade (1977) are provided for images containing: (i) normal 

photo ID-type poses, (ii) bespectacled subjects, and (iii) uniform backgrounds. The 

percentage of bespectacled subjects represented is 9.32%. 

A comparison of face detection results appears in Table 6.6. Individual feature detec

tion results are reported only in Craw et al. (1987) and so are compared separately in 

Table 6.7. The results are summarized below. 
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• Face Detection using Criteria III. Overall face detection in this research marginal

ly outperforms that in De Silva et al. (1995) by 1.11%. In addition, our work is sub

ject to fewer constraints, including allowance of complex backgrounds, head 

rotation, bespectacled subjects, and hair covering the forehead of subjects,. Also, 

our system performs identically to Yang and Huang (1994), and is subject to fewer 

constraints including allowance of head rotation, and representation of bespectacled 

subjects. However, Yang and Huang include a variety of facial scales in their detec

tion results. Inclusion of scale reduced data would diminish our reported criteria III 

detection rates by 8.78% to 74.55%. Lastly, our system marginally outperforms Ka-

nade (1977) by 1.85%. Kanade has approximately one half as many bespectacled 

subjects represented, percentage-wise, and cannot handle head rotations or complex 

backgrounds. However, the results in Kanade, were obtained from tests on an exten

sive database of 826 images. 

Table 6.6: Comparison of face detection results. 

Work Detection 
Criteria 

Work Detection 
I II Ill 

Author's Work 
Detected/Total 39/42 38/42 35/42 

Author's Work 
Rate (%) 92.86 90.48 83.33 

De Silva et al. 
(1995) 

Detected/Total — — 74/90 De Silva et al. 
(1995) Rate (%) — — 82.22 

Yang and Huang 
(1994) 

Detected/Total — — 50/60 Yang and Huang 
(1994) Rate (%) — — 83.33 

Craw and Tock 
(1992)a 

Detected/Total — 43/50 — Craw and Tock 
(1992)a 

Rate (%) — 86.0 — 

Craw et al. 
(1987) 

Detected/Total — 12/20 — Craw et al. 
(1987) Rate (%) — 60.0 — 

Kanade (1977) 
Detected/Total — — 673/826 

Kanade (1977) 
Rate (%) — — 81.48 

Comparisons with Craw and Tock (1992), and Craw et al. (1987) are made 
with detection rates obtained using criteria II, as head outlines and localized 
faces are treated to be similar for purposes of comparison. 
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• Face Detection using Criteria II. The results of face detection in this research best

ed results in Craw et al. (1987) by over 30%, and more recent results in Craw and 

Tock (1992) by 4.48%. Once again, our work is subject to fewer constraints, includ

ing allowance of complex backgrounds, head rotation, and bespectacled subjects. 

• Feature Detection. The feature detection results in this research outperformed Craw 

et al. (1987) by considerable margins. Using all data sets, eye detection bested eye 

detection results in Craw et al. by over 60% and brow detection results by over 15%. 

Excluding scale reduced and 7t/2 angular light source data sets, eye detection sur

passed eye detection results in Craw et al. by over 65% and brow detection results 

by over 25%. However, they do report lip detection rates that outperform mouth de

tection in this research by just over 2%. Still, our work is subject to fewer con

straints, including allowance of complex backgrounds, head rotation, bespectacled 

images, and for the first set of results in Table 6.7 (Author's Work I), scale reduced 

facial images, and adverse lighting conditions. Furthermore, subjects in Craw et al. 

were required to conceal clothing around the neck and chest, thus greatly easing fea

ture detection. 

Table 6.7: Comparison of feature detection results. 

Work Detection 

Feature 

Work Detection 
Mouth 

Nostrils Eyes Brows Work Detection 
Mouth 

left right left right left right 

Author's 
Work Ia 

Detected/Total 73/82 69/82 71/82 72/82 71/82 72/82 68/82 Author's 
Work Ia 

Rate (%) 89.02 84.15 86.59 87.8 86.59 87.8 82.93 

Author's 
Work IIb 

Detected/Total 52/56 51/56 52/56 51/56 51/56 53/56 52/56 Author's 
Work IIb 

Rate (%) 92.86 91.07 92.86 91.07 91.07 94.64 92.86 

Craw et al. 
(1987)c 

Detected/Total 19/20 — 10/40 27/40 Craw et al. 
(1987)c 

Rate (%) 95.0 — 25.0 67.5 

"Feature detection rates are obtained on all six data sets of the M.I.T. facial database. 
Feature detection rates exclude the scale reduced, and Jt/2 angular light source data sets. 

cSpecific left/right feature detection rates are not given in Craw etal. (1987) as detection of left vs. right fea
tures are not distinguished from one another. 



Chapter 7 

Conclusion 

In this last section we briefly summarize the goals of this research and how they were 

achieved, our main contributions, and the major results of this work. Areas of future work, 

and possible extensions to this research are then described. We close with a few final re

marks. 

7.1 Summary 

7.1.1 Research Goals 

The primary goal of this research was to develop a system capable of detecting mouths, 

nostrils, eyes, and brows in frontal facial images, with minimal pose and environmental 

assumptions and constraints. The number of assumptions and constraints imposed in this 

research is less than any other work in the area of constituent-based face detection re

viewed. Increasingly rigid assumptions and constraints tend to ease the problem of face 

detection, but reduces the practicality of the system. A more general and less constraining 

solution to the problem of face detection was desired, and Chapter 6 demonstrates that this 

goal has been satisfactorily met. 

It was the intent of this research to explore the possibility of locating facial features us

ing a bottom-up approach to face detection. At each layer of processing, increasing 

amounts of contextual information were to be considered, culminating in a spring-based 
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facial template that incorporates statistical data from human faces in the form of inter-fea

ture spatial relationships and facial proportions. 

The system we have described in the preceding chapters incorporates a sequential four 

stage bottom-up approach to face detection. The stages are: (i) candidate feature detection, 

(ii) feature pairing, (iii) establishing partial face contexts, and (iv) constructing complete 

facial contexts. In the first stage, only local feature information is employed. In stage two, 

bilateral facial symmetry information is included. In the third stage, contextual informa

tion in the absence of nostril data is employed in the form of inter-feature spatial relation

ships, anthropometric facial proportions, and rotational inter-feature pair symmetries. In 

stage four, spatial, anthropometric, and rotational symmetry information involving nostrils 

is also included. As is clearly evident, our goal relating to a bottom-up approach to constit

uent-based face detection, with increasing application of contextual information, has also 

been achieved, as it is intrinsic to the design of our system. 

In Chapter 6, experimental results demonstrated that our goals have not only been met, 

but with face detection rates comparable to the highest detection rates achieved in the liter

ature, and with greater relaxation of assumptions and constraints. 

7.1.2 Contributions 

Several important contributions were made in this research. It was our intent to depart 

from existing methods in favor of developing novel techniques where possible. The major 

contributions are summarized below. 

• The algorithm involving concentric region grouping across progressive threshold 

images offers an alternative to standard gray-level region growing and adaptive 

threshold techniques. This work circumvents the difficult problem of threshold se

lection and segments all facial features in preparation for later analysis. 

• The approach adopted in facial feature analysis has not previously been employed. It 

involves a progressive application of contextual information after selecting repre

sentatives from each concentric region group. After applying feature-specific filters 

and constraints for purposes of data reduction, candidate facial features are costed 



Section 7.1: Summary 121 

and ranked based only on local information. These candidates are then paired using 

contextual information in the form of bilateral symmetry characteristics of faces. 

The pairings are subject to a set of constraints that reduce the number of candidate 

pairs in later processing. Candidate feature pairs are then costed and ranked using 

both individual facial feature and bilateral symmetry information. 

• The development of a spring-based facial template based on inter-feature spatial re

lationships and facial proportions taken from medical data is new. Candidate mouths 

and feature pairs are organized into spring-connected spatial structures resembling 

topological relationships between features in the face. The template attempts to min

imize the energy of the spring system consisting of statistical spatial and anthropo

metric facial data, rotational inter-feature pair symmetries, and constituent feature 

information. 

7.1.3 Results and Overview 

In the first and second stages of the face detection system developed, preliminary results 

were examined in the form of top ranked candidate regions and pairings. The objective in 

these two stages was to maximize the ranking of candidate features and pairings with min

imal failure rates. This was extremely important, as failure to detect and correctly pair fa

cial features, eliminated the possibility for successful criteria III face detection. Further

more, candidate mouth detection and feature pairing also required ranking of candidate 

pairs in the highest possible ranks, as only a pre-specified number of topmost ranked 

mouths and pairings were used in establishing partial face contexts. 

Mouths exhibited a 1.2% detection failure rate in the absence of facial hair. Failure 

rates for the left and right eyes were 1.1%. The left and right brows exhibited detection 

failure rates of 9.6% and 12.8%, respectively. A combination of bespectacled subjects and 

angular lighting were the primary cause of high failure rates for the brows. Removing 

these problematic images yielded significantly reduced failure rates of 1.9% for both the 

left and right brows. Nostrils exhibited failure rates of 6.4% and 4.3% for left and right 

nostrils, respectively. Removing subjects with prominent facial hair reduced nostril detec

tion failure rates to 3.7% for both the left and right nostrils. Due to the sheer quantity of 
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candidate nostrils, pairing was delayed until contextual information was available in the 

form of partial face contexts. 

In feature pairing, eyes failed to be correctly paired in 11.7% of the images. Problems 

in pairing eyes came primarily from bespectacled subjects and angular light sources. Par

tial feature detection due to these difficult images appeared to play a prominent role in 

failed eye pairings. Removing bespectacled subjects and angular light sources yielded an 

eye pairing failure rate of 1.9%. Similarly, brow pairing yielded a failure rate of 16.0%. 

Again, bespectacled subjects and lighting conditions were the primary cause. Removing 

these images yielded a reduced brow pairing rate of 3.8%. 

Stages three and four were concerned with establishing partial face contexts, and com

plete face contexts, based on the output of stages one and two. Time was spent establish

ing appropriate evaluation criteria in order to evaluate face detection performance. Face 

detection rates obtained on all six data sets, excluding bearded subjects, were 87.8%, 

81.71%, and 69.51%, using criteria I, II, and III, respectively. Excluding problematic scale 

reduced, and adverse lighting data sets yielded improved detection rates of 92.86%, 

90.48%, and 83.33%, using criteria I, II and III respectively. These last criteria II and III 

detection rates served as the basis for comparisons in Section 6.4. Individual feature detec

tion rates in rank one detected faces in the absence of bearded subjects and scale reduced 

and %/2 angular light data sets was 92.86% for mouths, 91.07% and 92.86% for left and 

right nostrils, 91.07% for left and right eyes, and 94.64% and 92.86% for left and right 

brows. 

Before comparing with results reported in the literature, we indicated the problems 

with comparing results from different feature set selections, and the importance of simpli

fying assumptions. Exclusion of various data sets and extrinsic features was required to fa

cilitate more meaningful comparisons with other work in the field. Comparisons with five 

other face detection systems yielded quite favorable results. The results of this research 

bested face detection rates in all other works, usually only by marginal amounts, except 

for one work yielding a detection rate identical to that reported in this research. However, 

the extent of assumptions and constraints were less in this research than in any other work, 

thereby substantially increasing the worth of results reported, and hence the value of this 
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research. In addition, individual feature detection rates significantly outperformed those 

feature detection rates appearing in the one work that furnished them. 

7.2 Future Work 

In the course of finalizing this research, several new ideas have sprung to mind that seem 

worthwhile avenues of future work involving how to better approach the problem of con

stituent-based face detection. Some of the ideas are modifications and extensions of the 

approaches adopted, while others are radically different. We briefly outline the main ingre

dients of each possibility below. 

• Several allusions to a more integrated parallel approach to face detection were made 

in Section 6.3. The approach might be achieved by employing a spring-based facial 

template similar to that adopted in this research, coupled with a deformable template 

mechanism capable of capturing constituent information (De Silva et al. 1995). This 

approach would be a more accurate model of face processing as it would exhibit in

extricable interdependence of constituent feature information and configurational 

information (Matthews 1978; Sergent 1984). Such an approach would be of a com

putational nature, requiring stochastic function minimization procedures such as 

simulated annealing, genetic algorithms, or other related techniques. These minimi

zation procedures are well suited to objective functions with high dimensionality, 

and a lack of first order continuity. Such function characteristics would be expected 

in the spring energy function for the integrated template proposed. 

• A better overall facial template may be achieved by combining the spatial and an

thropometric energy terms described in Section 5.2. A larger number of feature 

points could be located for obtaining inter-feature distance ratios. This would in

crease the connectivity of the facial template. One possibility could involve obtain

ing a bounding rectangle for each individual facial feature. The four points 

representing the centers of the horizontal and vertical extents of the rectangle could 

then be taken in lieu of the centroid for the facial feature. Statistics would need to be 

gathered on a facial database using each of these new feature points. However, four 
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feature points per facial feature may be computationally burdensome, as this gives 

28 feature points, in turn yielding 378 inter-feature distances. The result is 142,506 

inter-feature distance ratios. This would need to be explored further in order to de

termine the degree of computational expense. An alternate less computationally de

manding possibility involves two feature points for the horizontal extents of the 

mouth, eye, and brow features, and one feature point for the centroid of each nostril. 

This would produce 12 feature points, giving 66 inter-feature distances, in turn 

yielding a total of 4290 inter-feature distance ratios. 

• Evidence has been presented suggesting face perception requires an initial overall 

examination of external features followed by a sequential analysis of internal fea

tures (Matthews 1978). Consequently, it may be advantageous to devise a simple 

spring-based facial template consisting of rectangular components similar to De Sil-

va et al. (1995) for purposes of initial face location. However, instead of including 

only edge information, both peak and valley information could also be incorporated. 

By peak and valley we mean the high and low intensity components in the image po

tential. A set of candidate facial contexts could then be obtained and ranked. At this 

stage, individual facial components in the topmost ranked candidate faces could be 

analyzed to establish whether or not the components possess the required facial fea

ture characteristics. The scheme just described is opposite the approach developed 

in this research. Instead of bottom-up analysis, a top-down analysis is performed. 

• A different approach might involve the use of 3-dimensional range data for detecting 

faces. The same basic types of facial templates described above can be incorporated 

with one addendum: 3-dimensional spatial relationships are now involved. This type 

of approach would render virtually irrelevant the presence of complex backgrounds 

in a scene, as depth information would be available to distinguish foreground and 

background objects. One possible additional benefit is that this representation might 

be considerably closer to the type of representation the human visual system uses for 

distinguishing among individuals. Some very preliminary work in this area has been 

pursued by Yacoob and Davis (1994b). 
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7.3 Final Remarks 

Face detection is a necessary an integral part of achieving automated face recognition. Par

ticularly if recognition is to occur in relatively unposed, and unconstrained environments. 

The merits of achieving this goal were expounded at the beginning of this work. It is a tes

timony to the unfathomable complexity of human facial processing, and human vision in 

general, how people are capable of detecting faces in such diverse and difficult environ

ments and conditions. Important information missing from scenes can usually be extrapo

lated from higher-level image understanding processes without difficulty. Conversely, the 

presence of redundant and extraneous information can often be filtered with the greatest of 

ease. Without question, we still have a great deal of work before us if we are to achieve our 

objective: completely automated face recognition by machine. This is just one step in the 

facial image understanding problem. A step whose solution may help to further the under

standing of the nature and origins of human facial processing, and ultimately, human 

vision. 



Appendix A 

Tabulation of Facial Feature and Pair 
Ranking Results 

This appendix contains the tabulation of facial feature and pair ranking results obtained by 

applying candidate feature detection and pairing on the M.I.T. facial database. Table A.8 

indicates the feature rankings for the mouth, nostrils, eyes, and brows. Pairing results for 

the eyes and brows are shown in Table A.9. Tables A.l and A.2 were used to construct the 

top ranking tables in Sections 6.2.1 and 6.2.2, respectively. 
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Table A.8: Facial feature rankings (mouth, left/right nostril, left/right eye, left/right brow). 
Parentheses indicate partial detection at the specified rank for the facial feature. 

Subject Normal 
Left 

Rotation 
Right 

Rotation 
Scale 

Reduction 
Light Angle 

at 7t/4 
Light Angle 

atrc/2 

Bill-Jarrold 

5 
1/6 
1/2 
12/4 

1 
8/6 
2/1 
6/1 

1 
1/13 
1/2 
1/5 

3 
10/12 
7/10 
3/1 

(2) 
2/1 
2/1 
7/1 

(9) 
4/1 

1/(15) 
2/1 

Brad 
(glasses) 

1 
3/1 

(10)/(16) 
1/2 

1 
3/1 

13/14 
(17)/(18) 

1 
1/6 

(6)/2 
2/6 

2 
5/12 

(13)/(5) 
1/4 

(1) 
2/1 
13/4 
1/2 

— 

David 
(beard) 

(1) 
0/17 
2/1 
4/5 

10 
21/3 
3/1 
6/3 

9 
53/5 
1/2 

1/15 

0 
0/0 
5/9 
1/5 

(4) 
55/56 

1/3 
4/5 

(4) 
0/13 
2/4 
3/6 

Foof 
(glasses) 

1 
37/48 

1/2 
2/1 

2 
26/60 

5/4 
(2)/ll 

4 
12/46 
3/2 
8/11 

1 
63/74 

(10)/12 
(15)/(23) 

(1) 
7/26 
8/1 
7/3 

(1) 
12/15 
(3)/l 
4/5 

Irfan 

3 
32/27 

1/2 
2/1 

(1) 
11/43 
3/1 
8/1 

(1) 
35/0 
1/3 
1/2 

5 
0/0 
7/6 
4/1 

0 
15/91 
2/5 
1/2 

(3) 
25/23 

3/7 
1/3 

Joel 

1 
1/2 
2/1 
3/2 

1 
2/1 
2/1 
3/1 

1 
3/1 
1/2 
2/1 

— 

1 
2/1 
1/2 
2/3 

5 
2/1 
1/(4) 
2/(1) 

Mike 
(beard, glasses) 

0 
10/5 

25/13 
0/0 

0 
59/72 
20/9 
0/8 

0 
10/16 
13/7 
0/0 

0 
18/29 
37/41 
0/0 

0 
9/2 

0/14 
0/0 

0 
3/1 

31/18 
0/0 

Ming 

1 
1/2 
2/1 
3/2 

1 
3/1 
2/1 
1/11 

1 
1/2 
1/3 
1/3 

3 
3/8 
1/3 
4/3 

(3) 
2/1 
1/2 
5/0 

2 
2/1 
2/1 

3/(10) 

Pascal 

1 
11/8 
2/1 
1/4 

1 
29/21 

2/1 
3/2 

1 
6/13 
1/2 
1/8 

1 
51/65 
19/17 

(17)/(19) 

(4) 
2/22 
1/(10) 

3/5 

(5) 
5/3 
1/7 

2/12 

Robert 

1 
26/29 
3/1 
7/3 

2 
7/30 
2/4 
2/10 

1 
32/27 
8/5 
5/7 

3 
0/31 

(6)/(5) 
0/0 

(7) 
70/36 
(6)/(4) 

0/0 

(1) 
60/0 

(20)/2 
0/0 
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Table A.8: Facial feature rankings (mouth, left/right nostril, left/right eye, left/right brow). 
Parentheses indicate partial detection at the specified rank for the facial feature. {Cont.) 

Subject Normal 
Left 

Rotation 
Right 

Rotation 
Scale 

Reduction 
Light Angle 

atTc/4 
Light Angle 

at 7i/2 

Stan 

1 
38/16 
5/1 
2/1 

3 
67/13 

1/3 
1/2 

4 
8/45 
3/4 
1/4 

3 
(18)/(18) 

(l)/7 
3/1 

(5) 
18/37 
10/2 
4/6 

4 
4/2 
7/4 
13/4 

Stephen 

3 
4/5 
1/2 
1/2 

1 
7/1 
2/1 
2/1 

8 
2/8 
1/3 
1/3 

1 
0/26 
12/9 
1/5 

(1) 
2/5 
2/4 
7/4 

(7) 
4/1 
2/3 
1/2 

Thad 
(glasses) 

1 
17/23 
3/1 
3/5 

2 
72/91 

2/3 
8/2 

1 
28/92 
(l)/4 
3/0 

1 
36/30 

5/7 
1/5 

(1) 
105/5 
(4)/9 

3/(12) 

(8) 
10/2 
9/10 
5/4 

Trevor 

1 
2/1 
2/1 
5/1 

2 
3/2 

4/10 
3/1 

1 
1/2 
3/2 
1/2 

1 
27/16 

5/8 
2/1 

3 
8/1 
5/4 
3/1 

(2) 
1/2 

4/10 
2/3 

Vmb 

2 
43/19 

3/2 
2/5 

8 
5/1 
2/1 
2/3 

3 
4/7 
1/2 
8/3 

4 
38/39 
(4)/3 
1/9 

7 
4/1 

2/(1) 
3/2 

(1) 
58/17 

6/5 
0/0 

Wave 

2 
19/71 
10/5 
3/1 

2 
73/81 
21/37 

7/4 

3 
11/46 
6/3 
1/3 

2 
45/38 

(12)/(11) 
(12)/1 

(1) 
7/91 
8/28 
2/4 

(4) 
30/58 

7/0 
4/0 

Table A.9: Eye and brow pair rankings (eyes/brows). Parentheses indicate additional 
lower quality eye or brow feature pairings at specified ranks. 

Subject Normal 
Left 

Rotation 
Right 

Rotation 
Scale 

Reduction 
Light Angle 

at 7i/4 
Light Angle 

at 7t/2 

Bill-Jarrold 1/2(1) 1/2 1/8 1/1 1/2 0/1 

Brad 

(glasses) 
0/1 1/(6) 0/1 (3)/l 2/1 — 

David 

(beard) 
1/2 2/2 1/2 1/1 2/1 1/1 

Foof 

(glasses) 
1/4(2) 1/(5) 3/2 (2)/(2) 1/2(4) 0/1 

Man 1/1 1/4 1/2 4/2 3/1 1/2 
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Table A.9: Eye and brow pair rankings (eyes/brows). Parentheses indicate additional 
lower quality eye or brow feature pairings at specified ranks. (Cont.) 

Subject Normal 
Left 

Rotation 
Right 

Rotation 
Scale 

Reduction 
Light Angle 

at 7i/4 
Light Angle 

at 71/2 

Joel 1/2 1/1 1/5 — 1/1 2/0 

Mike 

(beard, glasses) 
2/0 2/0 2/0 11/0 0/0 2/0 

Ming 1/1 1/7 2/4 1/2 1/0 1/0 

Pascal 1/2 1/2 1/1 4(2)(1 )/(3) (13X2 1/4 

Robert 1/1 1/2 2/1 2(1 )/0 (2)/0 0/0 

Stan 1/1 2/1 2/7(3) (2X1 1/1 1/1 

Stephen 1/1 1/4 1/2 3(1X1 2/2 2/1 

Thad 

(glasses) 
1/2 1/1 0/0 1/2 0/(5) 6/1 

Trevor 1/1 1/1 2/1 1/1 2/1 2/1 

Vmb 1/1 1/7 1/8(4X1) 0/1 0/1 1/0 

Wave 1/1 6/1 3/1 d)/o 15/1 0/0 



Appendix B 

Tabulation of Face Detection Results 

This appendix contains the tabulation of face detection results obtained by applying the 

algorithms described in the preceding chapters on the M.I.T. facial database. Table B.l 

indicates the face, facial feature, and pair rankings for the mouth, nose, eyes, and brows. 

This table was used to construct the face detection results for criteria I and II in 

Section 6.2.3. 

Table B.l: Face detection rankings (face, mouth/nose/eyes/brows). Parentheses indicate 
partial detection at the specified rank. Parentheses to the right of a facial rank indicates 
higher quality detection of the face at the specified lower rank. 

Subject Normal 
Left 

Rotation 
Right 

Rotation 
Scale 

Reduction 
Light Angle 

atn/4 
Light Angle 

atrc/2 

Bill-Jarrold 
1 1(2) 1 1 1 3 

Bill-Jarrold 
5/1/1/2 1/2/1/7 1/3/1/8 3/1/1/2 (2)/2/l/l (9)/l/4/12 

Brad 
(glasses) 

0 1 1 1 1 — Brad 
(glasses) 0/0/0/0 1/1/1/6 1/11/0/1 2/1/3/1 (l)/l/2/l — 

David 
(beard) 

1 2 1 (1) 1 7 David 
(beard) (l)/0/l/2 10/3/2/2 9/9/1/2 0/0/1/1 (4)/5/2/l (4)/0/l/l 

Foof 
(glasses) 

1 1(5) 1 1 1 1 Foof 
(glasses) 1/3/1/4 2/2/1/5 4/2/2/2 1/1/2/0 (l)/3/l/2 (l)/12/6/3 

Man 
1 1(3) (D(27) (1) (1) 1 

Man 
3/1/1/1 (l)/(5)/l/4 0/0/1/2 0/0/4/2 0/2/3/1 (3)/4/l/2 

Joel 
1 1 1 — 1 1 

Joel 
1/1/1/2 1/1/1/1 1/1/1/5 — 1/1/1/1 5/1/3/0 
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Table B.l: Face detection rankings (face, mouth/nose/eyes/brows). Parentheses indicate 
partial detection at the specified rank. Parentheses to the right of a facial rank indicates 
higher quality detection of the face at the specified lower rank. (Cont.) 

Subject Normal 
Left 

Rotation 
Right 

Rotation 
Scale 

Reduction 
Light Angle 

at 7i/4 
Light Angle 

at7t/2 

Mike 
(beard, glasses) 

0 0 (6) 0 0 0 Mike 
(beard, glasses) 0/0/0/0 0/0/1/0 0/1/2/0 0/0/9/0 0/1/0/0 0/1/0/0 

Ming 
1 1 1 1 1 1 

Ming 
1/1/1/1 1/1/1/7 1/1/2/4 3/1/1/2 (3)/ l / l /0 (2)/ l / l /0 

Pascal 
1 1 1 1 1 1 

Pascal 
1/2/1/2 1/1/1/2 1/1/1/1 1/1/4/5 (4)/l/13/2 (5)/l / l /4 

Robert 
1 1 1 0 (1) 0 

Robert 
1/1/1/1 2/1/1/2 1/4/2/3 0/0/1/0 (7)/6/0/0 (l)/0/0/0 

Stan 
1 1 1 1 1 1 

Stan 
1/1/1/1 3/1/2/1 4/2/2/3 3/(l)/2/l (5)/4/l/l 4/1/1/1 

Stephen 
1 1 1(2) (4) 1 1 

Stephen 
3/1/1/1 1/1/1/4 8/(2)/l/2 0/0/3/1 (l)/l /2/2 (7) / l / l / l 

Thad 
(glasses) 

1 1 (50) 1 1 1 Thad 
(glasses) 1/1/1/2 2/1/1/1 1/10/0/0 1/1/1/2 (l) / l /0/5 (8)/l/10/l 

Trevor 
1 1 1 1 1 1 

Trevor 
1/1/1/1 6/1/1/1 1/1/2/1 1/1/1/1 2/1/2/1 (2)/l/2/l 

Vmb 
1 2 1 1 (10) (10) 

Vmb 
2/1/1/1 3/1/1/4 3/1/1/6 4/1/0/3 7/1/0/1 (l)/8/5/0 

Wave 
1 1 1 (1) 1 0 

Wave 
2/1/1/1 2/1/2/1 3/1/3/1 2/1/1/0 (l)/2/12/l (4)/0/0/0 



Appendix C 

Experimental Face Detection Results 

This appendix illustrates the results of combined feature detection and pairing coupled 

with the spring-based anthropometric facial template. Each feature pair, in addition to the 

mouth, is labeled and colored according to the rank achieved during candidate feature 

detection and pairing. The bounding rectangle for the nose is labeled and colored accord

ing to the rank obtained for the nostril pair. For reference purposes, the nostrils maintain 

their individual rank colors assigned during candidate nostril detection and pairing in the 

nose context of the corresponding partial face. The bounding face rectangle is also colored 

and labeled according to rank which represents the overall rank of the complete face. In all 

images, red represents high rank (warm) and blue/magenta represents low rank (cool). 

Face detection results appear for images of the M.I.T. facial database in Figures C.l to 

C.6. These figures represent results from six different data sets including normal photo ID-

type poses, left and right head rotation poses, facial scale reduction poses, and poses with 

spot light sources at angles of 7T./4 and at nil radians, to the right of the subject. Lastly, 

Figure C.7 depicts face detection results on a small number of miscellaneous facial 

images. 
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Figure C. 1: Results of face detection for the normal data set. 
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Figure C.l: Results of face detection for the normal data set. (Cont.) 
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Figure C.2: Results of face detection for the left rotation data set. (Cont.) 
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Figure C.2: Results of face detection for the left rotation data set. (Cont, 
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Figure C.3: Results of face detection for the right rotation data set. (Cont., 
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Figure C.3: Results of face detection for the right rotation data set. (Cont.) 
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Figure C.3: Results of face detection for the right rotation data set. (Cont.) 
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Figure C.4: Results of face detection for the scale reduced data set. 
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Figure C.4: Results of face detection for the scale reduced data set. (Cont.) 
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Figure C.4: Results of face detection for the scale reduced data set. (Cont.) 
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Figure C.5: Results of face detection for the data set with light source at re/4. (Cont.) 
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Figure C.5: Results of face detection for the data set with light source at TtlA. (Cont.) 
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Figure C.6: Results of face detection for the data set with light source at 7t/2. 
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Figure C.6: Results of face detection for the data set with light source at nil. (Cont.) 
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Figure C.6: Results of face detection for the data set with light source at nl2. (Cont.) 
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Figure C.7: Results of face detection for miscellaneous facial images. 



Appendix D 

Conic Specification and Scan Conversion 

Algorithms for scan conversion of general conic sections have two parts: specifying the 

conic and performing the scan conversion. Since our experimental deformable templates 

utilize parabolic and circular curve segments, we are concerned only with the specification 

of these particular conic segments. The conic scan conversion algorithm adopted is based 

on that which appears in Foley et al. (1990) with some improvements to handle degenerate 

conies and conic arcs with uniform direction of motion. Our modified algorithm also in

cludes code fragments absent from the original algorithm including those responsible for 

(i) initialization of decision variables and increments, and (ii) scan conversion in the final 

drawing octant. The first two sections describe parabola and circle specification in terms 

of general conies. The final section explains and provides a solution to the termination 

condition problem present in the original algorithm. 

D.l Parabola Specification 

The midpoint conic generation algorithm in Foley et al. describes the general conic as a 

solution to an equation of the form 

S(x, y) = Ax2 + Bxy + Cy2 + Dx + Ey + F = 0 (D.l) 

Direction of motion indicates one of eight possible drawing octants, where each octant indicates the 
direction in which the conic scan conversion algorithm is tracking (see Section D.3). 
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We must derive the six coefficients A, B, C, D, E, and F in terms of more intuitive parame

ters specifying a parabola. We choose to specify the coefficients of (D.l) in terms of the 

analytic equation of a parabola given by 

v = f(x) = b + a(x-c)2 (D.2) 

where a is defined in terms of the parabola width and height, b is the vertical translation, 

and c is the horizontal translation. The precise relationship of a with the parabola width 

and height can be obtained by evaluating (D.2) at b = 0, c = 0, and x = vv/2 (see 

Figure D.l). Solving for a yields a = 4h/w2 where w * 0 . The sign of a indicates 

whether the parabola opens up (a > 0) or down (a < 0). When a = 0, the parabola de

generates into the horizontal line y = b. 

Rotating a parabola with vertical offset b and horizontal offset c through an angle 6 

about the origin produces a parabola defined in a new x'y'-coordinate system as shown in 

Figure D.2. Points in each of the coordinate systems are related by the rotation equations 

x' = *cos0-ysin0 (D.3) 

y' = xsinG + vcosG (D.4) 

We can obtain relations for x and y in terms of x' and y' by switching their roles in equa

tions (D.3) and (D.4), and by replacing 0 with - 0 . Using the trigonometric identities 

cos(-0) = cos0 and sin(-0) = -sin0 we obtain the alternate rotation equations 

x = ycos0 +y'sinG (D.5) 

y = v'cos0-x'sin0 (D.6) 

Substituting equations (D.5) and (D.6) into equation (D.2) gives 

(acos2Q)x'2 + (2acos0sin0)yy + (asin20)y'2 + (- 2accos0 + sin0);c' 

+ (- 2acsin0 - cos0)y' + b + ac2 = 0 (D.7) 

With regard to the six coefficients of equation (D.l) we have1 

A = acos20, B = 2acos0sin0, C = asin20, 

D = -2accos0+ sin0, E = - 2acsin0 - cos0 , F = b + ac2 (D.8) 
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y 

-> X 

w 

Figure D. 1: Parabola of width w and height h centered at the origin. 

Figure D.2: Off-center parabola rotated through an angle 0 about the origin. 
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Since the midpoint conic scan conversion algorithm requires the starting point P of the 

conic to be at the origin, we translate the parabola by -P where P = (Px, P ) giving 

S(x + Px,y + Py) = A(x + Px)* + B(x + Px)(y + Py) + C(y + Py)
2 

+D(x + Px) + E(y + Py) + F 

= Ax2 + Bxy + Cy2 + (2PXA + PyB + D)x 

+(PxB + 2PyC + E)y 

+P*A + PxPyB + P2C + PXD + PyE + F = 0 (D.9) 

The resulting coefficients in this shifted coordinate system are 

A' = A 

B = B 

C = C 

D' = 2PxA + PyB + D 

E = PXB + 2PyC + E 

F = P2
XA + PxPyB + P2

yC + PXD + PyE + F (D.10) 

Having derived the conic coefficients in (D.10), we have fully specified a parabola 

with vertical offset b, horizontal offset c, height h, width w, and tilt angle 6. 

D.2 Circle Specification 

Referring to the general equation of a conic in (D. 1) we must derive the six coefficients A, 

B, C, D, E, and F in terms of the parameters specifying a circle. We choose to specify 

these coefficients in terms of the implicit definition of a circle given by 

(x-hf + (y-k)2 = r2 (D.ll) 

'Care must be taken when specifying a parabola that opens downwards {a < 0) since gradient calcula
tions made during scan conversion would otherwise be incorrect due to inversion of the interior and exterior 
plane regions of the parabola. To remedy this, we can define the parabola of equation (D.2) in terms of a > 0 
by adding K to the tilt angle 0 and negating the a, b, and c parameters. The resulting parabola will have the 
same orientation as the original. 
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where r describes the radius of the circle, h is the horizontal translation, and k is the verti

cal translation. Proceeding in a manner analogous to that described in section (D. 1) we ob

tain the alternate rotation equations (D.5) and (D.6). Substituting these equations into 

equation (D.l) gives 

x'2 + y'2 + (-2/zcosO - 2ksinQ)x' + (-2/zsin8 - 2fccos0)/ 

+ h2 + k2-r2 = 0 (D.12) 

With regard to the six coefficients of equation (D. 1) we have 

A = 1, 5 = 0, C = 1, 

D = -2/zcos6-2A:sin9, E = -2/isinO - 2/tcosO, F = h2 + k2- r2 (D.13) 

Again, since the midpoint conic scan conversion algorithm requires the starting point 

P of the conic to be at the origin, we translate the circle by -P where P = (Px,Py) giving 

equation (D.9). As before, the resulting coefficients in this shifted coordinate system are 

given by (D.10), only now they refer to the coefficient definitions in (D.13). This yields a 

fully specified circle with radius r, horizontal offset h, vertical offset k, and tilt angle 0. 

D.3 Conic Scan Conversion 

The conic scan conversion algorithm in Foley et al. divides scan conversion into eight 

drawing octants. The drawing octant indicates the direction in which the algorithm is 

tracking. Individual moves are classified as square moves or diagonal moves depending on 

whether one coordinate changes or both. Table D. 1 indicates the directions of motion in 

each octant. The direction of motion for the starting octant is obtained by rotating the gra

dient vector at the conic starting point by 7i/2 and examining in which octant the resulting 

coordinates lie. Figure D.3 shows the eight drawing octants and the corresponding arcs on 

typical parabolas. 

However, the algorithm fails to correctly scan converts conic arcs with uniform direc

tion of motion. The failing of the algorithm results from an incorrect handling of terminal 

conditions rather than from problems with the scan conversion proper. A uniform direc

tion of motion implies that all points on the conic arc, including the end points, share the 
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(a) (b) 

Figure D.3: Drawing octants, (a) The eight drawing octants corresponding to tangential 
segments of the curve, (b) Typical parabolas partitioned and labeled by drawing octant. 

same drawing octant. The end point Q is assumed to lie some counterclockwise distance 

along the conic from start point P. In the case of closed conies such as circles and ellipses, 

the algorithm scan converts from start point P, but then erroneously scan converts passed 

end point Q, tracks through the remaining seven octants, passes once again through start 

point P, and finally terminates at end point Q. Consequently, the entire conic is scan con

verted, with the required arc scan converted twice. For open conies such as parabolas and 

hyperbola branches, the algorithm scan converts from start point P, erroneously proceeds 

to scan convert passed end point Q, and then attempts to track through the remaining seven 

octants to eventually arrive once again at end point Q. However, the algorithm never termi-

Table D. 1: Directions of motion for the eight drawing octants. (From Foley et al. 1990.) 

Octant 
Square Move Diagonal Move 

Octant 
Ax Ay Ax Av 

1 1 0 1 

2 0 1 1 

3 0 1 -1 

4 -1 0 -1 

5 -1 0 -1 -1 

6 0 -1 -1 -1 

7 0 -1 1 -1 

8 1 0 1 -1 

Foley et al. (1990) perform all drawing in a counterclockwise direction. Therefore, the end point 
should always be some counterclockwise distance along the conic from the start point. 
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(a) (b) 

Figure D.4: Failed scan conversion of conic arcs with uniform direction of motion (based 
on the algorithm in Foley et al. 1990). Dashed curves represent those portions of the conic 
that are scan converted, (a) Scan conversion of the parabola arc PQ never terminates, 
(b) Repeated scan conversion of the ellipse arc PQ. 

nates in these cases since it is impossible to traverse all eight drawing octants. Figure D.4 

provides examples of the cases where the algorithm fails. 

To address these problems we consider separately the cases when P and Q lie in the 

same drawing octant as illustrated in Figure D.5. If we are dealing with an open conic then 

only one possibility exists: scan conversion must track exclusively within the drawing oc

tant containing points P and Q. This is the only possible choice since the remaining seven 

octants cannot be traversed to arrive at Q some counterclockwise distance from P. If we 

are dealing with a closed conic then two possibilities exist depending on whether the di

rection of motion along the conic arc is uniform. If the direction of motion is uniform then 

scan conversion must track exclusively within the drawing octant containing points P and 

Q. Otherwise, scan conversion must track through the remaining seven octants until Q is 

encountered for the first time. The difficulty in handling closed conies lies in determining 

which of these situations has arisen. The approach adopted involves performing a single it

eration of the scan conversion algorithm denoting the pixel resulting from the step as R. If 

the 4-adjacent pixel distance \\PQ\\ is greater than the 4-adjacent pixel distance \\RQ\\ , 

then the step brought us closer to Q. Consequently, scan conversion must track exclusively 

within the drawing octant containing points P and Q. Conversely, if the 4-adjacent pixel 

distance \\PQ\\ is less than the 4-adjacent pixel distance \\RQ\\, then the step took us fur

ther away from Q. This implies that scan conversion must track through the remaining 

seven octants until Q is encountered. The function for determining whether the arc to be 
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(a) (b) (c) 

Figure D.5: Cases when start point P and end point Q lie in the same drawing octant. 
Dashed curves represent those portions of the conic that should be scan converted, 
(a) Parabola arc with uniform direction of motion, (b) Ellipse arc with uniform direction 
of motion, (c) Ellipse arc with nonuniform direction of motion. 

scan converted has uniform direction of motion is given in Figure D.6. Incorporating this 

function into the scan conversion algorithm requires a slight modification to the condition

al expression in the Conic procedure that determines the number of octants to be drawn: 

if octantCount <= 0 and 
not UniformDOMCx?, ys, xe, ye, octant, octantCount, 

d, dxsquare, dysquare, dxdiag, dydiag) then 
octantCount := octantCount + 8; 

As a direct side effect of these modifications, degenerate conies such as straight lines can 

now be handled with appropriate specification. They are simply treated as conic arcs with 

uniform direction of motion. 

One final modification to the original algorithm involves the GetOctant function. We 

have modified all conditionals to include tests for zero equality so that horizontal and ver

tical gradients can be classified into appropriate drawing octants. This is important if the 

starting point for scan conversion happens to lie at a location on the conic that has a hori

zontal or vertical gradient. The modified GetOctant function and Conic scan conversion 

procedure are given in Figures D.7 and D.8. The Conic procedure includes the missing 

code fragments from the original algorithm that initializes decision and update variables, 

and scan converts in the final drawing octant. 
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function UniformDOM( 
xs, ys, 
xe, ye, 
octant, 
octantCount, 
d, 
dxsquare, dysquare, 
dxdiag, dydiag : boolean); 

var 
x, y: integer; 

{Starting point} 
{Ending point} 
{Start octant} 
{Number of octants to be drawn} 
{Decision variable} 
{Change in (x,y) for square moves} 
{Change in (x,y) for diagonal moves} 

{Current point} 
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begin 
x := x + dxsquare; 
y := y + dysquare 

end 
end {Octant is even} 

end {octantCount is zero} 
if abs(;t£ - x) + abs(ve - v) < abs(.xe - xs) + abs(ve - ys) then 

UniformDOM := true 
else 

UniformDOM := false 
end; {UniformDOM} 

Figure D.6: A function to determine if a conic arc has uniform direction of motion (Cont.) 

function GetOctant (X, Y: integer): integer; 
begin 

assert(X <> 0 or F<> 0); 
i f X > = 0 a n d y < = 0 t h e n 

if X < -Y then GetOctant := 1 
else GetOctant := 2; 

ifZ >=0 and F>=0 then 
if X > Y then GetOctant := 3 
else GetOctant := 4; 

ifZ <=0 and 7>=0 then 
if -X < Fthen GetOctant := 5 
else GetOctant := 6; 

i fX<=0andF<=0 then 
if -X > -Fthen GetOctant := 7 
else GetOctant := 8; 

end; {GetOctant} 

Figure D.7: Determining the drawing octant from components of the gradient. 
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procedure Conic( 
xs, ys, 
xe, ye, 
A, B, C, D,E,F: integer); 

var 
x, y : integer; 
octant: integer; 
dxsquare, dysquare :integer; 
dxdiag, dydiag : integer; 
d, u, v, kl, k2, k3 : integer; 
dSdx, dSdy : integer; 
octantCount: integer; 
tmp : integer; 
steps : integer; 

{Starting point} 
{Ending point} 
{Coefficients} 

{Current point} 
{Current octant} 
{Change in (x, y) for square moves} 
{Change in (x, y) for diagonal moves} 
{Decision variables and increments} 
{Components of gradient} 
{Number of octants to be drawn} 
{Used to perform a swap} 
{Number of steps in last octant} 

begin 
octant := GetOctant(Z), E); 
case octant of 

1: begin 
d := round(A + 5/2 + CIA + D + Ell + F); 
u := round(A + 5/2 + D); 
v := round(A + BI1 + D + E); 
kl := 2*A; 
kl := 2*A + B; 
kS := 2*(A + B + Q; 
dxsquare := 1; 
dysquare := 0; 
dxdiag := 1; 
dydiag := 1 

end; 
2: begin 

d := round(A/4 + BI2 +C+ DI1 +E + F); 
w:=round(5/2 + C + £); 
v := round(B/2 + C + D + E)\ 
kl := 2*C; 
k2:=B + 2*C; 
k3 := 2*(A + B + C); 
dxsquare := 0; 
dysquare := 1; 
dxdiag := 1; 
dydiag := 1 

end; 

Figure D.8: The main procedure for scan converting conies. 
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3: begin 
d := round(A/4 -B/2 +C-D/2 + E + F); 
u := round(-5/2 + C + E); 
v := round(-5/2 + C - D + E); 
kl := 2*C; 
k2 := -B + 2*C; 
k3 := 2*(A - 5 + Q; 
dxsquare := 0; 
dysquare := 1; 
dxdiag := - l ; 
dydiag := 1 

end; 
4: begin 

J := round(A - S/2 + C/4 - £> + £/2 + F); 
« := round(A - B/2 - D); 
v := round(A -BI2-D + E); 
kl := 2*A; 
k2 := 2*A - 5; 
fc3:=2*(A-5 + C); 
dxsquare := - 1 ; 
dysquare := 0; 
dxdiag := - 1 ; 
dydiag := 1 

end; 
5: begin 

d := round(A + B/2 + C/4 - D - EI2 + F); 
u := round(A + 5/2 - £>); 
v := round(A + B/2-D-E); 
kl := 2*A; 
&2 := 2*A + B; 
k3 := 2*(A + B + Q; 
dxsquare := - 1 ; 
dysquare := 0; 
dxdiag : = - l ; 
dydiag :=- l 

end; 
6: begin 

J := round(A/4 + BI2 + C-DI2-E + F); 
«:=round(5/2 + C - £ ) ; 
v:=round(fi/2 + C-D-E); 
£7 := 2*C; 
k2:=B + 2*C; 

Figure D.8: The main procedure for scan converting conies. (Cont.) 
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k3 := 2*(A + B + Q; 
dxsquare := 0; 
dysquare : = - l ; 
dxdiag := - l ; 
dydiag := -1 

end; 
7: begin 

d := round(A - B/2 + C/4 + D/2-E + F); 
u:=round(-5/2 + C - £ ) ; 
v := round(-#/2 + C + D-E); 
kl := 2*C; 
k2 := -B + 2*C; 
k3 := 2*(A - B + Q; 
dxsquare := 0; 
dy square := - l ; 
dxdiag := 1; 
dydiag := -1 

end; 
8: begin 

J := round(A - 5/2 + C/4 + D - E/2 + F); 
u := vound(A - B/2 + D); 
v := round(A -B/2 + D-E); 
kl := 2*A; 
k2 := 2*A - B; 
k3 •- 2*(A - B + O ; 
dxsquare := 1; 
dysquare := 0; 
dxdiag := 1; 
dydiag := -1 

end 
end; 

{Translate (xs, js) to the origin.} 
JC :=*e -xs ; 
y := ye - ^ ; 

{Obtain the gradient at the endpoint.} 
dSdx := 2*A*x + B*y + D; 
dSdy := B*x + 2*C*y + E; 

Figure D.8: The main procedure for scan converting conies. (Cont.) 
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{This determines the ending octant.} 
octantCount := Get0ctant(J5Jx, dSdy) — octant; 
if octantCount <- 0 and 

not UniformDOM(x5', ys, xe, ye, octant, octantCount, 
d, dxsquare, dysquare, dxdiag, dydiag) then 

octantCount := octantCount + 8; 

{Now we actually draw the curve.} 

y •= y^, 

while octantCount > 0 do 
begin 

if odd(octant) then 
begin 

while v <= k2/2 do 
begin 

DrawPixelQt, y); 
if {d < 0) then 

begin 
x :=x + dxsquare; 
v := y + dysquare; 
u := u + kl; 
v := v + k2; 
d := d + u 

end 
else 

begin 
x :=x + dxdiag; 
y:=y + dydiag; 
u:= u + k2; 
v := v + k3; 
d:=d+v 

end 
end; {while v <= k2/2} 

{We now cross the diagonal octant boundary.} 
d := round(J - u - v/2 - k2/2 + 3*k3/8); 
u := round(-w + v - kill + k3l2); 
v := round(v - k2 + k3/2); 
kl := kl - 2*k2 + k3; 
k2 := k3 - k2; 

Figure D.8: The main procedure for scan converting conies 
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tmp := dxsquare 
dxsquare := -dysquare; 
dysquare := tmp; 

end {Check if octant is odd} 
else {Octant is even} 

begin 
while u < k2/2 do 

begin 
Draw Pixel (x, v); 
if (d < 0) then 

begin 
x :—x + dxdiag; 
y := v + dydiag; 
u := u + k.2; 
v := v + k3; 
d:=d + v 

end 
else 

begin 
x :-x + dxsquare; 
y :=y + dysquare; 
u := u + kl; 
v := v + k2; 
d:= d + u 

end 
end; {while u < k2/2} 

{We now cross the square octant boundary.} 
d := d + u - v + kl - k2; 
v := 2*w - v + kl - k2; {Do v first; it depends on u) 
u := u + kl - k2; 
k3 := 4*(kl - k2) + k3; 
k2 := 2*kl - k2; 
tmp := dxdiag; 
dxdiag := -dydiag; 
dydiag := tmp; 

end; {Octant is even} 
octant := octant + 1; 
if octant > 8 then octant:- octant - 8; 
octantCount := octantCount - 1; 

end {while octantCount > 0} 

Figure D.8: The main procedure for scan converting conies. {Cont.) 
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{Have entered last octant; continue drawing until last pixel is reached.} 
steps := abs(xe - x) + abs(ye - y); 
if xs = xe and ys = ye then steps := steps - 1; 
if odd(octant) then 

begin 
while steps >= 0 do 

begin 
DrawPixel(x, y); 
ifd<0 then 

begin 
x := x + dxsquare; 
y := y + dysquare; 
u:= u + kl; 
v := v + k2; 
d := d + u; 
steps := steps - 1 

end 
else 

begin 
x :- x + dxdiag; 
y:=y + dydiag; 
u := u + k2; 
v := v + k3; 
d:=d+ v; 
steps := steps - 2 

end 
end {while steps >= 0} 

end 
else {Octant is even} 

begin 
while steps >= 0 do 

begin 
DrawPixel(.x, y); 
ifd<0 then 

begin 
x := x + dxdiag; 
y:=y + dydiag; 
u:= u + k2; 
v :- v + k3; 
d :=d + v; 

Figure D.8: The main procedure for scan converting conies. (Cont.) 
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else 
begin 

x := x + dxsquare; 
y := y + dysquare; 
u := u + kl; 
v := v + &2; 
J := d + u; 
steps := steps - 1 

end 
end {while steps >= 0} 

end {Octant is even} 
end; {Conic} 

Figure D.8: The main procedure for scan converting conies 
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