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Abstract

This thesis describes the technical concept, design and inpmentation of a
novel facial composite system which exploits the intrinsichuman capacity for
facial recognition and comparison.

Existing commercial systems for the computer generation ofacial compos-
ites su®er from some well-documented weaknesses, notably thendency to
focus exclusively on featural information. The scienti ¢, psychological and op-
erational motivation for a new approach is rst outlined and t hen the basic
design presented. A system based on this novel approach, kwo as EigenFIT,
is adaptable and exploits the concept of knowledge integrabn in which global,
featural and semantic information supplied by a witness canall be seamlessly
incorporated into the compaosite construction process.

The work presented is primarily concerned with the generaton and manipu-
lation of plausible face stimuli which are displayed in a mamer that is matched
to the needs of witnesses and composite operators. A modelfafcial appearance
based on statistical learning procedures is outlined. The hesis shows how this
model can be combined with suitable image processing techmiles to generate
near photo-realistic composite faces across gender, ethnarigin and age.

Also described is advanced functionality which allows a witess to directly
manipulate individual features, automatically age faces,combine faces and alter
perceived facial attributes in a simple and direct fashion. A novel exploration of
the caricature e®ect and its potential impact on e®ective compsite production
is also presented. Preliminary results of both laboratory esting and trials of the
prototype system and its experimental, operational use by UK. police forces is
discussed.

A computer terminal is not some clunky old television with a ype-
writer in front of it. It is an interface where the mind and body can
connect with the universe and move bits of it about.

Douglas Noel Adams
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Chapter 1

Introduction to facial
composites

In the event of a crime, police oxcers often rely to some extenton a witness
to provide a comprehensive account of the incident. In someircumstances,
the witness has to convey a description of the perpetrator baed only on a
brief encounter. The pertinent question is how do you accurtely convey the
perpetrator's face when the image only exists as a memory inhte withess' mind?
This corresponds well to the typical circumstances under with a trained
police oxcer will subsequently work with the victim (or other witness to a
crime) in an attempt to produce a facial likeness or facial conposite of the
perpetrator. Unless the witness is a gifted artist it is unlikely that he or she
will be able to provide a reliable sketch of the o®ender/perptator. Typically,
assuming of course that the attacker is unknown to the witnes, he or she
will “rst be asked to provide a detailed verbal description of the attacker and
to recount the incident in as much detail as possible. When tke interview is
complete, an attempt is then made to produce a likeness undethe guidance
of a specially trained operator. Whilst sketch artists are gill used widely in
the U.S., this process will most likely (in the U.K. at least) use some form of
computerized facial composite system A facial composite system is therefore
a tool designed to allow the expression of the facial appearee retained in the
witness' memory in some tangible form such as a digital imageor computer
print-out. The desired outcome is that the generated compoge be of suzcient
accuracy that subsequent display to members of the public Wi result in direct
recognition and that the details of the suspect will be suppied to the police. In
many cases, a generated composite may not be accurate enoughproduce a
de nite 'hit' but will nonetheless provoke members of the public who recognize
basic similarities to provide the names of possible suspegt In most cases, it



is the combination of the composite with other basic informaion such as age,
build, domicile and the type of crime that results in the provision of suspect
names.

The process by which a witness and a composite operator arrévat a -
nal facial composite is a complex interplay of computer imaghg and human
cognitive function and the nal result depends on a number of fctors. The
overall success of the composite process is, rst and forentpgeliant on the
witness' ability to retain some memory of the face in questim. Undoubtedly
some people are better equipped to perform this task than othrs. Other fac-
tors such as the witness' state of mind (i.e. they may be in vaious degrees of
shock as a result of the crime), the period of time over which lhe crime took
place, the proximity of the perpetrator to the witness during the crime, and the
time elapsed between the crime and the composite construain will also a®ect
the memory. From a scienti ¢ and technological perspective there are critical
aspects to consider in the design of an e®ective composite sy%. It should
provide suzcient °exibility of use and image quality to meet th e needs of dif-
ferent withesses and operators and should be constructedsamuch as possible,
to match their normal cognitive processes.

In the absence of any photographic evidence such as CCTV foage, the
witness' memory of the perpetrator will be the only means forconstructing a
resemblance to the face and it is vital to the successful pragss of many criminal
investigations that the best possible result be obtained. Athough systematic
methods for remembering faces have been outlined by Penryhe inventor of the
PhotoFIT system [71] it is unreasonable and impractical to pect that potential
witnesses and victims will be well trained in these techniqes. Rather, the
emphasis must be on the design of composite systems and asisted interview
techniques which allow the best evidence to be produced by dmary members
of the public. A substantial body of psychological researci{which is discussed in
more detail in the following sections) suggests that the vasmajority of existing
facial composite systems may not operate in a way which allog/ this.

The key point emerging from this work is the relative weakness of human-
beings at the process of recall and descriptionf faces as contrasted with their
remarkable capacity for face recognition. In simple termsfo rst recall and then
accurately describe a face, even that of a family member or alase relative,
is cognitively ditcult. The facial composite systems currertly favoured by
international police forces rely on a construction processn which individual
facial features (eyes, nose, mouth, eyebrows, etc) are seted one at a time from
a large library and then electronically 'overlaid' to make the composite image.



Although substantial improvements have been made over ear systems such
as ldentiKit I and PhotoFIT, a considerable body of evidence now suggests
that the task of face recognition and synthesis does not lendtself to simple
decomposition into features and is, at least partly, a glob&process [100, 12, 67]
which relies on the inherent spatial/textural relations between all the features
in the face. Our ability to visualize facial features is highly variable and the
accurate verbal description of faces notoriously dixcult (the vocabulary of the
verbal medium is simply not matched to the direct cognitive experience of
seeing and recognising a face). The human face perception of@nism seems
designed primarily to recognise faces and it is accepted thahe recollection and
visualization of even familiar faces (let alone unfamiliarfaces seen only brie°y)
is more dixcult. Indeed, previous research has suggested thahe need for the
witness to recall and verbally describe the face to the opetar could be the
weakest link in the composite construction process [94]. Tése two basic facts
currently mean that the generation of facial composites usig isolated facial
features is time-consuming (sometimes taking many hours) ash requires tasks
(recall and verbalization) that the witness may nd very ditcu It.

The work described in this thesis is an attempt to explore anddevelop
an alternative approach to facial composite production whth directly exploits
the human capacity for tasks related to facial recognition. The basis of this ap-
proach consists of two essential parts - i) A generative (anchear photo-realistic)
model of human facial appearance which is able to randomly prduce plausible
human faces and ii) An interactive evolutionary algorithm in which new groups
of faces are produced as a result of the witness' responses poeviously gen-
erated faces. This thesis also describes techniques whick®ectively allow the
direct incorporation of speci ¢ featural and semantic information provided by
a witness.

Chapter 2 outlines the central mathematical concepts and fandations on
which much of this thesis is based. The essential conceptuand computer
implementation of this approach to composite construction(termed EigenFIT)
is described in Chapter 3. Chapter 4 describes four additioal tools that en-
hance the functionality of the composite procedure detaild in the preceding
chapter, by integrating semantic and feature based knowlede with holistic rep-
resentations of the face. A novel technique for fast geomeir transformation
(warping), which has important practical implications for a system based on
this approach, is described in Chapter 5. Chapter 6 outlinesvork on non-linear
caricature transformations, which can be described usingtte facial appearance
model, and its implications for composite production and bgond. Finally,



4 1.1 Review of established composite methods

Chapter 7 gives a summary of the work to date, and a discussiomutlining
proposed future developments.

In the remainder of this chapter, the focus is on the motivation for this
work. First, an overview of the better known existing commercial composite
systems is o®ered and then the current developments in the eldre reviewed.

1.1 Review of established composite methods

1.1.1 The artist's sketch

One approach to generating a likeness to a perpetrator is toraploy a police
sketch artist. Sketch artists perform the same function as acomposite sys-
tem and its operator by translating a witness' verbal descrption into a pencil
drawing of the perpetrator's face. The exact technique vares from artist to
artist. The procedure adopted by American sketch artist Gil Zamora [101] is
given as a speci ¢ example. The witness is interviewed, begiting with a few
preliminary questions about the age, race and body build of he suspect. Once
these questions have been answered, more speci ¢ enquiriese anade about
the face shape, hair and ears. The internal facial featuresra the last part of
the sketch to be drawn, working around the face and concludig with the eyes.
The witness remains seated during the interview with their e/es closed during
the rst "ve minutes of questioning. This helps them to relax and focus. After
the initial sketch is nished the witness must comment on its accuracy and
make suggestions for improvements. The whole process takapproximately 45
minutes. Since no dataset is required, the range of di®erentes that can be
produced is limited only by the artist's knowledge of natural facial variation.
The drawbacks are that the artist needs to be highly skilled n both their draw-
ing ability and interview technique. Artistic ability is no t a skill that is easily
acquired, therefore, unlike many other methods used in cririmal investigations,
it can not be easily taught. Furthermore, the artist's sketch is by its very na-
ture a subjective interpretation of the witness' verbal de<ription, and as such
is liable to inaccuracies unless a strong understanding isstablished between
the witness and artist.

1.1.2 Identikit

Developed by P.J. Dunleavy and released in 1959, Identikit lwas the rst

alternative to the sketch artist. Indentikit | was a mechani cal system based on
line drawings of individual facial features. The line drawings were printed on
transparencies and overlaid to produce the composite imageHence a likeness
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Figure 1.1: Likenesses to o®enders, produced by sketch attigil Zamora.

to a chosen face could be 'composed' from a selection of coitgent features
or parts, leading to the term facial composite. The system catained a limited
library (for example, there were only 130 hairstyles) from which the witness
was required to choose a set of appropriate facial featuresThe features could
not be resized or moved in relation to each other. ldentikit | was superseded
in 1975 by Identikit 1l which used monochrome photographic fatures rather
than line drawings. These were the predominant systems of aice in the U.S,,
a similar system called PhotoFIT being more prevalent in the U.K.

I:pi-n.iu-n R
U, .
VP
P e ey S
P
i _ITTFH‘- [l Bl K

i s meweaes oesse | BASIC FILL FALCE KIT

Figure 1.2: Identikit composite pack. Facial features wereprinted on card. The
chosen features were slotted into a frame, forming the comgsite image.
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1.1.3 PhotoFIT

PhotoFIT is an acronym for Photographic Facial Identi catio n Technique. This
mechanical composite system was invented by Jacques Pennna introduced
to U.K. police forces in April 1970 with the backing of the Home Ozce. As
the name PhotoFIT suggests, this system used monochrome photographs of
exemplar faces. The photographs were reproduced on card anclit into ve
separate pieces relating to speci ¢ facial regions. The aviible regions were
chin, mouth, nose, eyes with eyebrows, and a single card inadling the forehead,
hair and ears. 550 di®erent features were provided for selégh by the witness
with guidance from a trained operator. Sorting through all 550 cards would
be cumbersome, so a book referred to as a visual index was uskx selection
purposes. The cards corresponding to the features selectddom the visual
index were then arranged in a frame to form the composite facelf required,
additional details such as scars were drawn on transparenes and overlaid on
the composite image. In the UK, the name PhotoFIT became synoymous
with the term facial composite. It is occasionally used tody when referring
to composites, despite the fact that the system itself has ben superseded by
computer software packages that perform the same task moreteiently. One of
the main bene ts of PhotoFIT over other systems was its photogaphic feature
library. Ironically, this was also one of its disadvantagessince the joins between
di®erent face regions remained visible in the nal compositeThis problem was
not so apparent in the less ambitious systems which used sintgr line drawings.

Figure 1.3: Diagram indicating the feature components usedn the card based
PhotoFIT system.



7 1.1 Review of established composite methods

1.1.4 E-FIT (for Windows)

E-FIT (Electronic Facial Identi cation Technique) [3] is a co mputer software
package that runs on the Windows operating system. E-FIT is urderpinned
by the same feature based methodology as PhotoFIT, but has atwsiderably
more functionality, and also attempts to address some of PhtwFIT's psycho-
logical de ciencies. Bennett [3] outlines the steps taken tduild a more reliable
composite system as requested by the U.K. Home Ozxce and recomemded by
the Aberdeen University Psychology Department [29]. Sinceits inception E-
FIT has become the most advanced commercially available coposite software
package to date, and is used by police forces and security séces across the
world. Due to the complexity of this package, it is essentialthat a trained
operator work with the witness. The rst and arguably most imp ortant step in
creating a composite using the E-FIT system is for the operatorto interview
the witness in order to acquire a verbal description of the sapect. According
to Aspley, the manufacturers of E-FIT, an operator who has reeived compre-
hensive training in cognitive interviewing methods can expect to obtain 40%
more information than normally obtained using standard interview technigues.
An extensive library of facial features (in this context referred to as a database)
is provided comprising exemplar images of hair, eyebrows,yes, nose, mouth,
ears and face-shape (including chin) regions. Searching thentire database for
suitable features would be prohibitively time consuming, rence the description
is entered into the system by means of a series of radio butt@ from which
the system's 'Intellisearch’ algorithm produces an initial exploratory composite
image. This "rst guess' likeness functions as a starting pait from which the
“nal composite can be created. The witness instructs the opeator to swap or
modify speci c features with which he/she is unsatis ed, thereby improving the
likeness to the suspect. In this respect, the facial feature are manipulated in
context, i.e. within the face. This is a departure from systams that require the
witness to select features using only a visual index. Therera psychological
advantages in favour of modifying the features in-situ. It should be made clear
that the process described here is a pseudo-global techniqudhe E-FIT sys-
tem, like the mechanical systems that pre-date it, is inheretly a feature-based
approach to facial composite production. However, it does Ave some advan-
tages over other systems. Features can be moved and rescal@ddependently
in the horizontal and vertical directions) and blended together to produce al-
most seamless joins between di®erent face regions. It alsosha wide range of
beards, moustaches and other facial appendages that can dlgsbe added to
the composite. At present, E-FIT sets the benchmark for compagite systems.
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Figure 1.4: Graphical interface for the E-FIT composite sysem.

1.1.5 Mac-a-Mug

Developed by Shaherazam, this system was introduced to U.Solice forces in
the mid 1980s. The software, as the name indicates, only runen Macintosh
computers. The graphical user interface is depicted in gurel.5. The system
is based on the use of sketch-like individual facial featurethat are overlaid on
top of a template forming a homogeneous composite without f&ure bound-
aries. Each feature can be independently resized, rotatedral translated. This
feature transformation option was a major improvement overprevious systems,
allowing a large number of combinations to be created from amall library of
approximately 500 base features and facial appendages.

The rst study on the performance of the Mac-a-Mug system was unér-
taken by Cutler, Stocklein and Penrod [24]. In this study, an expert operator
created composites of di®erent targets, which were always sible during the
composite process. Participants in the experiment were agld to match the
composites to photographs of the real target faces. An astdshing 49% accu-
racy was recorded in this experiment, implying that the Mac-aMug system was
highly successful in creating realistic composite imagesLater studies carried
out by Koehn and Fisher [58], in which the target faces were nbshown during
the compositing process, indicated that real performance othe system was a
mere 4%. In the same experiment, a trained operator also créad composites
from life, increasing the performance of the system to 77%, raphasizing that
the problem with reconstruction lies in the capacity of the witness to remember
a face.
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Figure 1.5: Mac-a-Mug GUI.

1.1.6 ComPHOTO't

ComPHOTO't is distributed by American based company, Sirchie Inc. [81].
The most recent version contains 1,500 colour images of fadi features and
appendages. Features can be positioned, resized, moved,peéad and modi ed
as requested by the witness. Accessories such as glassedshmoustaches and
beards can be added and some functionality for introducing ging e®ects is also
provided. The software is currently used by over one thousad law enforcement
agencies worldwide and is the most widely used composite ggsn in America
at present.
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Figure 1.6: Comphotot t graphical user interface.

1.1.7 PROt

PRO tis a feature based system currently available and markéed by ABM [1].
It replaced ABM's previous composite software, CD-t. PROt co ntains a com-
prehensive database of 20,000 facial features spanning AfCaribbean, Cau-
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casian, Mediterranean, North African, and Far Eastern ethnic groups. Features
can be re-sized, repositioned, lightened or darkened. An imtrnal drawing pack-
age allows modi cation of existing facial features and the adition of distinctive
marks such as scars. Composites of the same subject, produlday di®erent wit-
nesses, can be morphed together with the aim of producing a me accurate
likeness. 3/4 ts can also be made where the witness only had agptial view of
the o®ender. The software interfaces with another ABM produt called Pro le,
which compares the composite image to a database of face imeg

Figure 1.7: PRO t is capable of producing 3/4 view composite mages.

1.2 The psychology of generating facial composites

1.2.1 Face recognition and retrieval

An essential requirement of any composite system is its alitly to represent facial
variation from an appropriate population. For instance, a system that can only
represent white females will be ine®ective for creating likeesses to Chinese
males. Composite systems to date have been limited in this spect due to the
extent of their feature libraries/databases. Conversely,a sketch artist is only
restricted by knowledge of di®erent face types and an abilityto capture the
essence of these faces in a sketch. Later systems (notably By address this
problem by compiling extensive databases of facial featue With databases
increasing in size, the problem of organizing and accessirthe components for
building composite faces becomes more complex. Storing, drto some degree
retrieving, images of faces is a task which the human mind pdorms countless
times each day. It is an essential part of our social interadbn required for
everyday life.

Geometric models of how the mind organises face imagery haJgeen pro-
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posed. The generic term for such a model iface-space rst proposed by Valen-
tine [96]. In a face-space model, the face of an individual sybct occupies a
particular position within the space, and spatial relationships between subjects
can be used to explain e®ects including distinctiveness, daature, inversion
and race. Since the process of generating a composite is e®eslly an attempt
to retrieve a face from memory, advantages may be gained in deloping a com-
posite system that operates in a manner that is harmonious wh face-space.

Valentine formalized two abstractions of face-space;norm based coding
(NBC) in which distinctiveness is governed by the distance fom a central proto-
type face, andexemplar based codindEBC) in which the face is judged purely
by its proximity to other faces. Making a distinction between these two rep-
resentations can be problematic. If the exemplars are normiyy distributed in
face-space, the region of maximum exemplar density will cogspond to a central
prototype as described by the NBC model. Both models predictthat typical
faces occur in densely populated regions of face-space andtilictive faces are
located in sparsely populated regions of face-space. Valéne and Endo [97]
found EBC to be superior when explaining the e®ect of race on & processing.
Conversely, the e®ect of caricature is explained more simplyy NBC than EBC.

It appears that these two variations of the face-space model @ed to be uni ed
to form a single, succinct, representation that accounts fo all aspects of face
recognition and retrieval. The exact nature of the dimensims of face-space are
also a point of debate.

Studies have attempted to determine a relationship betweerstatistical prop-
erties of images and human face processing. Hancock et al [4derformed a
principal components analysis on a set of suitably aligned igjital face images
to form a multidimensional space in which each axis correspuds to a spe-
ci ¢ global (referring to the whole face, not individual features) face property.
These axes are determined purely on the statistics of a samglof face images
and, as such, are not ordered in terms of perceptual importace. Subsequent
psychological experiments were performed to relate the pricipal components
to psychological aspects of face perception. The early congments were shown
to embody very general information regarding the appearane of faces, the sug-
gestion being that the higher components of the analysis we& more important
in determining if a face is memorable. The PCA approach lendsome weight
to the validity of NBC since faces perceived as distinctive ended to occur at
greater distances from the mean than common/indistinct faes.
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1.2.2 Local features vs global methods

To date, composite systems have depended on libraries or dalbases of individ-
ual features from which composites faces can be constructed he preference of
individual facial features over global (whole face) compoents is due primarily
to technical issues regarding implementation and possiblyue to the path that
the historical development of composite systems has takenNevertheless, there
is no a priori reason to suppose that a piecewise arrangement of individlia
facial features is the best approach [73]. In fact, there isteong psychological
evidence to suggest that faces are recognised as a whole raththan as a sum
of their constituent parts [79] [12]. The implication is that the con guration of
facial features should be acknowledged as an important faot in any reliable
composite strategy.

Tanaka and Farah [89] performed an experiment in which subjets were
presented with twelve di®erent faces. Subjects were then asHl to identify facial
features belonging to the original face stimuli from a scrarbled arrangement of
features. The results of the experiment indicated that individual facial features
were 10% more likely to be correctly identi ed when they are dsplayed in their
normal con guration within the face. Similar experiments were performed using
images of inanimate objects segmented into regions analoge to features. In
this case, recognition rates were una®ected by viewing the iage segments in
isolation. This implies that the con guration of features is important when
recognising faces but plays little or no part in the recogniion of other objects,
an e®ect known as face superiority.

Turner et al [94] performed three studies investigating thee®ects of local
vs global when using the E-FIT system. The aim was to determinewhether
constructing a composite within the context of a whole face wuld o®er any
advantages over constructing a composite on a feature by féare basis. The
“rst study involved participants creating composite images using 'piecemeal’,
'jigsaw' and standard E-FIT approaches for selecting featues. In the piecemeal
method each of the facial features were selected in isolatiowith the other
features hidden from view. The jigsaw process required the itness to add one
feature at a time to the composite image in a manner akin to buiding a jigsaw.
In the standard E-FIT approach, features were manipulated in-situ.

According to the participant's own subjective evaluation, there was no ap-
preciable di®erence between the correctness of the compasitcreated by the
piecemeal and jigsaw methods. Conversely, when the compésiimages were
assessed by independent participants the jigsaw method wgadged to be better
than the piecemeal method and the standard E-FIT procedure wa considered



13 1.2 The psychology of generating facial composites

the best method. The results can be interpreted as evidencéat working within
the context of a whole face-image can lead to more perceptuallaccurate com-
posites, although it appears that the witness is unable to povide an objective
measure of the goodness of the three methods.

Previous work by Haig [42] found the hair and head shape to be ighly
salient. This nding was corroborated by Young et al [99] who $iowed that
the external features are more important for recognition than the internal fea-
tures when the face is unfamiliar to the witness. Converselywhen the face is
familiar to the witness, the internal features are more sigmcant. In Turner's
third experiment feature saliency was investigated, and hw the order in which
the features were selected a®ected the quality of compositenages. The rel-
ative feature saliency was assumed to be determined by the der in which
the witness described the components of the target face. Foexample, if the
witness described the eyes before the mouth then this was ietpreted as the
eyes being more salient than the mouth. One group of participnts generated
composites starting with the most salient feature (rst to be described) and
“nishing with the least salient feature (last to be described. Another group
worked in order from the least salient to the most salient. A third group were
allowed to work through the features in any order they desirel, as would be the
case in normal E-FIT use. The results of this experiment provided evidence to
suggest that having the witnesses work on the higher saliencfeatures early in
the construction process produced the best quality likeneses.

1.2.3 \Verbalization of facial descriptions

Current methodologies for producing compaosite imagery regire the witness to
provide verbal descriptions of the assailant. The formal nane for this proce-
dure is the cognitive interview and its purpose is to provide an initial starting
point or 'pre-face’ that can be suitably modi ed to yield the na | composite
image. It has been suggested that the cognitive interview isa limiting factor
in the overall e®ectiveness of composites [60]. The problenamr be considered
as comprising two issues: the witness' capacity to verballydescribe a face and
the ability of an operator to interpret these descriptions reliably. A study by
Christie and Ellis [18] proposed that the ditculty is in trans lating the verbal
information provided by the witness into an image, and not in the witness'
aptitude for providing an accurate account of facial appeaance. To test this
hypothesis, participants were asked to construct a PhotoFT of a target face
and also provide a verbal description of the same face. Judgewere then in-
structed to identify a subject from an array of faces based orthe participant's
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verbal descriptions and composite images. The results of # experiment in-
dicated that the verbal descriptions were signi cantly more accurate than the
PhotoFIT composites. Therefore the °aw in the composite pro@dure was not
rooted in the witness' verbal ability but in some other asped of the system,
possibly direct interference between the visualized imagend the PhotoFIT
composite itself.

A similar experiment was performed by Brace [9] to determinewhether
composites generated using E-FIT were also susceptible to éhmisinterpretation
of the witness' verbal descriptions. However, the objectie of this study was
subtly di®erent from Christie and Ellis [18] with the emphasis on how well
composites of familiar faces are recognised. Generally, it anticipated that a
composite image will be recognised by someone who is familieith the suspect,
hence famous target faces were used. Composite images of faus faces were
constructed from a description or directly by the E-FIT operator based on their
own memory of the face(s). E-FIT images that were generated byhe operator
alone were signi cantly more likely to be recognised than corposites generated
from information provided by someone else. The results of tts study are in
agreement with Christie, con rming that the quality of the co mposite is limited
by the translation of a verbal description.

1.3 Emerging composite technologies

Brunelli and Mich [13] constructed a developmental system amed Spotit!,
which partly addresses the limitations associated with a nite database of can-
didate features. In this approach, a principal components aalysis is performed
on each class of facial feature (eyes, noses, mouths etc) etteby extracting the
mathematically salient information and providing a basis from which novel fea-
tures can be constructed. The 'pre-face’ image or starting pmt in this system
is the mean face into which the facial features are set/blendd. The appearance
of each facial feature is controlled by seven sliders, whereach slider corre-
sponds to a principal component or mode of variation. The auhors claim that
their system provides a "virtually unlimited set of alterna tive features". This
statement is slightly misleading because what the system daally provides is
an in nite (within the limits of computational precision) nu mber of combina-
tions of a nite number of basis images. The range of composite that can
be produced using this technique is limited by the nite size d sample used
in the PCA. However, Brunelli and Mich [13] include a tool that allows the
operator to manually distort the shape of a chosen feature. i this sense there
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is an unlimited set of feature shapesthat can be achieved. One of the main
weaknesses would appear to be that the sliders incorporateth the interface

control changes in appearance de ned on a mathematical prersg, and as such
have no speci ¢ perceptual meaning (e.g. 'a turned up nose').Therefore, any

prospective witness/operator will nd it dizcult to locate th e optimum slider

positions required for a good likeness to the target face.

An 'intelligent' search procedure is required to overcome he ditculty of se-
lecting the most appropriate features from an almost unlimited sample. Genetic
algorithms (GAs) [49] o®er a conceptually pleasing solution to the sealcprob-
lem and are prevalent in emerging composite systems. Evolidnary techniques
based on Darwinian theory [25] that simulate complex strucures, textures, and
motions for use in computer graphics and animation have prewusly been de-
scribed [80]. More recently they have been used for the purmse of generating
avatar faces. DiPaolo [27] describes such an algorithm, bad on an aesthetic
selection process in which faces are represented by genosgp comprising 25
parameters. The rst recorded use of a GA for generating faciacomposite
imagery was Caldwell and Johnston [16]. The GA implementaton is initialized
with a population of twenty faces which are constructed fromindividual facial
features in a style reminiscent of earlier systems. Faces ardisplayed to the
operator, who is required to assign atness score to each face depending on
its similarity to the target. Parent faces are chosen from the initial population
according to their associated tness score and bred with eaclother using the
principles of crossover and mutation. This process is desiired in more detail
in the following chapter.

All of the composite systems described so far rely on databas or libraries of
facial features. In section 1.2, the limitations of the featire based approach were
highlighted [29]. Attempts have been made to incorporate ifiormation concern-
ing the con guration of facial features into feature based sgtems such as E-FIT,
and the e®ectiveness of these ad-hoc '‘pseudo holistic' apprdees have been ex-
amined [95]. However, a more elegant, and possibly more e®&&t approach is
to model facial variation as a whole. Hancock [43] describea developmental
system that utilizes both global PCA face models and a GA. Thk design allows
composite images to be created by adjusting global/holistt properties of facial
appearance, in a way that is not too demanding of the witnessUnlike previous
systems this method is truly global, relying on whole face tenplates (the prin-
cipal components) rather than a database of facial featuresin this context the
principal components are often referred to asigenfaces[82], [93] with the rst
few components describing most of the variation exhibited m the human face
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(assuming an appropriate training sample). Hancock used tw separate PCA
models, one for face shape and another for pixel intensity Jaes. Using two in-
dependent models overcomes problems associated with headge and blurring
which would otherwise degrade the composite images. PCA pameter values
are not controlled by sliders as in Brunelli and Mich [13], instead the operator
is presented with a selection of eighteen faces to which "tnesratings must be
assigned on a scale of zero to ten. The genetic algorithm sels faces with a
high rating (‘tness proportionate selection) as parents. Paameters de ning an
o®spring's appearance were selected at random from the parsr(uniform cross-
over) and a mutation applied to some of the parameter values.This procedure
was performed eighteen times to form a newgeneration of faces. Hancock's
PCA model was built on a limited sample of twenty female faces The system
has been subsequently re ned by Frowd [35] and is now known as\ED-FIT.
Other systems based on evolutionary/PCA methods have been eveloped inde-
pendently of Hancock, suggesting that this is a viable apprach to producing
composite imagery [83, 36, 92, 77].

1.4 Brief introduction to the EigenFIT system

The subject of this thesis is the technical design and implerantation of a facial

composite system for use in criminal investigations, prowsionally named Eigen-
FIT. Exploratory studies relating to the work in this thesis have previously been
presented by Solomon et al [83] and by Gibson et al [36]. Unli traditional

feature based methods, the approach described uses both E@and global facial
characteristics and allows a witness to produce plausiblephoto-realistic face
images in an intuitive way. EigenFIT o®ers two modes of operdbn termed
EasyFIT and ExpertFIT . The simplicity of the EasyFIT mode makes it suit-

able for use by the witness with the minimum amount of assistace from the
expert operator, whereas ExpertFIT comprises a suite of adanced tools aimed
at a trained operator. Conceptually, EigenFIT is constructed from three main
components,

2 A generative face model
2 A search procedure

2 A user interface

The main focus of this thesis is the technical development ofthe generative
face model and the user interface and how, in conjunction wh the search
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algorithm, they fuse to form a complete composite system. Fjure 1.8 provides
an overview of the basic components of the system and the neggary interaction
between them required to produce a composite image. A briefterature review
of work relating to the generative face model and search algdhm is provided

below,

Face ‘ N Search
Model Procedure
User
Interface
I | EigenFIT Concept
Witness

Figure 1.8: A schematic diagram representing the interactbns between the main
EigenFIT components and the witness.

The generative face model (described in detail in chapters 2 and 3)
incorporates information extracted from a sample of real f&e images using
principal components analysis(PCA) [54]. The rst recorded use of principal
components for modelling facial variation was Sirovich andKirby [82], who
demonstrated that it could provide a highly excient representation of a human
face as a linear superposition of global principal componés or eigenfaces. This
seminal paper precipitated such a signi cant amount of reseech that the PCA
technique is now a standard paradigm in face recognition andoth 2-D and
3-D face modelling research. The Sirovich and Kirby method ca be used to
encode exact likenesses of the faces contained in the origirtraining example.
However, the capacity of the method for encoding approximag¢ likenesses to
faces that lie outside the original training sample is what makes the eigenface
technique particularly useful in computer vision applications. With the rigid
image registration process that was employed in their origial work, a perfect
alignment of facial features was not possible. The misaligment caused ghosting
artefacts that were visible in the approximation images of at-of-sample faces.
To avoid such artefacts, a better correspondence between d@l features was
required.
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Craw and Cameron [23] solved the correspondence problem byanping the
face images to a standard shape prior to performing the PCA. Afurther devel-
opment was provided by Cootes et al [20] et al who utilized thé shape normal-
ization technique, forming a combined shape texture represntation that can
be applied to the human face. Cootes refers to this proceduras constructing
an appearance model The use of appearance models in automatic object detec-
tion and recognition has been well documented, especiallynithe form of active
appearance modelq20, 64]. Much less explored is the possibility of using PCA
in facial synthesis, which is the application described in ater chapters.

The search procedure employed in the EigenFIT system is an asexual
evolutionary algorithm (EA). Genetic algorithms (GA) can be regarded as a
speci ¢ variation on the EA theme. There has been widespreadnterest in
using genetic and evolutionary algorithms to solve optimiation problems. In
many situations the more traditional calculus and enumeraive strategies can
be dixcult to implement. EAs often o®er a simpler solution to optimization
and search problems and in some instances are more likely to chthe global
solution. Other applications for these techniques exist. Br example, Fogel et
al [31] introduced evolutionary programming for creating ati cial intelligence.
Evolutionary algorithms (speci cally GAs) were made widely known due to
pivotal work by, Holland [50] and Rechenberg [75] in the 1978 although their
origins can be traced back to two decades earlier [10, 33, 8]However, the
full potential of genetic and evolutionary algorithms was not realized until the
1980's when advances in computer hardware made the proposin of using them
viable. Since then evolutionary algorithms have been usedarious problems in
the "elds of both computer vision [47] and computer graphics 80].

Mathematical details relating to the generative face modeland evolutionary
search procedure developed for this thesis are covered intadd in the following
chapter.



Chapter 2

Mathematical foundations

The facial composite system described in this thesis is sigrcantly di®erent in
design and operation from the previously described compos systems. The
aim of this chapter is to provide the theoretical background that underpins
the algorithms employed in the system. The chapter begins wh an historical
introduction to principal components analysis (PCA), and the procedure for
deriving principal components from sample data. Application of the PCA tech-
nigue to image data is then discussed, and the necessary pmggessing required
to extract shape and texture information from the image data is presented.
The construction of a combined PCA shape-texture model §ppearance modeé),
from which new examples of a constrained object class can bgrghesised, is
described and accompanied by an illustrative example. Usig the appearance
model, any object within the modelled object class can be apmximated by a
vector of numbers, known in this context as parameters. The dcial composite
system described in Chapters 3 and 4 employs aavolutionary algorithm (EA)
to determine the appearance model parameters from which a t@et face can
be synthesized. In this chapter, an overview of evolutionay algorithms is pro-
vided, outlining the di®erences between four of the most widg used algorithms
and the necessary details required for the implementation ban EA.

2.1 Introduction to principal components analysis
(PCA)

In 1901, Karl Pearson gave a geometric account of the statigtal technique that

is known today as principal components analysis Pearson's initial ideas [70]

were developed further by Hotelling, who provided an explaation of the same
technique in terms of a variance maximizing transformation In his 1933 pa-

19
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per "Analysis of a Complex of Statistical Variables with Principal Compo-
nents" [51], Hotelling describes the method of principal conponents and how it
relates to factor analysis which was already established athis time. Although
there are similarities between the two techniques he prefeed to use the word
‘component’ instead of ‘factor' (a term favoured by psychologists) to avoid con-
fusion with the mathematical meaning of the word. It was at this time that the
phrase 'principal components' was rst introduced. Hotelling derived his prin-
cipal components from population statistics, using Lagrarge multipliers and
di®erentiation to solve a variance maximizing, optimization problem. Principal
components analysis is sometimes referred to as thidotelling transform. The
term Karhunen-Loeve transform [32] has also been used in the context of prin-
cipal components, although some variations on theKarhunen-Loeve expansion
method, presented in the pattern recognition literature, di®er from PCA (see
Webb [98]). A similar derivation to Hotelling's method is pr esented below.

2.1.1 Derivation of PCA for sample data

tion onto the unit vector u is de ned asz, = u' xy, then the sample variance
of all such projections for then observations can be written as,
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1 X 1 X 1 X
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2.1 expands and simpli es as follows,
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sinceu’ (xj j X)is a scalar value equal to &; i k)T u. For convenience, the
above can be expressed in matrix form. We begin by expandindgie summation,

h
1
N1 uT (x1i ) (x1i )Tu+u” X2i %) (x2i )T u+ o (24)
i
+uT (x1i X)(xni X)"u
1 h T T
= pgu e N0ai 07O 1) (i )
i
2+(X1i X) (Xn i k)Tgu
2 R SRCH U
1
:ni1UT2(Xlik) o (xnik)gg : Zu
# # A xpi x)7 !
- 1 UTXXTu=uTsu with s= XX T
ni 1 nj 1

Thus in the equation above the columns of the matrixX are the n observa-
tion vectors, in mean deviation form (x; i X). The aim here is to nd the unit
vector! u that maximizes the quadratic formuT Su, subject to the constraint
that uTu = 1. This is equivalent to determining the vector u that maximizes
var [z]. If these conditions are met, thenu is referred to as the “rst principal
component of the observation matrix X and is denoted byu;. The standard
approach to solving an optimization problem of this kind is to use Lagrange's
method of undetermined multipliers. The cost function is dened as,

i ¢
Q=ulSuiij ,1 ujusj 1 (2.5)

Di®erentiating Q w.r.t. u; gives,

Suli ,1U1:(Si ,1|m)U1=0 (26)

Multiplying equation 2.6 by u] and applying the constraint uf u; =1,

— — T —
ulsul— Up,1U1=,1UqU1= 1 (2.7)

Equation 2.6 represents an eigenvalue problem. Since theraiis to seek

lchoosingu to be a unit vector simpli'es the analysis but it is not an essential re quirement
for calculating the PCs. The only requirement is that ui not be the null vector.
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the vector u; that maximizes the variance ofuISul, , 1 must be the largest
eigenvalue ofS and u; the corresponding eigenvector The second principal
component, u,, is derived in a similar way with the additional constraint t hat
uJuy = 0 which means that the “rst and second components areorthogonal
and statistically uncorrelated.

Hence a new Lagrange cost function can be formed as follows,

i ¢
Q=ulSuzi ,2 uluzi 1§ AuJuy (2.8)

Di®erentiating Q w.r.t u, gives

2Susi 2, 2uzi Aup=0 (2.9)

multiplying this equation by u]

UTSuzi ,2ujuzi Uju;=0 (2.10)

also, using equation 2.7 and the fact thatS is a symmetric matrix requires
that,

ulSupz =[Susl" uz =[, 1u1]" uz =, 1ujup =0 (2.11)

Therefore A must be equal to zero sinceu]u; = 1 and both u] Su, and
uju, are equal to zero. Hence equation 2.10 reduces t&S( ,2lp)uz = 0
with | » being the second largest eigenvalue db, and u, the second principal
component of the datasetf xxg. In general, up to n principal components can
be obtained by iterating this process with the condition that uiTuj = &, where
% is kronecker's delta.

2.1.2 The singular value decomposition (SVD) and PCA

Although the calculation of principal components theoretically reduces to the
solution of a standard eigenvector problem, thesingular value decomposition
(SVD) has become the mathematical tool of choice for principl components in

2|t is worth noting that some texts (Jolli®e for instance). refer to the k™ principal compo-
nent as the derived variable u] x, and identify the elements of ux as the loadings or coexcients.
Here, as in [61] the eigenvectoruy will be named as the k'™ principal component.
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practical applications. Let X be ap£ n matrix of observations in mean deviation
form as described in section 2.1. The SVD oKX can always be written as a
decomposition of the form,

X = UazVvT (2.12)

The columns fu;g of the matrix U form an orthonormal basis’® for the
column space ofX , whereas the orthonormal columns ofV span the row space
of X. The vectors fu;g are known as theleft singular vectors of X. The non
zero elements on the diagonal of matrixa > contain the corresponding singular
values arranged in order of decreasing magnitude from top feto bottom right.

As shown in the previous section, in principal components aalysis the ob-
jective is to nd the eigenvectors and eigenvalues of the cow@ance matrix
S = rllxx T. Multiplying equation 2.12 by X T from the right, and using
the fact that U and V are orthogonal matrices,

3 ’3 . 3 3

) ,
XX T= UozvT UszvT = UezvT vazuT = UsUT (2.13)

Thus, calculation of the eigenvectorsf u;g,of S through equation 2.13 yields

the principal components as the columns of the orthogonal m&ix U and the
corresponding eigenvalues on the diagonal of matrix =,

2
°:§ 2 % (2.14)

s M

In certain cases, however X may contain many more rows than columns
(p >> n). This is often the case when the observations are digital imges
and p is typically 40K or more. Calculation of the decomposition ofS then
becomes a prohibitive computational task. Fortunately the complexity of this
computation can be reduced by performing a SVD onrllXTX instead of
decomposingﬁllxx T. By the same reasoning as above, multiplying equation
2.12 from the left by X T gives,

Sstrictly speaking, a basis (whether for row or column space) is constructed from the st
r columns corresponding to the number of non-zero singular values
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3 7.3 ’ 3 ”3 ¢

XTX = UezvT  UezvT = vazuT UezvT =vavT (2.15)

From equation 2.12 it can be seen that the orthonormal princpal compo-
nents, f uxg, that form the columns of the p£ p matrix, U, can then be obtained
from the dimensionally smaller,n £ n matrix V by rearranging equation 2.12
as follows,

U= XV aiz
(2.16)

Hence, when there are more variables than observations theipcipal com-
ponents are determined by performing an SVD orX T X to obtain V and then
using equation 2.16.

Care must be taken when inverting oz since some of the singular values
are likely to approach zero which can lead to problems when tis matrix is
inverted. The way to avoid this problem is to identify the elements of az that
are vanishingly small and set the corresponding elements im 2 equal to zero.
Alternatively, the dimensions of the matrices can be reducd with similar e®ect
(see section 2.1.3).

PCA can be thought of as a procedure that rotates the coordinge frame in
which the original data points are plotted (illustrated in g ure 2.1). If the vector
Xk contains the coordinates of thek! data point in the original coordinate fame,
then the let the vector zx de ne the same point in the rotated frame in terms
of a set of newly de ned variablesf Zjg. In the rotated frame of reference, the
spread of data points along the direction of the new variable is maximal.

tion 2.12 from the left by UT (see equation 2.18).

Z=UTX =xo %v; (2.17)
Z= 2 Z1 Zp i Zp g
4 # #

The matrix product UTX represents the projection of the original data set
(in mean deviation form) onto the orthonormal principal components.
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Xo

X1
rb\

vl

Figure 2.1: A geometrical interpretation of PCA. The princi pal components
fujg de ne directions along which the spread of original data poirts is max-
imized. fX;g are the original variables andfZ;g is a new set of variables as
de ned by the principal components. If x1 represents a data point in terms of
the original variables, then the same point is represented ¥ a new vectorz; in
terms of the new variables.
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2.1.3 Compact data encoding using PCA

The PCA technique is particularly useful when attempting to construct a com-
pact model of an pattern class (e.g. faces), in which the objes are represented
by high dimensional, highly correlated, feature vectors. The primary aim of

PCA is to achieve a reduction in the dimensionality of the data. If the vectors
fXx;g are, to some extent, correlated with each other then some ofhe princi-

pal components will make a negligible contribution to the madel and can be
discarded. Formal methods exist for determining how many PG to retain.

However a rule of thumb that works well in most cases is to retin components
that together describe a chosen percentagel, of the variation present in the

original data set, say 80% (see gure 2.3). Conveniently, theSVD returns the

principal components in order of decreasing signi cance, &wing a threshold
T to be set on the cumulative variance. The objective is to rephce the total
number of components,m, with a much smaller subset oft components.

P

t
T =100PK1 2K (2.18)
j=1 1]

The original observation vectors can be reconstructed as flows,

X =%+ Uiz (2.19)
i=1

where z; determines the in°uence of thei™ principal component on the
reconstructed observation. If allm principal components are used, equation 2.19
gives a perfect reconstruction of the original observatiorvector. However, ift <
m principal components are used, an approximate reconstrugbn is obtained
as illustrated in gure 2.2 and described by the following equation,

R=xR+ uiz (2.20)

In practice there are often many more variables than obsernions (typically
the case for image data). In such cases, the observation vens lie in a n-
dimensional subspace oR™ and the last mj n components will not contribute
to the reconstruction. Instances in whichm >n demand thatt - n.

Subsequent sections in this chapter illustrate how the staistical method of
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X

X1

Figure 2.2: In the simple 2D example presented here, the origal data (grey
markers) has been approximated by a single new variableZ, as de ned by the
“rst principal component u;. For each observation, the error due to approxi-
mation is given by the perpendicular distance to theZ; axis.

Population variance vs. principal component
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Figure 2.3: A plot of the variances associated with a typicalprincipal compo-
nents analysis. The cumulative variance plot indicates tha 80% of the infor-
mation contained in the original data set can be representedy the rst seven
PCs alone.
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principal components analysis can be used to form compact presentations of
image data.

2.2 Modelling shape

Considern objects from the same pattern class, contained in one or mordigital

images. Two properties that characterize objects are theishape and texture.
In this section, a method for extracting the shape property fom digital images,
and a method for modelling shape variations of a speci ¢ patten class, are
described. If a suxcient number of representative sample olgcts are available,
it is possible construct a model from which an approximationto any object
from the population of all such objects can be synthesised.

The term shape is usually used to refer to an arrangement of pots or lines
that de ne the perimeter of an object. In this thesis, the word 'shape' will
refer to a property of a con guration of points that is independent of scaling,
rotation and translation. When a comparison is made betweentwo or more
shapes it will therefore be assumed that they have been subgéed to a suitable
alignment procedure that places them in the same frame of refrence. To avoid
confusion the term point set will be used in this section whenreferring to an
unaligned shape.

The autumn leaves shown in gure 2.4 will be used as an examplef @bjects
belonging to the same pattern class. This pattern class wilbe used to illustrate
how compact representations of shape, texture and appearae can be obtained
using principal components analysis Also, new examples of objects will be
synthesized from a learned statistical model of this classfoobjects.

2.2.1 Landmarking: Obtaining shape from images

A landmark is a coordinate pair (or tuple for a 3d data set) which de nes a
speci ¢ position on an object or an image of an object. Colledtely, a set
of landmark points may be used to de ne the object's shape. Whe sets of
landmarks are placed on two or more objects aorrespondenceis sought such
that the order of labelling remains the same in each case. Foinstance, in the
speci ¢ example provided in this section a suitable choice fothe rst landmark

is the point at which the stem joins the leaf. Hence the rst landmark would
be placed at this point for each and every leaf in the sample. & each object
the corresponding landmark data is stored in a 2n element vector as,
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Figure 2.4: A sample of autumn leaves from a single species ¢fee. The
leaves belong to a distinct pattern class. The intra-class vaation in shape
and colouration will used as an illustrative example of how b construct an

appearance model.
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X=[X1 X2 ii: Xm Y1VY2 it ym]T (2.21)

Stegmann [85] (see also Dryden [28]) classi es landmarks imtone of three
categories according to the method by which they are placedmthe object:

1. An anatomical landmark is a point assigned by an expert that corresponds
between organisms in some biologically meaningful way. A stable can-
didate for an anatomical landmark is a highly salient point that can be
reliably located on all of the sample objects. These tend to ocur on edges
of the object, especially where there is a local maxima in theurvature of
object's surface. Regions of distinctive colouration may &o be candidates
for anatomical landmarks.

2. Mathematical landmarks are points located on an object according to
some mathematical or geometrical property. Various algotihms have
previously been described for calculating positions of madtematical land-
marks [57, 22].

3. Pseudo-landmarksare constructed points on an organism, located either
around the outline or in between anatomical or mathematicallandmarks.
The positioning of such landmarks is dictated by the locations of the
anatomical or mathematical landmarks.

In the autumn leaf example, 23 landmark points were used to rpresent the
shape of each sample leaf, as illustrated in gure 2.5. The clsen positions of
landmark points delineate the perimeter of the leaf and its kasic vein structure.

Figure 2.5: Landmark points used to delineate leaf-shape (lbie circular mark-
ers). The magenta line segments are for the purpose of illusition, and as such
do not contribute to the shape model.
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2.2.2 Point set alignment

Translation, scaling and rotational e®ects are rarely of inerest in morpholog-
ical studies of an object class. Hence it is common practiceot remove these
unwanted factors by aligning point sets prior to constructing a shape model.
One commonly used approach is to seek the shape transformatis that opti-
mally superimpose one shape upon another.

The Procrustes distancePd2 is a shape metric, providing a quantatitive mea-
sure of di®erence between two optimally aligned point setg; and X». sz can
be considered to be the square root of the sum of squared di®ees between
the positions of the landmarks inx1 and X».

X0 h i
Ps = (X1 i X2)2+(yij i Yz)? (2.22)
j=1
The alignment procedure, or Procrustes superposition as itis known in
this context, is achieved by applying similarity transformations to one point
set to align it with the reference point set. The alignment procedure can be
summarized as follows,

1. Compute the centroid of each point set.

2. Translate both point sets to the x;y origin by subtracting their respective
centroids.

3. Re-scale each point set to have equal size.

4. Rotate one point set to align with the other.

The centroid of a point set is a two element vector containingthe mean x-y
values of the landmark positions,

2 3
xn

. _41)(n 1 5
(% ¥] = = X Vi (2.23)

i=1 j=1

In order to scale both shapes to a common size, a size metrig(x) such as
the Frobenius norm is required,

i
S(x) = i %)°+(yvii 9)° (2.24)
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SVD can be used to determine the rotation matrix for aligning the point
sets (see Bookstein [7]),

UaVT = XIX, (2.25)
where
2 3 2
X311 Y11 X21 Y21
X = g XT;Z y1:;2 ? X, = g Xf;z Y2:;2
X1.;n yl.;n X2.;n y2.;n

The matrix R that rotates the rst point set to the reference point set is
equal to the product of the matrix containing the orthonormal right singular
vectors V and the transpose of the matrix containing the left singular vectors
u.

R=VUT (2.26)

An alternative method [21] is to translate both point sets to the same posi-
tion, scale them to have equal size and to determine and b that minimize E
as follows,

aijb

EzjleiXZj; R = b

(2.27)

The key steps in the Procrustes alignment procedure are illstrated in g-
ure 2.6.

An iterative procedure can be followed that determines the nean of then
sample shapes and aligns all training samples in the process

1. Choose any point set as the rst estimate of the mean shape.

2. Align all the remaining point sets to the mean shape using Pocrustes
alignment.

3. Re-calculate the estimate of the mean from the aligned shags

4. If the mean estimate has changed return to step 2.
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Unaligned Translate Scale Rotate

Figure 2.6: Procrustes alignment procedure. In this exam@®, the shape of a
sample leaf (blue and green) is aligned to a reference shapee(l)

The mean shape is calculated using th@rocrustes meanequation 2.28 which
has the smallest summed squared Procrustes distance to alhé con gurations
of a sample.

1
X=X (2.28)

The process has converged when no further changes to the meancur. This
is often achieved in as few as two iterations. AProcrustes scatter formed by the
alignment of all sample shapes to the Procrustes mean is shawin gure 2.7.

Figure 2.7: A Procrustes scatter depicting the sample leaftsapes (blue points),
aligned to the Procrustes mean shape (red line).

2.2.3 Compact Shape Representation

Once the n sample shapes have been brought into the same frame of refac,
using the alignment procedure described in the previous séion, a compact
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representation can be obtained using PCA. The computation& procedure for
performing a PCA on the shape data is described by the followig steps.

1. Subtract the mean shape from each of then sample shapes. Let tha™"

sample shape in mean deviation form be denoted byx;

dxij = xj i ® (2.29)

. Insert the sample shapes in mean deviation form into the domns of the
observation matrix X.

2 3

X =9 dxq1 dxp ::: dxp £Z> (2.30)
# # #

. Form the 2m £ 2m sample covariance matrixSs that describes the posi-
tional relationships between landmarks,

1

dxT = —
dx; dx; N1

i=1

XX T (2.31)

where n is the number of sample objects.

. If n > 2m determine the eigenvectors and eigenvalues dbs, thereby
obtaining the shape principal components directly.

SsPs = , £PS (2:32)
© @
where the superscripti signi es the i principal component and pl are
orthonormal satisfying,

i ¢T k
PS  Ps = i (2.33)
(here the more intuitive symbol p is used to denote a principal component,
whereas in the previous section in PCs were derived) was used). For all

pis, equation 2.32 can be written in matrix form as,
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with
2 o3
Ps=Hpl pZ i pim §
# # #

Thus Py is the matrix that diagonalizes the shape sample covariancena-
trix.

5. For the autumn leaves example, 23 landmarks were usedmn( = 23) to
delineate the shapes of 19 leavesi(= 19). Hence n < 2m and the shape
covariance matrix given by equation 2.50 ispositive semi-de nite which
means that i%@cagmot be diagonalized (see Strang [87]). In tis case then
eigenvectors v. of the positive de nite matrix rlleX are determined,
and the principal components obtained by,

i 1RAE:
Ps=XVg ,5 2 (2.35)

(see equations 2.15 and 2.16 from the previous section). In atrix form
this is expressed as,

Ps= XV snls

NS

(2.36)

Each shape principal component records a unique and globahape defor-
mation from the mean shape. Cootes et al [21] refer to these @mmations as
modes of variation Visualizing these modes is helpful for interpreting the man
ways in which the shape of objects from a speci ¢ class vary. Téi!" mode can
be visualized by adding a proportion ofp’ to the mean shape in increments of
0:5%to achieve deformationsx,; from the mean shape.

Xmi =% + @p (2.37)
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In gure 2.8, the rst three modes of variation (Xm1; Xm2; Xm3) correspond-
ing to the rst, second and third principal components are displayed, where®
lies in the rangej 1%- ®- +1% It is assumed that the principal components
have been arranged in order of decreasing variance such that >, 2> 3, as
is normal.
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(a) First mode of shape variation
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(b) Second mode of shape variation
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(c) Third mode of shape variation
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(d) Fourth mode of shape variation

Figure 2.8: First four modes of shape variation. The rst two modes indicate
variation in the basic form, whereas the third and fourth modes predominantly
display left/right asymmetry.

Projecting one of the original sample shapeglx (in mean deviation form)
onto each principal component, results in a non-lossy encodg, bs, of that
shape.
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_ R o i pT
bs = pl " dx or bg= Pgdx (2.38)
j=1

Since the principal components are ordered by signi cance,mapproximate
and compact representation ofx can be obtained by using the rstts compo-
nents only,

Xs o
b= LT xi %) (2.39)
j=1

whereB; is ats element vector and typically ts << 2m. An approximation,
%, to the original sample shape can be reconstructed fronbs as follows,

X o
j=1

In the leaves example, 80% of the shape variance over the oigal sample
is modelled by the rst ve principal components (gure 2.9). Th erefore a
reasonable value forts would be tg = 5, allowing any leaf shape to be encoded
by a vector of only "ve parameters.

2.3 Modelling texture

The previous section described how intra-class shape varigin can be modelled
using PCA. In this section, the intra-class texture characteistics are modelled.
Speci cally, the texture variation contained within the aut umn leaves dataset.
In the computer vision literature, the term texture is used when referring to a
pattern of pixel intensity values. A model of texture variation for the chosen
object class can be constructed by determining a set of priripal components,
using a method analogous to one outlined for the shape data.nlorder to model
the texture independently of the shape, each sample image igst warped to
the mean shape prior to constructing the model. Failure to peform this shape
normalizing step will result in the presence of ghosting aréfacts in the texture
principal components.
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Figure 2.9: Variance associated with eaclshape principal componentfor the
autumn leaves example (left). Cumulative variance (right) - 80% of the shape
variation associated with the original dataset can be expresed by the rst ve

principal components.



39 2.3 Modelling texture

2.3.1 Obtaining pixel correspondences

When normalizing the image shape, an image warp is requiredniat maps a set
of control points, fx;g, in image | to another set of control points, fx%, in the
output image, 1% There are various methods for e®ecting image warps some of
which are more suited to certain applications than others. Thin plate splines [6]
o®er a smooth continuous warp but take a relatively long time b compute. For
applications in which fast rendering is required apiece-wise atne warp is more
appropriate.

Piece-wise atnhe

As the name suggests thepiece-wise atne warp consists of individual local

Figure 2.10: Original leaf image (left) and shape normalizd leaf image (right).
Corresponding Delaunay tessellations displayed on each iage.

Local regions of the image can be de ned by an irregular trianglar tessel-
lation in the image plane. Delaunay triangulation provides a method for the
optimal partitioning of the convex hull of the control point s into non-overlapping
triangles. The Delaunay construction ensures that the ciramcircle of each tri-
angle does not contain any control points other than its own \ertices. The warp
is realized by constructing the corresponding tessellatio in the output image
according to the control points fxiog and then computing the transformation
between corresponding triangles. If each shape consists of landmark points,
the number of triangles in the tessellation will bem | 2.

An atne transformation of R? is a mapF : R?! R? that preserves lines
and parallelism. Unlike Euclidean transforms, the generalatne transforma-
tion does not necessarily preserve length and angleF can be expressed as
a linear transformation, represented here by the matrixA, and a translation,
represented by the vectort as per equation 2.41
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Figure 2.11: An atne transformation F (x) maps the vertices () of a triangle
into the vertices (x9% dening a new triangle. In practice, F (x) is computed
using the control points in x and x° and then applied to the pixel coordinates
located inside the triangle.

F(X)= Ax +t; x 2 R" (2.41)

The translation component of F is not linear, and therefore can not be
incorporated within A. For practical purposes the form of F can be simpli ed
using homogeneous coordinates in which a point in the sdtx;g is represented
by the tuple [xi;yi;1]" and the corresponding point infxY% is represented by
[x,,yl, ]T. Thus, equation 2.41 can be replaced by,

2 03 2 32 3
ail a2 a3

9 ZS gam asy azgzig g (2.42)

1 0O o0 1 1

The set of all possible atne transformations in homogeneousofmat rep-
resents agroup, G and therefore satis es the following axioms [2] expressed in
matrix notation, where A;B and C are 3£ 3 matrices representing transfor-
mations.

1. Closure: AB 2 G
2. Associativity: (AB)C=A(BC); 8A;B;C2G

3. ldentity : There exists an identity matrix | 2 G, such that IA = Al =
A;8A2G

4. Inverse: Each matrix A 2 G has an inverse matrixAi 1 2 G, such that
ATIA = AATT=
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These axioms state that two or more atxne transformations can ke multiplied
together to form a compound transformation that is also atne, and that any
transformation that belongs to a group can be inverted. Speial transformations
within the atne group are translation (only in the homogeneous form), T,
rotation, R and scaling, S (equation 2.43). In computer graphics applications
it is often convenient to compose an atne transformation from these basic
transformations.

fT (tx;ty) ;R;S(sx;Sy)jsx;sy 609 (2.43)

An atne transformation can be found that can transform a trian gle into
any other speci ed triangle. This follows logically from equation 2.42 by in-
serting two more position vectors in homogeneous form. In agption 2.45, the
vertices K1 y1 1]" ;[X2 y2 1]" ;[x3 y3 1]" of the source triangle are mapped to
the vertices x9 y9 11" ; [x9 y9 11" ;[xJ y§ 1]" dening the destination triangle.

2 0 w0 w0 3 2 32 3
X1 X5 X3 djp A2 a3z X1 X2 X3

9 y? y3 V3 £=% ax ax az £3 Yi Y2 VY3 £ (2.44)
1 1 1 0 0 1 1 1 1

Multiplying out the left hand side of equation 2.45 yields six equations in
six unknowns. The coezxcientsaii; aiz; a13; az1; az2; axz can be determined by
matrix inversion as follows,

2 3 2 . . 32 31
aj1 Az a3z X1 X3 X3 X1 X2 X3

9 a1 axp a g = 9 y) v9 v§ gg Y1 Y2 Y3 g (2.45)
0 0 1 1 1 1 1 1 1

The left hand side of equation 2.45 provides the local trangfrmation matrix
which can be applied simultaneously to the interior coordirates of the source
triangle and its vertices, thus achieving the local warp. Repeating the process
for all triangles within the complex hull of the shape produces the warped
output image.

Pixel Interpolation

The pixel mapping operations associated with image warpingre often thought
of, and implemented as, mappings from locations in the sour image to lo-
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cations in the output image. The problem with this forward mapping is that
some of the pixel values in the output image are likely to remén unde ned due
to the fact that a one-to-one mapping between source pixels andutput pixels
does not exist. This issue is compounded by rounding errorsiithe computation
of the destination coordinates. The combined e®ect resultsni "holes" in the
output image where some pixels are not assigned a value. Fohis reason, it is
often more convenient to compute the reverse-warp, wherebyigel coordinates
are mapped from the output image into the source image. In matix form, the
reverse-warp can be expressed as the inverse of the matrix deed in equation
2.45. The reverse-warp method guarantees that the value of ea and every
pixel in the output image is de ned. It does not however, guaraitee that coor-
dinates from the source are mapped to integer positions in th output image. In
general, mapped coordinates will have non-integer values l&ting to a position
in between pixels in the source image. In this case, an intemggation method is
required to determine the value of the corresponding pixeln the output image.
The simplest method is to round the mapped coordinates to ineger values, a
process known asearest neighbourinterpolation or point sampling. Bilinear
interpolation and cubic interpolation o®er more accurate results but take longer
to compute than the nearest neighbour method. Once a corresnding pixel (or
a weighted sum of pixels in the bilinear and cubic case) has lem established
it's value is sampled and assigned to its correct position irthe output image.

Compact Texture Representation

Once the warping procedure has been applied to each of the training images,
the texture vectors fgjg can be formed. For each shape normalized image, the
pixel values are extracted in a column-wise fashion from the @mplex hull of the
mean object shape as illustrated in gure 2.12. For RGB imagesthis process
is repeated three times for each of the three colour planes anconcatenated
to produce the 3n element texture vector, wherem is the number of pixels
represented.

0=[R1R2 ::: Rm G1 Gy ::: Gy B1 By ::: B (2.46)

Intensity values are often normalized at this stage to redue the e®ects of
varying illumination conditions. Covariances in the sample textures can be
captured using a PCA model. The equations de ning the texture follow the

“Note that here m is used to denote the number of pixels, whereas in the previous setion
it represented the number of landmarks. In both cases it is related t o the number of variables
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Figure 2.12: Pixels are extracted column-wise from the shapeormalized image,
thereby forming an observation vector.

same form as those described in section 2.2.3 with suitablyraended notation.
1. Subtract the mean texture, §, from each of then sample textures,

1 X

n i=1

(2.47)

§ = gi

and let the i™ sample texture in standard deviation form be denoted by

dgi

doi = gii ¢ (2.48)

2. Insert the sample textures in mean deviation form into the columns of

matrix G.

2 3

G =§ dg: dg, ::: dgn g (2.49)
# # #

3. Digital images typically contain 10* <m < 10’ pixels, therefore, in most
cases there are many more variables (RGB triplets) than obswations
(sample textures). Consequently, there will be at mostn principal com-
ponents. The 3n £ 3m covariance matrix Sg = 2GG T that describes
the intensity relationships between pixels is positive seride nite and can
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not be diagonalized. In such cases the positive de nite matw Sy is con-
structed instead of Sy,

Sq = G'G (2.50)

a a

© . © .
4. Determine the eigenvectors vy and eigenvalues , ; of Sg,

SgVy = ,yVy Where v Hy (2.51)

For all vg, equation 2.51 can be written in matrix form as,

SgVg = Vgag (2.52)
with
2 L3
Vg= 9 vy vaoinovp £
# # #

5. The SVD (see equation 2.16) provides a relationship betwan vg and p‘g
that allows the orthonormal principal components to be recovered.

L1
Pg = GV gclg 2 (2.53)
and
2 n n n
Pg=3 Py P53 i pg £ (2.54)
# # #

Each texture principal component records a unique and globhadeviation
from the mean texture. The i"" mode can be visualized by adding a proportion
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of pig to the mean texture in increments of Q5%4to achieve variations in colouring
and shadinggm; with respect to the mean.

gmi =@ + @py (2.55)

In "gure 2.13, the rst three modes of variation (gm1; 9m2; 9m3) correspond-
ing to the rst second and third principal components are dispayed, where ®
lies in the rangej 1%- ®- +1% It is assumed that the principal components

3 as

have been arranged in order of decreasing variance such thaf; >, 2>, 3,

is normal.
Projecting one of the original sample textures onto each pricipal component
results in a vector of parametersbyg.

XL
bg = pJgj
j=1

or dg or by= Pgdg (2.56)

Since the principal components are ordered by signi cance,rmapproximate
and compact encoding,bg, of dg can be obtained by using the rstty compo-
nents only,

Xo o
by = 'lo’gq;T gi 8 (2.57)

j=1

Whereﬁg is aty element vector and typically tg << 2m. An approximation,
g, to the original sample texture can be reconstructed from6g as follows,

NE
g= plgﬁg + § (2.58)
j=1
In the leaves example, 80% of the texture variance over the aginal sample
is modelled by the rst ten principal components (gure 2.14). Therefore a
reasonable value fotty would betg = 10, allowing any leaf texture to be encoded
by a vector of only ten parameters.
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ke e

b, =-1.0sd b, =-0.5sd b, =0.0sd b, = 0.5sd b,=1.0sd

(a) First mode of texture variation

e i W

b, =-1.0sd | = -0.5sd bt =0.0sd b, = 0.5sd b,=1.0sd

(b) Second mode of texture variation

W W W

bt =-1.0sd bt =-0.5sd bt =0.0sd bt = 0.5sd b,=1.0sd

(c) Third mode of texture variation

e i W

bt =-1.0sd bt =-0.5sd bt =0.0sd bt =0.5sd bt =1.0sd

(d) Fourth mode of texture variation

Figure 2.13: First four modes of texture variation. The rst t wo modes pre-
dominantly indicate solid colour variation, whereas the third and fourth modes
display mottling and surface shading.
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Figure 2.14: Variance associated with eacliexture principal component for the
autumn leaves example (left). Cumulative variance (right) - 80% of the texture
variation associated with the original dataset can be expresed by the rst ten
principal components.

2.4 Appearance model

Although the separate shape and texture models are suzcientdr producing new
instances of shapes and textures [43], a more compact modedrt be obtained
by combining both shape and texture aspects in a single shapgxture repre-

sentation. The combined model is often referred to as amppearance mode[20]

(this term is adopted here) though Baker et al use a slightly d®erent termi-

nology [64]. The appearance model captures correlations #i exist between
shape and texture. Its construction can be justi ed on the bass of two points.

Firstly, it prevents implausible shape-texture combinations occuring when new
instances are generated. Secondly, it allows a more compacepresentation
of the pattern class. An appearance model is constructed usg an additional

PCA, in which the concatenated shape parameterslfs) and texture parameters
(b¢) are treated as observations.

2.4.1 Combining shape and texture

A method for constructing compact shape-texture or appearage representation
can be summarized in the following steps.

1. Determine a scalar weighting value,w that scales the shape parameters
such that equal signi cance is assigned to shape and textureA( typical
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value for w can be inferred by comparing gure 2.9 and gure 2.14),

w = @131:17’91'0\ (2.59)
s i3
i=1 s)

Other methods for determining w may be adopted in cases where the
shape is considered to be of greater or lesser importance thahe texture.

. For each object/observation form a concatenated vector bweighted shape

parameters and texture parameters,

# " . #
b = wbg _ WPTS (xi®) (2.60)
bg Pg (g i g)

Each of the n vectors in the setfb;g can be considered as an observation
in a further PCA. b will already be in mean deviation form, a direct result
of shape and texture observation being in mean deviation fan.

. Insert the n observations into a matrix, B,

2 3

B=%b; b, ::: by & 2.61)
4 # 4

. Form the covariance matrix that describes how shape and teture param-

eters vary with respect to each other,

- 1 T
Sa= 188 (2.62)

. For the leaves example there are more variables than obsetions and S,

will have at most n non-zero eigenvalues. The principal components are
once again obtained using the relationship between the lefsingular vec-
tors of B and the right singular vectors of B, described by equations 2.15
& 2.16 in section 2.1.
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Q = BV .04 (2.63)
and
2 L ., 3
Q= 2 g1 Q2 ::: OQn g (2.64)
# # #

where g is a principal component of appearance, matrix g, is a diagonal
matrix containing the variances associated with then components andV
is a matrix containing the right singular vectors of B

The principal components of appearance o®er a compact shapexture rep-
resentation in terms of a newly derived vector of parametersc.

c= QTb (265)

Each element ofc is an appearance parameterthat embodies a global shape-
texture characteristic of the pattern class. The rst four modes of appearance
variation for the autumn leaves pattern class are illustrated in gure 2.15.

The PCs fqijg are arranged in order of decreasing signi cance, hence an
approximation to b can be obtained by forming a linear combination of the rst
ta principal components. Figure 2.16 indicates that the rst six components are
suzcient for retaining 80% of the variance from the shape and exture models.
Sinceta < (ts+ tg), the appearance model is a more compact representation
than is a®orded by the separate shape and texture PCA encodirsy

From ¢ an approximate object image can be reconstructed using theteps
outlined below,

1. Form an approximation to b using the rst t, appearance principal com-
ponents,

Xa
b= qc (2.66)
i=1

where q; is the i column of the matrix Q in equation 2.64



50 2.4 Appearance model

oe e i Iy

(a) First mode of appearance variation

Yo ¢

(b) Second mode of appearance variation
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(c) Third mode of appearance variation
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Figure 2.15: First four modes of appearance variation. The st three modes in-
dicate strong variations in colour and form. The fourth mode displays mottling
and surface shading and asymmetry in shape.
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Figure 2.16: Variance associated with eacl\ppearance principal componentfor
the autumn leaves example (left). Cumulative variance (richt) - 80% of the
appearance variation associated with the original datasetcan be expressed by
the rst six principal components.

2. Decouple the shape and texture parameters fronb

b = N (2.67)

3. Reconstruct the approximate shape vectorR,

Xs
i=1

wherepl, is a column vector containing thei™ shape principal component

and Q is a scalar representing thei™ shape parameter.

4. Reconstruct the approximate texture vector §,

Xoooo
g= p'gfig + 8 (2.69)
1

5. The pixel intensities in the texture vector, §, are inserted into a 2D ar-
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ray, by reversing the procedure outlined in gure 2.12. Thus,a shape-
normalized texture-map is formed.

6. Warp the shape normalized texture from the mean object shpe to the
approximated shape® , thereby producing the nal leaf image.

If the maximum number of PCs are used for shape texture and apparance in
the reconstruction process then a perfect reconstruction foan in-sample object
image can be achieved.

2.4.2 Generating new plausible examples

The appearance model can be used to synthesize new plausitdgamples from
the chosen pattern class. For each new example, this is achied by selecting
an appropriate vector of model parameters,c, from which the an image can
be reconstructed. Appropriate parameter values are deternmed by tting a

statistical model p(c) to the data points corresponding to the original training

sample. For the leaf example the probability density function, p(c), is approx-
imately a standard multivariate normal distribution (see g ure 2.17),

L) 1 3
. n .1 .
p(c)= N (c;0;0)=(2 %)} Zjaji 2exp | cho' e (2.70)

where @ is a diagonal matrix of variances, in which the elemeh | = @
is equal to the variance of thek parameter variable. For random instances
of new objects, parameters can be obtained using a pseudo rdom number
generator (examples provided in gure 2.18).

Once the appropriate parameter values have been selectecha correspond-
ing object image can be reconstructed in the usual manner aceding to equa-
tions 2.67-2.69 (see also gure 2.17).

2.5 Introduction to evolutionary algorithms

The facial composite system described in this thesis congicts a likeness to
a target face by employing an evolutionary algorithm to optimize a set of ap-
pearance model parameters. This section provides the necsmy background
material on evolutionary optimization procedures.

Evolutionary algorithm is a generic term referring to an optimization pro-
cedure that mimics biological evolution. Any population-based optimization
algorithm that uses mechanisms such as reproduction, mutabn, recombination
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(5

O New example
¢ Sample °

e
(a) Data points follow a multivariate normal distribution. The (b) A schematic diagram
grey ellipse signi es two standard deviations from the mean ob- indicating the steps re-
ject. process quired to reconstruct an

image, |, from its appear-
ance model representation
c. The shape model pa-
rameters bs and texture
model parameters b; are
recovered from ¢ which
can be used to obtain
shape x and texture vec-
tors g respectively. The
elements of g are inserted
into a 2d array, thus form-
ing the shape normalized
texture, which is warped
to the shape de ned by x
thereby producing the re-
constructed image.

Figure 2.17: New examples of faces can be synthesized by stleg parameters
f cig from a multivariate normal distribution and performing the image recon-
struction procedure outlined by sub- gure (b). Sub- gure (a) indicates the
process of generating model parameters, corresponding teew plausible faces,
from the distribution de ned by the original training data.
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Figure 2.18: New examples synthesized from the autumn leageappearance
model.

(see genetic operators), natural selection can be categagd as an evolutionary
algorithm. Candidate solutions to the optimization problem play the role of
individuals in a population, and a tness function determines the environment
inhabited by the candidate solutions. Evolution of the population then takes
place ayfter the repeated application of the evolutionary gerators. The exact
sequence of operators varies between the di®erent forms of E&ome of the
more notable forms aregenetic algorithms evolutionary strategies evolutionary
programming and genetic programming

2.5.1 Classi cation of evolutionary algorithms
Genetic algorithms

Genetic algorithms (GA) are one class of evolutionary algathms that use tech-
niques inspired by evolutionary biology such as inheritane, mutation, natural
selection, and crossover (also known as recombination). G#\are used to de-
termine approximate solutions to optimization and search poblems and are
particularly useful when classical optimization methods @nnot be applied.
The standard GA operates on a population of bit-strings, although real
numbers (Gray-code) can be accommodated by some variants of & Each
bit-string represents a coded candidate solution, and is comonly known as a
genotype. A decoded candidate solution is referred to as a gmotype, the real
world object corresponding to the genetic material contaired in the genotype.
A single candidate solution is also known as an individual. The evolution starts
from a population of completely random individuals and proceeds in steps or
generations. In each generation, the individuals are assiged a tness score as
de ned by a tness function or objective function. Individual s are selected for
breeding on a stochastic basis in relation to their tness scee. The o®spring
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of the breeding process are inserted into a new generation,nd the process
continues until a satisfactory solution has been achieved.

Evolutionary strategies

Evolution strategies (ES) primarily use real-vector coding and not binary cod-
ing, as is commonly used in GAs. As with evolutionary algorithms in general,
the evolutionary operators of mutation, crossover, and enironmental selection
are used.

The rst ES variants, developed in Germany by Rechenberg [75hnd Schwe-
fel [78] for engineering optimization problems, used one pant rather than an
initial population of individuals. From this parent, , o®spring were constructed
and all 1+ , solutions placed in competition. This process is normally @noted
by (1+ ,)i ES where, , 1andES indicates that the optimization process is
an evolutionary strategy. Contemporary versions usually enploy a population
(*+;,)i ES. Ingeneral, (;, )i ES selection outperforms ¢ + )i ES selec-
tion, since it allows for temporal deterioration of the population's best solution,
and therefore may overcome local optima.

In an ES, mutation is performed by adding a gaussian distribded random
value simultaneously to each decision variable (in the corgxt of the appear-
ance model, a decision variable is an encoding of an appearsa parameter). A
strategy parameter is assigned to each decision variable #i controls the mu-
tation strength (ie. the standard deviation of this distrib ution). The strategy
parameters are adaptive and, in general, change at each gegion. Usually, in
an ES both decision variables and strategy parameters are aimized.

Evolutionary programming

Evolutionary programming (EP) is similar to ES, although it was developed
separately by Fogel [31] for use in arti cial intelligence.

There is no precise de nition of EP, and it is sometimes dizcult to di®eren-
tiate between EP and ES, although in a standard implementaton mutation is
the only evolutionary operator employed in EP. The basic EP-g/cle is similar to
a strictly mutation-based (* + 1) ES, though a stochastic selection scheme is
used instead of deterministic selection. The mutation stragth is also adapted
di®erently. Contrary to ES, the mutation strength is a functi on of the parents
‘tness and each parent produces one o®spring.
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Genetic programming

The aim of genetic programming (GP) is not to optimize a vector of variables,

but rather to determine a computer program that performs a prede ned task in

an optimal way. In the GP context, a population comprises conputer programs,

each of which is constructed from sets of functions and ternmals. Functions may

be arithmetic, mathematical, boolean, loop operators, donain-speci c functions

etc. The set of terminals consists of variables and constast The tness of each
program is assigned according to its average performance bad on a set of test
problems. As with GAs, GP employs a crossover operator that terchanges
segments of code to produce o®spring. GP is computationallyxpensive, and
its use has only recently become practical with advances inamputer hardware

technology. Quantum computing, electronic design, game m@ying, sorting and

searching are some of the areas to which GP has been applied.

2.5.2 Encoding methods

The set of all possible solutions to an optimization problemde nes a solution
space which is speci c to the problem. An accurate representationof the
solution space is a necessary requirement for building a ralst evolutionary
algorithm. The solution space is characterised by the encadg method used.
Many di®erent encodings have been proposed, some of which dretter suited
to certain problems than others. In this section, a brief introduction to the
most widely used encoding schemes is presented.

Binary code

Binary encoding was introduced by Holland [50], and is the enoding method of
choice for GAs, in which each solution is encoded as a uniquersg of 0s and
1s. Let B(x;1) represent a function that encodes the real value into its binary
representation of length|. For example, if x = 1 then B(x; 4) = 0001. The
parameter | determines the accuracy of the encoding. A large value of will
enable accurate encoding, but will also reduce the algoritm's performance. In
practice, a compromise is sought between speed of convergenand accuracy.

Integer numbers can be easily encoded in binary form withoutloss of ac-
curacy. Real numbers can also be encoded, albeit with limité accuracy. For
example, letx be a real valued variable de ned over the range,

il- x-2 x2R
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An acceptable coding precision must be decided upon, in thisase one deci-
mal place will be considered suzcient. Hence the domain ok will be segmented
into 30 intervals of 0.1. To encode to this level of precision ve bits are required
(since i4:0 = 31). Let D be a decoding function that maps binary numbers

to real numbers.

D (00000)
D (11111)

i 1 (lower bound Ipmin)
2 (upper bound Imin )

All other bit-strings ( by bz I by k) are mapped to a value contained in the
interval [l min ;I max]- First, the strings are converted from base 2 to base 10,

Then the decoded real number is given by,

Imax i Imin _o
X=lmin + ——X
min 25 | 1
Discrete codings such as these can lead to problems. For irmstce, the above

coding scheme maps both binary strings, 10000 and 01111 to= :5.

Gray code

A limitation of the binary encoding method is that swapping t he value of a
single decision variable from 1 to 0, or vice-versa, may cause large change
in the decoded variable. The binary representations for theinteger number 7
and 8 is,B(7;4) = 0111 and B (8; 4) = 1000 respectively. Thus, for consecutive
integer numbers, we need to °ip all of the binary elements. Ths is not consistent
with the idea that small changes to the genotype should resulin small changes
in the phenotype. Gray code is an encoding method based onsland Os that

overcomes this problem. This encoding procedure bears theame of Frank
Gray, who patented the use of this coding for shaft encodersni 1953 [39]. The
main characteristic of a Gray code is that adjacent integer mmbers di®er only
by one bit. A comparison between the binary and Gray code repesentations
of integers 0j 15 is provided in table 2.1
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Integer | Binary Code | Gray Code || Integer | Binary Code | Gray Code
0 0000 0000 8 1000 1100
1 0001 0001 9 1001 1101
2 0010 0011 10 1010 1111
3 0011 0010 11 1011 1110
4 0100 0110 12 1100 1010
5 0101 0111 13 1101 1011
6 0110 0101 14 1110 1001
7 0111 0100 15 1111 1000

Table 2.1: Comparison between binary and Gray code represéations of integer
values.

Real value coding

Real valued representations have become widely used in ewtionary optimiza-

tion problems. As the name suggests, in this encoding metho@ach decision
variable is represented by a real value. This method is not ssceptible to the
same coding errors as binary coding. A detailed comparison diween binary
and real encoding can be found in Janikow [53]. For some apiations it is

advantageous to transform (e.g. logarithmic mapping) the eal variables before
encoding them.

2.5.3 Evolutionary operators

By de nition, all evolutionary algorithms employ evolution ary operators. These
are summarized as follows,

Natural selection

After deciding the encoding method, the second decision to mke is how to per-
form the selection. Factors to take into consideration are low many individuals
from the population will be selected for reproduction, how nmany o®spring each
individual will produce and how these o®spring will be fed inb the algorithm.
Some of the most frequently used selection rules are outlimebelow.

Fitness-proportional selection

This is the selection method used by Holland in his original gnetic algorithm
[50]. In this selection method, the probability for an individual to be selected
for reproduction is proportional to its tness. The probabil ity is calculated by
dividing the tness of the individual by the total tness of the population. There
are many di®erent ways of implementing tness-proportionatal selection. A
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widely used method is called "Roulette Wheel" selection. Ths process simulates
the spinning of a roulette wheel and the random selection of we of its slots,
where each slot corresponds to the tness of an individual in he population.
The greater the member's tness, the greater the slot size andhe probability
of the member being selected.

Elitism

An elitist model is any selection method in which the best solution so far is
copied into the next generation. Hence the ttest solution isalways retained by
the algorithm. Elitism was originally proposed by DeJong [56] and variations
on the elitist model are employed in many applications. Caremust be taken
when implementing an elitism selection method to avoid prenature convergence
of the population, resulting in the search becoming trappedn a local optimum.

Rank selection

In rank-based tness assignment, the individuals comprisinghe population are
sorted according to the values returned by an objective funtion. The tness
assigned to each individual depends only on its position in lte rank [49] and
not on the actual value returned by the objective function. Unlike tness-
proportionate selection, rank selection is robust to premé#ure convergence.

Tournament selection

In tournament selection a random sub-sample of individualsfom the population
is chosen. The ttest individual from the sub-sample is selectd for breeding.
This procedure is repeated until the required number of parets have been
selected. Each selected parent has an equal chance of cobuiting genetic
material to the o®spring comprising the next generation. Theparameter for
tournament selection is the subsample size, or tournamentize as it is know
in this context, and can range from 2 to the number of individuals in the
population.

2.5.4 Crossover

Crossover, also known as recombination, is the main evolutinary operator used
in genetic algorithms (see Holland [50]). The basic idea behd this operator is
the combination of well de ned small pieces of genetic code,lso called building
blocks. Crossover combines building blocks extracted fromt individuals, with
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the aim of constructing o®spring that exhibit a greater tness than their par-

ents. There are many di®erent ways in which recombination carbe achieved.
The most important methods are single point crossover, muliple point crossover
and uniform crossover. Each of these three methods is desbed below.

Single point crossover

This crossover method, selects at random an identical posibn within the ge-
netic string of each parent, which signi es a cutting point in the genotype.
Each cut yields two building blocks per parent. The building blocks from the
parents are then interchanged to produce the o®spring. Singlpoint crossover
is illustrated in "gure 2.19

Single
Parents point Crossover Offspring

I----.

Figure 2.19: Single Point Crossover

Multi-point crossover

For multi-point crossover [84], m > 1 crossover positions are chosen at random
and sorted in ascending order. Then, the building blocks beteen successive
crossover points are exchanged between the two parents to pduce two new
o®spring. The building block between the rst variable and the rst crossover
point is not exchanged between individuals. Figure 2.20 illistrates this process.
Multi-point crossover encourages the exploration of the se&h space, rather
than favouring the convergence to highly t individuals early in the search,
thus making the search more robust than single point crossaar.

Uniform crossover

Uniform crossover [88] di®ers from the single-point and multipoint crossover
schemes. Each o®spring is created by copying individual dexibn variables from
one parent to the other as de ned by a crossover mask. The crosser mask
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Parents 2 point Crossover Offspring
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Figure 2.20: Multi-point crossover with number of crossoverpoints m = 2.

itself consists of a string containing the same number of bé as the parent
bit-strings. A new mask of randomly selected bit values is crated for every
crossover process. A one in the mask indicates that the corsponding bit in

the rst parent is to be interchanged with the bit located at th e same position in
the second parent. It is possible to assign di®erent probalifles of occurence to
zeros and ones in the crossover mask, thereby in°uencing theistuptive e®ect
of uniform crossover.

Parents Uniform Crossover Offspring

o
|

Figure 2.21: Uniform crossover, in which individual bits are interchanged be-
tween parents to yield new o®spring.

2.5.5 Mutation

Although crossover is the main evolutionary operator emplged in genetic al-
gorithms, it plays little or no role in evolution strategies and evolutionary pro-
gramming in which mutation is the dominant operator. The main di®erence
between mutation and crossover is that while crossover carot create new in-
formation, mutation can. The a®ect of the mutation operator is most easily
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illustrated by example. Consider two parents, x; and X,, encoded as binary
bit-strings, 0101 and 0010 respectively. By inspection of tle bit strings, it is
clear that the crossover operator can not alter the value of he rst bit which
will always remain equal to 0. This can result in the exclusiom of potentially
optimal solutions. The mutation operator overcomes this problem by introduc-
ing a probability that the value of the rst bit, or indeed any o ther bit, will °ip
from O to 1 or vise-versa.

Input Mutation Output

Figure 2.22: Genetic mutation.

In general, the mutation operator will randomly sample postions within the
genetic string and °ip the values of the bits at the sampled pogions. All the
bits have an equal probability of being selected for mutation.

Figure 2.23 gives a graphical representation of a simple elationary algo-
rithm, indicating the order in which the evolutionary opera tors are applied. For
this illustrative example a genetic algorithm was chosen beause it employs all
of the main evolutionary operators.

2.5.6 Parameter tuning

Fine tuning the parameters that control the evolutionary al gorithms, such as
probability of mutation, number of crossover points, probability or rate for
crossover operation and population size, can have a signi ca e®ect on the
performance of the algorithm. Finding the best values for a gven problem is
ditcult because these parameters are not independent from ezh other.

Early studies attempted to determine the parameters that resulted in a
universally optimal algorithm. Dejong [56] performed an aralytical study of
the parameters relating to genetic algorithms and found thd a population size
of around 50 to 100 with a 60% chance of a single point crossaveccuring, and
a low probability of mutation of 0.001 per bit provided the best combination of
parameters.
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Figure 2.23: A schematic diagram illustrating the order in which operators are
applied in a typical genetic algorithm. Black indicates the "ttest individual and
white, the least t individual.
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Grefenstette [41] introduced the idea of using a genetic alyithm to deter-
mine the parameter values of a second genetic algorithm. Gfenstette found
that for the same problem studied by Dejong and that led to Dejong's estimated
values, a population size of 30, with a crossover rate of 0.9%nd a mutation
rate of 0.01 with an elitist selection would outperform Dejong's algorithm.

Later studies indicated that the optimal parameters were problem speci c,
with the optimal parameters being dictated by the speci ¢ task. Moreover, the
possibility of using di®erent values within the same problenwas investigated.
This lead to the implementation of dynamic parameters and s#-adapting pa-
rameters that changed depending on the current state of the lutionary algo-
rithm [26].

2.6 Summary

This chapter provided the mathematical background relevart to the facial com-
posite system described in this thesis.

An historical and mathematical account of the statistical method of princi-
pal components analysis was followed by the mathematical prcedure for con-
structing an appearance model (AM). The AM enabled objects kelonging to
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chosen pattern class to be represented by a compact vector parameters. By
modelling the distribution of these parameters, it was shown that new examples
of objects could be synthesized. In the following chapter te AM is revisited,
where the details speci ¢ to modelling the human face are explined. This
model of facial appearance, provides a mechanism for synteizing new exam-
ples of faces, and is therefore an essential component in thfacial composite
system.

The problem of constructing a likeness to a suspect's face odbe expressed
as an optimization problem in which an appropriate set of apparance model
parameters is sought. The objective function for this probem is unknown and
an optimal set of parameters must be determined according tdhe witness' as-
sessment of facial likeness. Evolutionary algorithms (EA)provide a °exible tool
for optimization problems, to which there is no analytical solution. The concept
of evolutionary search procedures was also introduced. Thbasic evolutionary
operators; mutation crossover and selection were outlineé@nd di®erent meth-
ods for encoding parameters were discussed. The followingapter includes the
design of an EA for the speci ¢ task of obtaining a facial likeress.



Chapter 3

EigenFIT - design and core
Implementation

In this chapter, the core technical design and implementaton of a novel pro-
cedure for generating facial composites is described. Comjer software based
on this procedure has been developed, which will be referretb hereafter as
EigenFIT (Eigen Facial Identi cation Technique). The chapt er begins with
the motivation for developing the EigenFIT composite system, followed by an
outline of the system's functionality and how it may be used to generate a com-
posite image. Subsequent sections describe the system'snstruction, starting
with the data capture process required for building the geneative appearance
model. This is followed by an account of the appearance modeonstruction and
an evolutionary search algorithm designed to enable an opator to achieve con-
vergence to a target face. A general automated method for agping hairstyles
to the generated faces is presented. This is followed by a plisinary study into
a potentially superior method for applying hairstyles. The last section outlines
a technique for overriding the evolutionary process in whib the witness is able
to lock the shape of individual facial features. A step by st@ example illustrat-
ing the production of a facial composite using the EigenFIT gstem is provided
in Appendix D.

3.1 Motivation

Commercially available composite systems to date have redid on assembling
individual facial parts in order to composea target face. This approach to
constructing facial composites con®icts with a signi cant body of psychological
literature which has shown that we are better at recognisingfaces as a whole
rather than as a sum of their individual parts or features [95 89, 73]. Our in-
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ability to recognise faces on a feature-by-feature basis is duto the importance
of the relative positions of the individual features within the face. Many of the
established systems also rely strongly on a preliminary cagtive interview in
which the witness is required to provide a verbal descriptim of the face. Recall-
ing descriptions of faces from memory and assigning semaautilabels to these
descriptions is a dixcult task. Conversely, a much easier tak is to recognise
the identity of a subject when presented with an image of thei face. Taking
the psychological issues into consideration, it is reasorde to assume that a
composite system that incorporates whole face stimuli and des not entail a
lengthy verbalization processes, may yield superior rests.

3.2 System overview - EasyFIT mode

The EigenFIT system has been carefully designed in an attempto address the
problems associated with current commercial systems. The dsic elements in
this process can be described in general terms as follows,

2 |nitially, a witness is presented with an array of randomly generated faces
to which he or she must respond.

2 The witness is required to make a subjective judgement of fdal likeness
each image in the array with respect to the suspect. There arén principle
a number of di®erent ways in which this can be implemented (e.granking
or assigning full scale ratings). However, in the preferredmethod, the
witness is required to select asingle face from the sample as the best
likeness to the target face. Faces that do not resemble the spect in any
way can be removed, thereby allowing the witness to concenéite on the
remaining faces in the array.

2 Based on the selected face at this step, a new array of faces psoduced
and displayed to the witness.

2 The witness responds to the new faces in the same manner as tpesvious
array of images. This process is iterated until a satisfactoy likeness to
the target is produced.

Implementation of a composite system based on this protocalequires a method
for creating plausible facesand the means to propagate facial characteristics
through successive iterations These requirements are met by the three main
elements comprising the EigenFIT system. These are,
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1. A generative face model that is capable of producing photgealistic whole
face stimuli.

2. A procedure for evolving a facial likeness.

3. A graphical user interface that allows the operator to interact with the
system in an intuitive manner.

The generative model used in this work was based upon asppearance model
(AM), a technique that has received a lot of interest within t he computer vision
community since its inception [20]. An AM of the human face wa constructed
and the natural variation exhibited by a sample of real faceswas modelled by
estimating the underlying probability density function re lating to the associated
appearance model parameters. This enabledew plausibleexamples ofwhole
faces to be synthesized (see section 3.4.5), thereby overcomindié problems
inherent in the feature based approach to composite constretion.

A likeness to a suspect's face can be achieved by determiniragn appropriate
set of appearance model parameter values. These optimal pameters can not
be obtained analytically, dictating an alternative iterat ive optimization method.
In this work an interactive evolutionary algorithm was employed to determine
the optimal appearance model parameters, and hence a likess to the suspect's
face.

The evolutionary algorithm was driven by the witness' respase to con-
secutive arrays of facial stimuli via an intuitive graphical user interface The
interface was designed to utilize the mind's capacity for reognising faces and
to negate the problems associated with verbalizing facial ppearance and the
misinterpretation of verbal descriptions. Figure 3.1 shows how the main com-
ponents of the system and the witness interact in the compos$g construction
process.

To accelerate the composite process, an initial starting pmt for the evo-
lutionary algorithm was obtained by establishing the sex ard ethnicity of the
suspect via graphical cues. Thus, in the EigenFIT system theemphasis has
shifted from the cognitive interview towards a graphical interviewing procedure
that does not require the witness to verbalize facial descptions recalled from
memory.

EigenFIT has been developed using the MATLAB programming language.
Due to MATLAB's limitation in speed and graphics handling, a commercial
beta version was later coded in C++ using Borland Builder. EigenFIT has been
successfully tested on Windows XP and Windows 2000 operatin systems. It
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runs satisfactorily on any computer (Pentium Il 400MHz or better) with only
modest processing capacity.

FACE SYNTHESIS PARAMETER OPTIMIZATION

APPEARANCE MODEL EVOLUTIONARY ALGORITHM
(AM) (EA)

A

GRAPHICAL USER INTERFACE

HAIRSTYLE

EIGENFIT - EASFIT MODE

WITNESS AND/OR OPERATOR

Figure 3.1: EigenFIT (EasyFIT): A conceptual diagram indic ating the interac-
tion between the three main components; theappearance maodel evolutionary
algorithm and graphical user interface Additionally, functionality is provided
by a hairstyle tool and a lock feature tool that enables the operator to intervene
in the global evolutionary process.

3.3 Design of graphical user interface - EasyFIT

The interface design was motivated by a need focognitive simplicity, employing
an intuitive graphical approach to facial composite constuction. The key idea
underpinning this approach is that the witness is guided through the process of
generating a facial composite with the aid of graphical cueshat do not rely on
explicit verbalization. The interface operates in two modes; expertFIT, which
is outlined in chapter 4 and easyFIT which is described in this chapter. The
EasyFIT mode embodies the core implementation of EigenFIT.In this form,
computer generatedvirtual faces are presented to the witness in a three by
three con guration. A summary of the layout and functionalit y of the EasyFIT
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Figure 3.2: Flow diagram indicating the procedure for geneating a composite
image using the EigenFIT software in EasyFIT mode.
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interface, shown in gure 3.3, is provided below,

2 Backdrop for generation: Area of interface in which the computer
generated face stimuli are displayed. The witness is requixd to select one
of nine faces (the faces are collectively known as a generati) that are
displayed on the backdrop. The selection process invokes &w generation
of faces. Repetition of the selection process for subsequegenerations
allows a likeness to the target face to be evolved.

2 Remove face: This icon allows the witness to hide faces that are sig-
ni cantly di®erent from the target, thus allowing them to conc entrate on
the remaining visible faces. Toggling the icon switches thdace between
its visible and hidden state.

2 Hair tool: Displays the hair selection tool, allowing the witness to cloose
an appropriate hairstyle. The hairstyles are displayed in ader of prefer-
ence according to a semantic Tter. This approach to selectig a hairstyle
is similar to the method used in commercially available sysems such as
E-FIT [3].

2 |conic face: The iconic face comprises feature buttons corresponding to
the eyes, eyebrows, mouth, nose and face shape. Once a feaWutton
has been selected it turns blue to indicate that it has been loked. In sub-
sequent generations the shape of the selected feature remaiunchanged
until the feature button is deselected. More than one featue button may
be selected at once. The iconic face is an essential componerf the lock
feature tool (described in the later part of this chapter) and the feature
manipulation tool (covered in Chapter 4).

2 Finish and export: Ends the composite process with the option to
export the image to a graphics package for post processing. e optional
post processing step allows distinctive markings such as ars and tattoos
to be drawn onto the composite image.

2 'Generate More' button: Produces a new generation with more facial
variation than the previous generation. Repeatedly seledhg the 'Gener-
ate More' button increases the amount of facial variation futher.

2 'Undo’ button: Ignores the last face, selected by the operator, thereby
returning to the previous generation.
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Figure 3.3: Screen dump of the EigenFIT graphical user inteface - EasyFIT

mode.
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3.4 Generative model of facial appearance

Active appearance models have previously been used for commer pattern
recognition applications [21, 64] in which a face patch is sythesized and mor-
phed to match a target face using anautomated iterative tting algorithm.

Conversely, in facial composite applications, the tting procedure is guided
by the witness' response to face stimuli. Hence, we are only concerned with
the capability of the model for synthesizing new examples oface images. Ac-
cordingly, the word ‘active’ has been dropped and the termappearance model
is used when referring to the PCA based method for synthesing new exam-
ples of faces. In Chapter 2, the mathematical procedure for anstructing an
appearance model was described in detail. In this section,he speci ¢ steps
required to construct an appearance model of the human facera presented.
By modelling the probability density function of model parameters, the AM
can be used to synthesize new examples of faces.

3.4.1 Facial demographics

The objective of the appearance model is to model the full rage of natural
variation that occurs in both face shape and face texture. Inorder to achieve
this aim, a comprehensive sample of training images is requeéd. A sample
of 823 face images was used to construct the AM. The demograjds of this
sample are provided in the bar charts of gure 3.4.1. White maés, black males
and Indian males were adequately sampled whereas Chinese las were not
(see gure 3.4.1a). The number of samples of White females wasitcient for

representing facial variation within the White female population. Other female

ethnic groups were not well represented (see gure 3.4.1b).

3.4.2 Image capture protocol

Subjects were required to sit in a chair and face directly tovards a six mega pixel
digital camera. Special care was taken to normalize the poséVhere necessary
a subject was asked to rotate their head slightly, so that ther face was 'square
on' to the camera lens. Variations in head pose result in shap modes which
exhibit undesirable rotations. These can be dixcult to remove from the shape
model [48]. The camera was mounted on a tripod and positionedt a distance

of 1.5 metres from the subject, with the subject's face occuying as much of the
image as was feasible. Variability in the height of subjectsvas accommodated
by using the vertical adjustment on the tripod. Images were @ptured in a

laboratory without windows, preventing variations in ligh ting conditions due to
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Figure 3.4: Demographics of AM training data comprising 823sample faces.
For clarity, the demographics of the male sample has been ptted separately
from the demographics of the females.
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daylight entering the room. Subjects were illuminated by a sngle °uorescent
strip light and the camera °ash. A table of camera settings is povided in
appendix A.

3.4.3 Shape delineation tool

Although automated methods have been developed for positining landmarks
[19, 57], manually placed landmarks can, in many cases, o®ethigher degree of
accuracy. However, there is a considerable labour burden asciated with the
task of manually placing landmark points. The shape model ued in this work
demands that 190 landmark points be placed on each of 823 sangpimages. To
make this process less tedious software was written to simipy this task, allow-
ing the shape of image objects to delineated easily and relately quickly. This
shape delineation toolincluded a simple user interface that could be operated
by an untrained user (see gure 3.5).

The shape delineation tool (or landmarking tool), based on aeast squares
polynomial "tting procedure, was coded. One or more polynomal line seg-
ment(s) were used to represent the boundary of each facial &ure. The shape
of each polynomial line segment was determined by a set of ctmol points fXx;yg.
The aim is to obtain the n degree polynomial inx that best ts y in the least
squares sense. This provides a smooth curve,(R), that can be manipulated
by hand to follow the contour of a given feature. The problem @n be written
in terms of the Vandermonde's matrix, V , as,

Vp 2y=%¢ (3.1)
or in tableau form as,
) 2 3 2 3
1 x3 x2 0 X} P1 1
1 X2 x5 0 x§ P2 vz
o Ps 72 Y3 (3.2)
1 x3 x3 ::: x2
! 3 Pn+1 Yn+1

The elements ofV are powers ofxi(ji Y and the coezcients that form p are
to be determined by least squares methods. Vectoy contains they coordinates
of the control points. The properties of each curve segment ere set according to
an empirical measure of their suitability to a speci ed feature. Some features
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Feature Orientation Order of N° of Save intersecting
polynomial | interpolated points | interpolated points
Upper edge of left eyebrow horizontal 4 8 yes
Lower edge of left eyebrow horizontal 4 8 no
Upper edge of right eyebrow horizontal 4 8 yes
Lower edge of right eyebrow horizontal 4 8 no
Upper edge of left eye horizontal 4 8 yes
Lower edge of left eye horizontal 4 8 no
Upper edge of right eye horizontal 4 8 yes
Lower edge of right eye horizontal 4 8 no
Left upper edge of top lip horizontal 4 8 yes
Right upper edge of top lip horizontal 4 8 yes
Lower edge of top lip horizontal 6 8 no
Upper edge of bottom lip horizontal 6 8 no
Lower edge of bottom lip horizontal 4 8 no
Chin horizontal 4 24 yes
Left side of face vertical 4 16 no
Forehead horizontal 5 24 yes
Right side of face vertical 4 16 no
Left side of nose vertical 5 8 no
Right side of nose vertical 5 8 no
Base of nose horizontal 2 8 no
There is no curve associated none 4 8 no
with this point

Table 3.1: The shape delineation tool allowed landmarks to b placed relatively
quickly and easily. This was achieved by manipulating a set bpolynomial curve
sections to t the boundaries of the main facial features and he perimeter of
the head. The properties of these polynomial curve sectionsre presented in
this table. Where a base landmark controls more than one curg (for instance,
at the corner of the mouth), care must be taken not to duplicate landmarks
(see last column in the above table).

exhibit more curvature than others, and therefore must be malelled using a
higher order of polynomial. Predominantly horizontal features, such as the
mouth, are best delineated using a function of the formy (x) whereas for vertical
features the role ofx;y coordinates should be interchanged. This was easily
achieved by setting the elements ofV to yi(ji Y and making the x coordinate
the response variable in the least squares problem.

The two end points of each line segment are classi ed as anataoal land-
marks because they were positioned at salient points on theehture boundary
(e.g. at each corner of the eye). Pseudo landmarks for eachd®ire were ob-
tained by sampling the coordinates of equidistant points pants along the inter-
polated curve. The number of landmarks and polynomial orderfor a given curve
section were determined by its typical length and intricacy of shape. Table 3.1
lists the properties of the curve sections used.

Figure 3.5 depicts the interface of the shape delineation tol, which has
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been annotated to provide an overview of its functionality. Control points can
be positioned by using the left mouse button to ‘click and drag’. A detailed
explanation of how to use this interface is provided in appedix B.

A sequence of images illustrating the typical steps requird to landmark the
mouth region is given in gure 3.6. The initial positions of the landmarks, for
the whole face con guration, are set by placing three pointsjtwo points at the
outer corners of the eyes and a point at the base of the nose. Adansformation
of the mean point con guration (representing the mean face shpe) based on
the position of these three points is used to obtain an approknate position for
the whole point con guration. The curve sections can then be tted to their
corresponding features by manipulating the control points(represented by dots
in the gure). In some instances, the landmarking procedure an be aided by
initially translating a whole feature shape using the lock control as shown in
“gure 3.6 a-b.

3.4.4 Appearance model construction

The method for constructing an appearance model was descrédal in detail in
Chapter 2. Here, the speci ¢ details concerning the constrution of an appear-
ance model of thehuman face using the shape and texture data are presented.

Point model

A point model was chosen that delineated the main facial featres and the
perimeter of the face. Accordingly, the face morphology wasepresented using
190 landmark points as illustrated in gure 3.7.

Each of the 823 training faces were landmarked according tohte speci ed
point model, thus 823 point sets were obtained. The point set were aligned
using the Procrustes method (see section 2.2.2), allowingaviations in face
shape to be analysed independently of scale, position and tation.

A compact shape representation was obtained by performing grincipal
components analysis on the face shapes according to the predure described
in Chapter 2, by equations 2.29-2.36. The shape of angut-of-sample facecan
be approximated by a linear combination of the shape princi@l components as,

=X+ pLil (3.3)
i

where % is the mean face shapepjs is the ™ principal component and )
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The matomical land-

marks are labelled with magenta circles. The polynomial cuve segments and
their associated control points are plotted in blue, exceptfor the curve that is
currently being manipulated, which is plotted in red. Note: The contrast of the

input image in has been reduced to make the landmarks more viisle.

Figure 3.5: User interface for shape delineation tool.



78 3.4 Generative model of facial appearance

(a) Initial position (b) Step 1: Translated mouth
shape

(c) Step 2: Correct positioning (d) Step 3: Lower edge of bot-
of base landmarks tom lip correctly shaped and po-
sitioned

(e) Step 4: Correctly land-
marked mouth

Figure 3.6: Typical steps taken to correctly landmark the mauth region of a
sample face. The above images were extracted from the shapelaheation tool
interface and enlarged to illustrate the process more cledy. The left mouse
button was used to 'click and drag' the control points such that the curve
sections were located on the boundary of the feature.

is a shape parameter that dictates the in°uence of thej " component on the
generated face shap&.

Table 3.2 illustrates the rst three modes of shape variationwith respect to
the mean face shape. The rst mode appears to capture variatio in forehead
height, and to a lesser extent, chin length. However, care mst be taken when
interpreting the variation represented by this mode, sincewhat appears to be
variability in the forehead height is partially attributab le to disparities in hair-
line position. This is undesirable because the aim is to modehe facial features
and the perimeter of the head, which is unrelated to the hairlne. A solution
is to weight [55] the relevant landmark points so that they are less signi cant
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Figure 3.7: Face shape point model. Magenta circular markes represent
anatomical landmarks. Blue markers represent interpolatel landmarks which
follow the feature boundaries.

in the construction of the shape model than the landmarks petaining to the
facial features and remainder of the head shape. The seconda third modes
are more indicative of true face shape variation.

Texture model

A texture model was constructed that described the variations in pixel values
over the sample images (see Chapter 2, section 2.3). Initigi each of the 823
training face images were warped to the mean face shape, suthat a corre-
spondence between 'like' pixels was obtained (i.e. an exacton-rigid alignment
was obtained such that each facial feature was positioned athe same image
coordinates in every one of the warped sample images). Thex®l intensity val-
ues were extracted column-wise from these shape normalizethages, to form
823 texture vectors.

A compact texture representation was obtained by performirg a principal
components analysis on the texture vectors as described int@pter 2, by equa-
tions 2.47-2.54. The texture of anyout-of-sample facecan be approximated by
a linear combination of the texture principal components,

Xo
0=8+ pif (3.4)
j
where g is the mean face texture,pjg is the j ™ principal component andf:\i'J
is a texture parameter that dictates the in°uence of the j " component on the
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generated face textureg.

The shape principal components can easily be calculated usj vector and
matrix operations. Conversely, the texture principal components can not be cal-
culated in this way. The dimensionality of the texture data (typically 10%; 10’
elements per vector) prevents all of the sample textures beg loadeg intp mem-
ory at any instance. Instead, then? texture principal components, p} , must
be constructed iteratively using a nested for loop, as showiin algorithm 1.

Algorithm 1 Computationally viable method for generating principal compo-
nents from image data

py = O finitialize principal component as a 3n by 1 null vectorg
for i=1to ndo

load dg; fload rst observationg

py = dgivy(i) + p} fadd contribution from the i" observationg
end for .
Py =Py, 2 (ni 1)' 2 fnormalize principal componeng
write p4 to Te

Table 3.3 illustrates the rst three modes of texture variation with respect
to the mean face texture. The rst mode predominantly captures variation
in skin pigmentation associated with ethnicity. The second and third modes
appear to represent aspects of texture variation due taace and gender

Combined appearance model

An appearance model was constructed that simultaneously gatured both shape
and texture aspects of human faces using the procedure premisly described
in Chapter 2, by equations 2.59-2.64. A compact vector repremntation, ¢ =

" # " #
whs Q7 wP [ dx

(3.5)
bg Pgdg

c=QT

where the columns ofQ, Ps and P4 are the appearance, shape and texture
principal components respectively.dg is the face texture vector in mean devia-
tion form and dx is the face shape vector in mean deviation form. The vectors

1The dimensionality of the data usually dictates that there will be at m ost n principal com-
ponents with corresponding eigenvalues that are non-zero, wheren is the number of sampled
faces.
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Table 3.2: Shape modes capturing the natural shape variatio in the dataset.
The j mode is illustrated by adding a proportion of the 3" shape_ principal

component to the mean face shape % | pt3 || < x< % +pi3 |
, Where | j is the variance associated with thej th mode of variation.
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Modes of texture variation
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Table 3.3: Texture modes capturing the natural colour variation in the dataset.
The | mode is illustrated by adding a proportion of the j 1 stexture principal

component to the mean face texture - ¢ i p§3 ., <g< ¢ + py3 .

, where ,  is the variance associated with thej " mode of variation.
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bs and by are the shape and texture parameter vectors respectively ahw is a
scalar that determines the relative signi cance of shape andexture.

Conversely, new plausible examples of faces can be synthasil by sampling
the parameters fcjg from a multivariate distribution and then manipulating
equation 3.5 to obtain the corresponding face shape and fadexture.

The rst three modes of appearance variation are illustratedin table 3.4.
These modes correspond to the most dominant of thé, axes de ning aparam-
eter space The rst mode indicates a change in race. It exhibits masculhe
attributes due to the Black, Indian and White male demographic groups repre-
sented in the training sample. Only White females are adequily represented
in the training sample (see section 3.4.1), hence there is nequivalent mode for
female faces. The second and third modes represent variatioin sex, race and
overall face shape.

3.4.5 Generating new examples of faces

The provision for synthesizing new examples of faces is an &ntial component
in the EigenFIT system. To generate plausible faces, the probability density
function (PDF) of appearance parameter values must be estirated. Knowing
this PDF is important for two reasons. Firstly, it allows new random faces
to be synthesized, thereby forming a starting point for the evolutionary search
procedure. Secondly, it enables random plausible variatios of a chosen face to
be produced; the process on which the evolutionary search pcedure is based.
Consider the n training samples. These can be represented collectively as
a point cloud in the parameter space, in which each sample isalned by a
unigue point. The point cloud is modelled using a single mulivariate normal
(abbreviated to SMN elsewhere in this thesis) probability density function,

Yo Ya
N (c;0;m)=(2%)' 2 jaj' 2exp | 5 caltc (3.6)

where ¢ is a vector of appearance model parameters¢{ ¢, ::: cn]T, ais a
diagonal matrix containing the variances associated with ach mode of appear-
ance andO is the mean vector indicating that the distribution of param eter
values is centred about the origin of the parameter space. Arapproximate
likeness to a chosen face that iswot represented in the training sample, can
be synthesized by selecting the appropriate set of paramets f ¢;g (the subject
of section 3.6) and following the process for generating ammage from model
appearance parameters (mathematical details were preseadl at the end of sec-
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tion 2.4.1 in Chapter 2). Examples of random faces can be syhesized by
sampling for parametersfcig from N (c; 0;a). Computationally, this is easily

achieved by scaling standard normal variables#; z, ::: z,]" obtained from a
pseudo-random number generator (PRNG),

2 3 2 32 3
C1 ,f 01 0 0 Z;
C O .2 0 O z
c=niz org '22:5 2 . gg ?% (3.7)
: : :1 .
Cn 0 0 0 2 Zn

111
where, Z; 3 2 etc are the standard deviations associated with the 1'; 2"

and 34 parameters. The SMN distribution, N (c; 0; o), describes a model that
embodiesall of the training faces and is therefore independent of their asoci-
ated demographic classi cation.

Demographic sub-sample models

Although the SMN model generally produces plausible facesinstances of un-
realistic faces may also occur. For example, faces that sinttaneously exhibit
both male and female characteristics. Furthermore, the SMNmodel is of lim-
ited use for facial composite applications because it not des easily allow prior
demographic knowledge to be incorporated in the initial population (see section
3.6). A superior approach is to model the individual demograhic groups as
separate multivariate normal distributions, (e.g. Ngm (C;*sm ; 8sm ) for black
males), within the parameter space as depicted in gure 3.8.

Hence, faces that exhibit characteristics associated witha chosen demo-
graphic group can be generated using the appropriate sub-sgohe model. The
evolutionary search procedure requires an initial pseudoandom population of
faces which must be drawn from a chosen sub-sample model. Letbe a vector
of independent random variables sampled from a multivariae standard normal
distribution. A vector of transformed variables was sought such that,

c=Az+1? (3.8)

where ! is a translation vector, representing the mean face of the dmo-
graphic sub-sample andA is a matrix to be determined. The requirement that
A be of full row rank implies that the dimension of ¢ can be no greater than
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Figure 3.8: Figure indicating the distributions for black males (BM), Indian
males (IM), white males (WM) and white females (WF) over the r st three

dimensions of the parameter space. Ellipses represeng/Zcontour lines of the
sub-sample models.
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the dimension of z and that none of the variables within Az is expressible as a
linear combination of the others. The covariance matrix ofc is de ned as,
D E

§; = D[cihci][cihci]T .

§c = JAz+1i (Ati+1)][AzF i (A tei + 1)]7

§. = [%(zihzi)][A(zihzi)g (3.9)
8. = A [(zihzi)][(zihzi)]T AT

§, = AS§,AT

§, is diagonal for independent variables and equal to the iderity matrix
when fzjg are standard normal variables. Hence equation 3.9 simpli esas
follows,

§.= A§,AT=AAT (3.10)
for
zi » N (0;1)

The density function of c is found via the change-of-variable technique. This
involves expressing in terms of the inverse functionz (c) = Ai 1 (cj t). Using
equation 3.10 the Jacobian of the transformation can be writen as,

2%2 = Al =g iz (3.11)

Therefore, the resulting probability density function of t he multivariate nor-
mal distribution of the transformed variables is,

1 1 Ya
.n .1 .
N (c% 8)=(2%)' 2j8i' Zexp i 5(ci 1)Tgit(ci 1) (3.12)

To transform the standard normal variables, and hence syntlesize examples
of faces from the chosen sub-sample model, the matriA must be determined
via a decomposition of the covariance matrix & (8 is positive de nite and
symmetric). A is not unique and various decompositions can be found that
satisfy 8. = AA T. A standard approach is to use a Cholesky decomposi-
tion in which the covariance matrix is decomposed into the poduct of a lower
triangular matrix L and its transpose,
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§ = LLT (3.13)

substituting L for A in equation 3.8 gives,

c= Lz+1? (3.14)

where L can be constructed from the chosen demographic withh = Lgum
etc (in which the subscript refers to the demographic group) Equation 3.14 can
be used to generate faces with the desired demographic progies by following
the reconstruction process described in Chapter 2, by equains 2.66-2.69. Ex-
amples of faces synthesized from di®erent demographic subrsple models are
presented in gure 3.9.

3.5 Evolving faces using an evolutionary algorithm

The appearance model described in section 3.4 provides theeans for synthe-
sizing plausible face stimuli (face images). An adequate gpoximation to any
face can be obtained from an appropriate selection of 60 ingeendent appear-
ance model parameters, contained in the vectoc. In principle, the parameter
values could be determined using many di®erent approaches.oF instance, a
naive approach would be to construct a user interface in whik each parameter
value is controlled by a slider, and the resulting compositdace displayed to the
witness. Another approach would be to implement a purely rardom search of
the parameter space in which a large number of candidate faseare synthesized
from which the best likeness to the target face is selected. lhough, in theory,
both of these methods are capable of achieving a likeness, itteer method takes
into account 'ease of use' or the time required to achieve a keness. This sec-
tion describes an ezxcient stochastic search procedure thatmables the witness
to determine an optimal vector of appearance parameters fnim which a likeness
to the target face can be constructed. A more detailed accourof the procedure
described here is provided by Pallares-Bejarano [69].

It is crucial to recognize that the optimum search procedurefor this task
must be an algorithm that is a suitable compromise betweerhuman usability
and speed of convergencéi.e. the required number of faces seen and rated by
the user before a satisfactory composite is achieved). Evalionary algorithms
can be easily adapted to accommodate di®erent types of inputrdm a user,
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(a) random sample of faces synthesized using the sub-sample model neresenting black males

(b) random sample of faces synthesized using the sub-sample modelepresenting Indian males

(c) random sample of faces synthesized using the sub-sample modelepresenting white males

(d) random sample of faces synthesized using the sub-sample modele&presenting white females

Figure 3.9: Random faces synthesized from the appearance mel parameters
obtained using PRNG from separate multivariate normal distributions.
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and hence are well suited to optimization problems of this type. Accordingly,
three evolutionary approaches to conducting the parametersearch have been
explored, each of which required a di®erent input from the use The algorithm
that o®ered the best compromise between speed of convergermed usability
was employed in the EigenFIT facial composite system.

3.5.1 Fitness function and convergence criteria

In an evolutionary algorithm, a scalar valued tness function, f (¢) quanti es
the 'goodness' of a candidate solutiong, to the optimization problem of inter-
est. Each candidate solution is also referred to as a genotyp(analogous to a
chromosome of biological genetic code) which maps to a phetype embodying
the physical characteristics dictated by the chromosome.

In the context of facial composite applications, a genotypes a vector of ap-
pearance model parameters and a phenotype is a face image stmicted from
the genotype. In the process of evolving a face, theiitness is required to assign
“tness scores to phenotypes. Hence, the mathematical form dhe tness func-
tion f (c) is unknown and exists only in the subconscious mind of the whess.
The tness function will di®er according to the speci ¢ target face of interest
and is also dependent on the witness' memory of the suspect. uRhermore,
perceptual measures of similarity between faces di®er sligi between individ-
uals. Each witness will thus encode a face di®erently. For thee reasons no
analytical solution to f (c) exists and a stochastic search procedure is required.

Virtual witness

The behavior of evolutionary algorithms can be strongly a®eted by a number
of parameters such as probability of crossover and mutationselection method
and genotype length. For the application considered in thisthesis, the most
reliable method for establishing the best algorithm is to peform extensive trials
involving human participants, performing the role of real witnesses. However,
evaluations involving human participants are both time-consuming and costly.
Hence the three evolutionary algorithms studied were evalated using avirtual
witness program in which the computer simulated the role of the humanwit-
ness. The important di®erence between a virtual withess evahtion/trial and a
human operator, is the use of a quanti able distance metric béween solutions.
For a virtual trial each tness score was assigned according the distance betwee
the parameter vectors of candidate solution,c and the parameterscs belonging
to a target face. The distance metric used was the Mahalanolsi distance.
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q
f(c)= (ci cs)8c(ci Cs)' (3.15)

For each algorithm, an evaluation was conducted by selectig at random a
target genotype and an initial population of random genotypes that constitute
a starting point for the EA. For humans, the process of assiging tness scores,
pertaining to similarity between faces, is ambiguous resding in inconsistent
ratings. The virtual withess has been designed to simulate his ambiguity by
adding a random perturbation, ® to the tness score (where® is in the order of
a few percent off (c), see Pallares-Bejarano for details). Hence, equation 3.15

g
'(c)=  (ci cs)8clci Cs)' +® (3.16)

The aim of facial composite systems in general is to generat likeness that
is suzcient for recognition rather recovering the exact parameter values of the
target. Hence, the evolutionary algorithm was judged to hawe converged when
the Mahalanobis distance to the exact parameters values st ed,

f*'(c)- 3 (3.17)

3.5.2 Determining an appropriate algorithm

Initially, three di®erent algorithms were designed. A quanitative measure of
their respective performances was determined using the wwal witness, and
a qualitative measure of their performances according to a timan user was
obtained. A brief description of these algorithms is provided below and their
key properties are summarised in table 3.5.

Full scale rating algorithm (FSR)

In this approach an elitist genetic algorithm was employed,applying the oper-
ations of selection, crossover and mutation to the elite indvidual of the pop-
ulation (the stallion) and one other individual chosen according to the tness
proportional rating principle. At each iteration, the o®spring produced were
rated on a simple numerical scale of 0-10 by the user and virtdawitness for
their perceived similarity to the target face. To encourage consistency and
avoid tness scaling problems which might induce premature onvergence to
an incorrect solution, the current stallion (the best likeness generated so far)
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FSR FTL SMM
mutation yes yes yes
crossover yes no no

selection method elitist elitist elitist
mutation rate static static dynamic
population size | 10-20 (static) 2 (static) 9 (static)
coding method | 5 bit binary | real (double point) | real (double point)

Table 3.5: A Summary of the properties of the three exploratey evolutionary
algorithms.

and its assigned score was made visible at all times to the useThe process of
assigning numerical ratings to the faces in each generatigrand replacing the
stallion as appropriate, was continued until the convergere criteria had been
satis ed (equation 3.17).

Follow the leader algorithm (FTL)

This strategy was the easiest algorithm for the human operabr to use. At
each step of the iterative process, a single new face was diaped alongside
the current best likeness the stallion) and the user was simply asked to select
the ttest of the two faces. In this non-elitist strategy the current stallion was
either retained or replaced by the other individual and usedas the stallion in a
new generation. The second individual in the new generatiorwas obtained by
breeding the stallion with a new individual. In this EA the re cent evolutionary
history was a factor in determining future o®spring. For instance, the recent
evolutionary history may suggest that the process is followng a well de ned
direction (as opposed to a totally random path) through the search space. If so,
a preference was made for this direction at subsequent iteteons, accelerating
the search process along a more ezcient path through the appeance space
and reducing the number of iterations required for convergace.

Select Multiply and Mutate Algorithm (SMM)

In a similar fashion to the FSR algorithm, this algorithm also employed an
elitist strategy. However, in this case, an array of faces (gpically nine faces
per an array) were presented at each iteration, from which tle user was re-
quired to selectthe best likeness to the target face. The selected face waséh
cloned (multiplied) a number of times and all but one was randomly mutated
to produce a new generation that included the stallion. The $41M process was
repeated for each of the following generations until a likeess was achieved.



93 3.6 SMM composite construction method

3.5.3 Re ned select multiply and mutate algorithm (SMM)

The exploratory study indicated that the SMM algorithm o®ered a better com-
promise between numerical speed-of-convergence and cogwuéisimplicity than
the FSR and FTL algorithms. Further modi cations to the SMM al gorithm
were made, thereby improving its performance. A dynamic muation rate was
introduced that provided a faster and more robust convergere to the target.
If t denotes the number of generations that have occured since ¢hstart of
the evolutionary process, then letp(t) be the probability that an appearance
parameter/decision variable of genotype in the current gerration will mutate.
The relationship betweent and p(t) for 60 appearance model parameters was
determined by simulating the composite construction process many times using
the virtual witness as a tness scoring mechanism. Equation 3.8 provided a
high mutation rate at the early stages of the evolutionary process, allowing the
whole search space to be investigated.

p(t) = 0:100 + 0:417ti 0558 (3.18)

As the number of generations increased the probability of mtation de-
creased allowing a local optimum in the search space, and hea a likeness to a
target face, to be determined more easily. The basiSMM algorithm is depicted
in the °ow chart in gure 3.12.

3.6 SMM composite construction method

In section 3.2 the key steps for the operation of a general coposite system
based on a whole face, evolutionary approach were presentedHere a more
detailed description is provided that is speci ¢ to the SMM algorithm outlined
in the previous section. To avoid confusion the termdecision variable is used
when referring to an element of the genotype, and the termappearance model
parameter is used in the context of the mapped variables from which face are
rendered.

1. The process is initialized by using a PRNG to obtain nine vetors each
containing 60 double precision random numbers (decision véables) drawn
from a standard normal distribution (see gure 3.11a)

e= N (0;I) (3.19)
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Each of the nine vectors constitutes a singlegenotype representing an en-
coded face. A decoded face image is termedmhenotype (see gure 3.10
for an example of phenotype and its corresponding genotype) Collec-
tively, the nine genotypes are referred to as theinitial population. The
purpose of the initial population is to seed the evolutionay algorithm,

thereby providing a starting point from which a likeness to a target face
can be evolved.

. A transformation is applied to each genotype vector. The tansformation

maps the standard, normal decision variables to appearancenodel pa-
rameters that follow the multivariate normal distribution relating to the
chosen demographic group (see section 3.4.5)

e! ¢c= N (&8 (3.20)

. From each of the appearance parameter vectors, a face imags con-

structed as described in section 2.4.1 by equations 2.66-26 Figure 3.11b
illustrates nine phenotype faces images, rendered for disqy.

. From the array of nine faces, thewitness is required to select thesingle

face that most closely resembles the suspect (see gure 3.1)1bThe se-
lected face is the ttest phenotype, also referred to here as thestallion.
It is the only face in the current generation from which geneic code is
propagated into the next generation.

. The genotype corresponding to the stallion is duplicatedor cloned nine

times (‘gure 3.11c), thereby, copying the genetic code of theselected face
into a new generation of nine faces.

. Eight of the cloned genotypes aremutated to produce variations on the

selected stallion image. The remaining clone is left unalteed and is po-
sitioned randomly in the new array of nine faces. From these gnotypes
nine new phenotypes are constructed. Thus a new generationf daces is
produced.

. Steps are repeated until an acceptable likeness to the spect's face is

achieved.

In "gure 3.12, the key steps in the SMM algorithm are outlined.
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Figure 3.10: Phenotype face image and corresponding gengig.

3.7 Applying a hairstyle to a composite image

Many researchers use the term 'face recognition' in a very lose sense, referring
not only to the face but also the hair and shoulders. Howeverautomated face
recognition systems that incorporate extraneous informaion such as hairstyles
may be fundamentally °awed. Liao et al [63] performed experinents which in-
dicated that the non-face regions of the head image, such as madominated the
face recognition process. A similar e®ect is observed when mans attempt to
recognise faces, especially if the subject is unfamiliar tthe observer. Given the
importance of hair in recognition tasks, care must be taken b provide adequate
means for applying hairstyles in any practicable facial corposite system.
Unlike the face region, hair cannot be modeled using a PCA. Th inherent
randomness of hair, and lack of identi able features, make iimpossible to iden-
tify correspondences between di®erent hairstyles. A bettemethod for reliably
capturing the shape and textural properties of hair is to sinply duplicate the
hairstyles of the subjects that constitute the training set. These hairstyles can
then be placed over the composite face to achieve the desiredsult. Using the
hair of the training subjects is guaranteed to give photo-redistic hairstyles that
can be chosen independently of the face. The ditculty arises tven attempting
to blend a chosen hairstyle to the target face. Variations inhair length result
in di®erent regions of the face being obscured depending ondlselected style.
Hence, the position of the join between hairstyle and face iseldom in the same
place from hairstyle to hairstyle. Disparities in skin pigmentation between the
donor and target faces can also prove problematic when attepting to construct
a seamless join. These issues make the task of applying a hstyle to the com-
posite face one of the most complex issues concerning comfesconstruction
using the PCA method. A simple blending procedure for applyng hairstyle(s)
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(a) Initial population: Genotypes gen- (b) Initial population: Phenotypes syn-

erated using PRNG thesized from the genotypes - “ttest phe-
notype (as selected by the witness) circled
in red.

(c) Cloning (Multiply): Genotype cor- (d) Mutation: Random mutations on

responding to “ttest phenotype cloned nine eight of the nine clones. The stallion re-

times. mains unaltered, although its position in

the new generation is randomized.

(e) New generation:  Based on mutated
genetic material from selected face.

Flgure 3.11: schematic representation of processes that result in a gene ration of phenotype face
images. The procedure is initialized by forming nine string s of random numbers (genotypes) using a
pseudo-random number generator (PRNG). For each of the nine  genotypes a corresponding phenotype
face image is constructed. The witness is required to select (a subjective selection) the phenotype image
that exhibits the closest likeness to the suspect. The genot ype of the selected face is used as the genetic
basis for a new generation of faces.
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Figure 3.12: SMM Algorithm °owchart indicating the steps required for pro-
ducing a composite using the evolutionary approach.

to a face images is described in the next section followed by areliminary
investigation into a more sophisticated multi-resolution approach.

3.7.1 Blending procedure

A method for applying a hairstyle to a face was employed in whih the face
textures and face shapeswere blended, providing a computationally excient
and aesthetically pleasing solution to the problem. Hairsyles were taken from
subjects comprising the training set. Thus the hairstyles vere captured under
the same environmental conditions as the face data, eliminéng any potential

issues due to inconsistent lighting. The termdonor will be used when referring
to a subject who provides the hairstyle and the wordtarget? will be used to
describe the face to which hair must be added. The key steps dghe approach
taken are outlined in the tree diagram presented in gure 3.13and a description
of the process is provided in algorithm 2.

Algorithm 2 Hairstyle mapping method

1. Perform a rigid shape alignment of the 2 + k) £ 1 donor shape vector
sq with the 2m £ 1 target shape vectors;. Note that sq contains k more

ZNote that the word target is also used when referring to the face for whi ch a likeness is
required
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coordinate pairs than s; due to the additional landmarks required to de-
lineate the perimeter of the hairstyle. The alignment transformation is
calculated on the 2n face coordinates onlybut is applied to all 2(m + k)
elements of the vectorsy.

. Pad s; with zeros corresponding to hair landmarks ins; such that the

donor and target shape vectors contain the same number of eleents.

he i
St
| -
st 5 (3.21)
. Spline donor and target shapes,
hsti
0= o EMs*sax[li my] (3.22)

where £ represents a point-wise multiplication andmgisa2m+ k) £ 1
weighting vector with values in the range [Q 1] such that,

8
ms (i) = > O<mg(i)< 1 if i 2 Lface \ Lhair (3.23)

With Lpar denoting the set of indices representinghair landmarks and
Ltace the set of indices representinchair landmarks. The symbol 't' rep-
resents a point-wise multiplication and 1 is a 2(m + k) element column
vector containing ones.

. De ne a mask imagel v such that a|l pixels whose coordinates lie within

the convex hull of s; (i)O: i 2 Liace are set to one, and all other pixels
are equal to zero. Soften the transition between light and d&k pixel values
by applying a 15£ 15 averaging Tter to Iy,

2 K2
I,&(x;y)z Im X+ iy +j)h(i + k=2;j + k=2) (3.24)
i=i k=2i=| k=2

wherek = 15 and h is the convolution kernel. For convenience, the Ttered
mask imagel y will also be represented by the matrixly . Elements ofl
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that lie in the range (0; 1) form a feathered edge around the face region,
which is refered to by Burt and Adelson [15] as thetransition zone.

5. Let 14 and I; be the matrix representations of the donor and target
textures respectively. To blend these images successfullg correspon-
dence is needed between both images. This is achieved tmarping to the
splined/blended face shapes?. Let |g represent the warped donor image
and |9 represent the warped target image.

6. At this stage some form of photometric correction may be required so
that the skin pigmentation of |12 matches the skin pigmentation oflg in
the transition zone. Treating each colour plane separatelythe parame-
ters s (sample standard deviation of pixel values) andp*(sample mean of
pixel values) of the Gaussian pdf of pixel intensitiesf p;g contained within
face region is calculated. The photometric correction is inplemented by
transforming the pdf of the donor such that it has the same paameters
as the target,

pa ()°= (pai Pa) j—; Py (3.25)

7. The mask imagely de nes a weighted combination qu“ned) of the
warped target and donor images,

Igplined = I?iIM + I(gli[:l-m;n i Im] (3.26)

3.7.2 Towards an improved blending procedure

The method outlined in section 3.7.1 for applying a hairstyle to a target face
results in a join between image patches which is to some deggevisible in the
composite image. In most instances, the visibility of the jan is reduced by
photometric correction and the use of a smoothing transition zone. For exam-
ples in which the join remains prominent, a more sophisticaéd approach to the
blending problem is required. One approach that has the potgtial to overcome
the blending issue is to use a multi-resolution spline to jointhe image patches.
Multi-resolution splines as described by Burt and Adelson [B] have previously
been used for image mosaic applications. The following seéon explores the
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Figure 3.13. Steps required for applying a hairstyle to a comosite face. The
process involves: 1) Blending the donor shapey and the target face shape
s;. 2) Warping the both the donor and target textures to blended face shape,
Shlen, thereby achieving pixel-wise correspondences. 3) Formin@ weighted
combination (a spline) of the warped images (g and 1{) according to the pixel
intensity values contained in the mask image,ly , to form the output image,

I blend-
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practicality of using a multi-resolution spline for mapping hairstyles. A brief
mathematical explanation of the technique is given (for a ful explanation the
reader should refer to [15]). The results of some simple bleling examples are
provided and the suitability of the spline method for compostes is discussed.

Acceptable results are obtained using the method outlinedn section 3.7.1
when the transition zone is similar in size to the wavelengtls present in the
images. In practice, this criteria is seldom met since, in geeral, images contain
a range of spatial frequencies. If the transition zone over wich the mask image
Im changes from 0 to 1 is small compared to the image structuresontained in |9
and |g, the boundary may still appear as a step in image intensity. @nversely,
if the transition zone is large compared to the image structues, structures from
both images may appear superimposed within the transition »ne, producing
undesirable double exposure type artefacts. A multiresoltion spline provides a
solution to the transition zone/wavelength mismatch problem by decomposing
both 19 and |g into bandpass images. Each pair of bandpass images can then
be combined using a weighting image in which the transition nne is matched
to the size of the image structures present. Algorithm 3 provwdes an overview
of the procedure for blending the textures using a multi-reséution spline.

Algorithm 3 Multi-resolution method for image splines

1. Gaussian pyramid construction: Apply a Gaussian low pass [5x5]
Tter to the warped target image 19, forming a smoothed version of the
image. Sample every other pixel from the smoothed image, threby re-
ducing its area to a =4 of its original size. The ltering procedure and
sampling procedure are collectively known as &EDUCE operation - see
equation 3.27. Label the image that results from applying tre reduce pro-
cedure to 1Y as G;. Now perform a reduce operation onG;, obtaining a
new imageG, which is a 1=4 the size ofG; and 1=16 the size ofl ?. By suc-
cessive repetitions of theREDUCE process, a set of images that decrease

(where Gog ~ ). Stacking this set of images in order of decreasing size
yields a tapering data structure known as aGaussian pyramid

X X
Gi(i;))= w(m;n)Gj; 1(2i + m; 2j + n) (3.27)

m;n=1

where w (m; n) is the generating kernel andl indicates the level in the
pyramid structure. In the same manner, Gaussian pyramids ae con-
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Figure 3.14: The multiresolution spline forms a weighted bénd of images that
preserves high spatial frequencies in the transition zone.Donor and target
images are decomposed into bandpass pyramid structured.d,g and fLt g re-
spectively). fLs|g represents the Laplacian pyramid that is constructed by the
weighted combination off Ld|g) and f Lt g, as speci ed by the Gaussian pyramid
fGmg.
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structed for the image mask |y and warped donor imagel 9. Forming
a Gaussian pyramid is equivalent to, but computationally more excient
than, generating a stack of images which are identical in s but smoothed
with increasing large Tter kernels.

Laplacian pyramid construction: For the donor and target Gaus-
sian pyramids only, calculate the di®erence between consdite images
in the in the pyramid, thereby forming a pyramid of bandpass images

appropriate Gaussian Iters approximates a Laplacian Tter. Because
these arrays di®er in sample density, it is necessary to intpiolate new
samples between those of a given array (image) before it is btracted

from the next lowest array. Interpolation can be achieved by reversing
the REDUCE process. Burt and Adelson refer to this as anEXPAND

operation.

Li= G/ i EXPAND (Gjs1) (3.28)

The process of expandingG; k times is written as,

X X Hoi+ m 2'+nﬂ
Gix (i) = 4 w(mn) G 1 S

nm=j 2

(3.29)

Only terms for which (i j m)=2 and (j i n)=2 are integers are included
in this sum.

. Image spline and pyramid expansion: Let Ls; and Gs; denote the

splined I level bandpass detail image and low pass approximation im-
age respectively. Starting at the top of the Laplacian pyramids, spline

the 1" level bandpass image.d; with corresponding imageLt, using the

weighting mask Gm; to form a blended bandpass imagé.s| (see equation
3.30).

Lsi (i5j) = Gmy (i;j ) Lty (i) )+ (1§ Gmy(i;j)) Ld;(i5j)  (3.30)

Use the expand operation to resize the splined image, making the same
size as thd +1 level images. Spline thel™ +1 level images and add them
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to Ls|. Repeat this process, working down the pyramid structure, &en-
tually resulting in the output image 1. The whole recursive procedure
can be expressed as nested expand operations,

Gso = Lsg+ EXPAND (Lsi+ (3.31)
EXPAND (:::Lsy;1+ EXPAND (Gsy)))

Because there is no higher level array to subtract fromGsy, we de ne
Lsy = GSN.

To determine the suitability of the multi-resolution spline for applying
hairstyles in the EigenFIT composite system it was comparedto the simpler
blending method described in section 3.7.1. Using the inpuimages in table 3.6,
the following four scenarios were considered,

1. A weighted sum of the donor image (a) and target image (b) wa formed
using the pixel weights in mask image (d) - note that in this case a low
pass lter was rst applied to image (d) to create a transition zone in
which pixel intensities varied in the range (0, 1).

2. The multi-resolution spline method was used to map the dono hairstyle
in image (a) to the target face in the continuous image, (b).

3. The multi-resolution spline method was used to map the dono hairstyle
in image (a) to the target face patch in image (c).

4. In the nal experiment the face patch (c) was combined with the donor
image (a) using a simple weighted sum.

The output images for each scenario are displayed in table 3. For the
case in which two continuous images were to be blended the ntidresolution
spline provided superior results. However, when a hairstd was applied to
a face patch (as is necessary for the EigenFIT system), the multi-resoluibn
method failed to produce a satisfactory blend. The reason fothis failure is
due to the discontinuity in image intensity in the target ima ge, making the
multi-resolution spline method presented in this section ursuitable for the task
of applying hairstyles in the EigenFIT composite system.
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Input images

a) Donor b) Target ¢) Target patch d) Mask

Table 3.6: Input images for di®erent hair mapping scenarios.

Blended output images

1) Simple blend | 2) Multi-resolution | 3) Multi-resolution 4) Simple blend
spline spline using target patch
using target patch

Table 3.7: Donor hairstyle mapped to target face for the fourdi®erent scenarios.

3.8 Overriding the evolutionary process

During the process of generating a facial composite, situéns may arise in
which it is advantageous to intervene in the evolutionary procedure. One such
situation occurs when the evolutionary procedure has prodoed a face in which
one or more features exhibit a good likeness to the target fag but the remaining
features do not. The problem is that features in the composi¢é face which are
highly similar to the target may be degraded during subsequat generations at
the expense of improving the ‘'whole face' likeness. This is& has been addressed
by providing a feature locking tool that allows the shape of individual facial
features of the stallion (best likeness so far) face to be xedand propagated
through future generations.
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3.8.1 Locking facial features
Feature locking implementation

The EigenFIT interface has been designed to allow the operair to lock a facial
feature by selecting the corresponding region of the schentia face image (see
“gure 3.3). Once the feature has been locked, it appears highlghted in the
schematic image to inform the user that no further shape defomation of the
selected feature will occur during subsequent generationdn terms of our facial
composite system, we can imagine taking a snap shot of the dteon at certain
instances in time and retaining the shape of one or more choeefeatures. Fu-
ture generations can only introduce shape changes in the faaes that remain
unlocked. The process is expressed in equation 3.32 by a vectaddition com-
prising the current stallion shape s; and a snap shot of a previous stallionsy,,
captured at time tg. Here, we have used the term time to refer to a particular
generation number, with t >t .

SX= sl i Wel+ suWg (3.32)

Where | is the identity matrix and W ¢ is a diagonal matrix with elements
equal to one or zero.W ¢ is referred to as the feature selector since it e®ectively
extracts all of the coordinates froms;, corresponding to the xed feature.

Locking multiple features

We can extend equation 3.32 to include multiple features, loked at di®erent
instances (generations).

SX= 5[l Weri Wieaiiii Weg]+ syuWieg+ s,Weoiii+ s, Wy, (3.33)

W:1;Weo::: and Wy, are the feature selectors for the ¥, 2"d and nth
features respectively (ie nose, mouth... etc).si,, st; and sy, are snap shots of
the stallion taken at times tq, t, and tx. Hence one or more features may be
locked at once. If the user wishes to evolve a single feature isolation, all other
features can be locked.

Unlocking facial features

When a chosen feature is unlocked we need to re-introduce shapvariation so
that the feature may evolve as it did prior to locking. This could be achieved
by simply reverting to the current stallion such that s® = s;. However, this
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would cause an abrupt change in shape of the unlocked faciag&ture which is
both counter intuitive and visually displeasing. Instead we require a continuous
shape transition by gradually re-introducing variation int o the unlocked feature.
To accomplish this smooth transition we establish a decay faction, ®(t) and
modify 3.32 as follows,

= sl i ®E)W ]+ s, ®(t) W (3.34)

A linear decay function was de ned;®= j 0:1t in the range 0<t - 10 that
gives an aesthetically pleasing transition between the xedeature and stallion.
An exponential decay may be preferable when a smoother decag required.
For a xed feature ® remains constant ® = 1) and once ® has decayed to zero
it remains at that value until the feature is xed again. Equation 3.34 has a
nice limiting behaviour. When a feature is unlocked the shag o®set ebbs away
over time and facial shape as seen by the usesy) reverts to the underlying
stallion (s¢).

@ (b) ()

(d) (e) )

Figure 3.15: In images a-f themouth shapeand the perimeter of face are locked
random shape variations evident in other features.
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(@) to (b) t1 (©) t2

(d) ts (e) ta ) ts

Figure 3.16: Mouth shape and perimeter of face unlocked. Théexibility of the
previously locked features increases with. When t >>t ¢ the a®ect of locking
a feature decays to zero and the usual evolutionary shape vations resume.
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3.9 Summary

In Chapter 3, aspects relating to the construction of EigenHT in its most
basic mode of operation have been described. The chapter beg by presenting
the argument for a facial composite system that operates in he manner of
EigenFIT, which was followed by a brief overview of the systen itself. Later
sections described the individual components of the systern detail. The rst
of these components was the user interface which was desight be cognitively
simple to use, thereby allowing the witness to take a more agte role in the
composite process than has previously been possible.

The speci cs of an appearance model of the human face were deibed, from
which new plausible examples of whole-face images could bergeated. As well
as a basic overview of the appearance model (described in @étin Chapter 2),
this section included the acquisition of face data and the pobability density
function models that allowed plausible new examples to be syhesized.

A likeness to a suspect's face can be generated from an appmigte set of
appearance model parameters. The parameter values were agmined iter-
atively using an interactive evolutionary algorithm. Vari ous algorithms were
tested and the most promising one (the SMM algorithm) was deeloped further
for inclusion in EigenFIT. The chosen algorithm, and the steps required in its
development were described in section 3.5

The ability to apply a hairstyle of choice to a composite image is an essential
part of any composite system. Section 3.7 described a simpladending method
by which a hairstyle is applied to a composite image within the EigenFIT sys-
tem. In the subsequent section, a potentially superior metlod for applying a
hairstyle based on amulti-resolution spline was investigated. A preliminary ex-
periment, comparing the two methods, demonstrated that the multi-resolution
spline was unsuitable for this speci ¢ application.

The last section of this chapter described a tool that o®eredhe functionality
for locking the shape of one or more selected facial featuredhis was achieved
by adding an appropriate o®set vector to the shape of the curm stallion. If
one of the locked features was subsequently deselected, tberresponding o®set
vector was allowed to decay to the null vector over a nhumber ofgenerations,
and the system would return to its global, evolutionary mode of operation.
Hence the lock-feature tool implementation was complementsy to the standard
evolutionary process.

The core implementation of the EigenFIT system described inChapter 3
o®ers a simple and intuitive method for constructing facial omposites that may
be used directly by the witness under the supervision of a traned operator.
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Chapter 4 describes a number of additional tools that o®er graer control over
the composite process than is a®orded by the evolutionary paedure alone.



Chapter 4

EigenFIT - advanced
functionality

In the previous chapter, the elements of the EigenFIT systemnecessary for a
predominately evolutionary mode of operation were presergd. In that mode of
operation, provisionally named EasyFIT, the witness is sinply required to make
decisions in response to the facial stimuli, displayed on aamputer monitor. A
method for the limited intervention in the evolutionary pro cedure via the lock
feature tool was also described in Chapter 3. The conceptual simplicity bthe
EasyFIT method is a major strength. However, the changes intoduced into
the composite in this way are fundamentally random in nature and additional
functionality for allowing a witness/operator to alter the appearance determin-
istically is desirable. A step by step example illustrating the production of a
facial composite using the EigenFIT system is provided in Apendix D.

Although strong evidence has been provided to support the ntoon that ob-
servers achieve face recognition tasks through con guratiaal cues, it is nonethe-
less common for a witness to remember particular, distinctie features and to
o®er general, semantic descriptors of the face. In this chapt, we explore means
for exploiting this kind of witness information. Integrati ng featural and seman-
tic information, with the standard holistic-evolutionary mode of operation, thus
aims to provide maximum °exibility to the witness and operator.

4.1 System overview - ExpertFIT mode

Additional functionality is provided through a parallel mo de of operation
termed ExpertFIT. The ExpertFIT mode provides a number of tools which
incorporate the following,

111
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2 Blending : Augmenting "t' characteristics from two or more faces in a
generation into single, averaged face image (4.3).

2 Facial attribute manipulation . Learned models of facial attributes en-
able facial traits to be enhanced or reduced. The age attribte is consid-
ered here, although the technique is equally applicable to ther attributes
such as masculinity and ethnicity (4.4).

2 Local feature manipulation : The seamless alteration of individual
features by translating and scaling the de ning feature coodinates and
warping the overall texture to the new shape (section 4.5).

2 Applying ne details to a composite . The functionality for applying
“ne details such as wrinkles to a composite face(4.6).

Allowing the composite image to be altered in these ways posean interest-
ing problem with regard to the underlying, numerical representation of the face.
Essentially, this relates to the fact that some of the manipuations described
above can result in a facial appearance which lies outside thspace spanned
by the global appearance model. The manner in which this is hadled, is an
important consideration and an approach to this problem is dscussed in detail
in section 4.5.1.

4.2 Design of graphical user interface - ExpertFIT

The ExpertFIT mode embodies the same 'simple to use' design pnciple as
EasyFIT mode. ExpertFIT mode is accessed via a drop down menwn the
EigenFIT menu bar. All of the EasyFIT functionality is provi ded, plus some
additional tools that are intended to be used by a trained opeator. Once the
expert mode has been selected, icons located at the top rightand corner of
the interface, which were previously greyed out, become aite (see gure 4.1
for details).

Below is a brief description of the screen layout for each oftte expert tools,

2 Blend : Vertical sliders allow the operator to form a weighted sum d
the faces in the current generation. The blended face appearin the
bottom right hand corner. Selecting this image with the mouse replaces
the current stallion with the blended image and causes EigeRIT to revert
to the main screen.

!Note: that although a proof of concept version of this tool has been developed, it remains
to be incorporated into the EigenFIT software package
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Figure 4.1: The additional functionality provided by the Ex pertFIT is made

accessible by selecting 'ExpertFIT' from the 'options' meru which enables the
icons located in the top right hand corner of the main screen. Selecting an
advanced functionality tool changes the screen layout to amappropriate con-
“guration for the chosen tool. EigenFIT reverts to the main screen once the
modi cations to the stallion (current best likeness) have been approved by the

witness.
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2 Facial attribute manipulation : A side by side con guration with the
current stallion positioned on the left and a duplicate of the current stal-
lion on the right. Controls in the right hand frame allow the o perator
to make the duplicate face appear older or younger as appropte. The
side by side layout makes it easy for the witness to observe @mges with
respect to the current stallion.

2 Local feature manipulation  : A side by side con guration with the cur-
rent stallion positioned on the left and a duplicate of the curent stallion
on the right. Position and scaling controls on in the right hand frame
allow the operator to modify the shape of one or more featuresvithin the
duplicate image. The currently selected feature is highligpted in blue on
an iconic face, located above the move-scale controls.

2 Applying ne details to a composite (Proposed interface): The
tool invokes a familiar three by three layout of face stimuli. The nine
faces are all duplicates of the current stallion, with a di®eent pattern of
“ne detail applied to each. More examples are displayed using scroll bar
(same arrangement as the hairstyle tool) and the prominencef the ne
facial details can be increased or decreased using a slider.

4.3 Blend tool

The simplicity of the speci cally designed EA excludesthe option for carrying
over facial characteristics frommore than one phenotype to the next set of nine
faces. The motivation behind the blending procedure is to popagate facial
characteristics from more than one face into the following gneration. This
is achieved by forming a weighted combination of the genotyps (appearance
model parameter vectorsf ¢c;g) comprising the current generation,

X X
Cs ! ®c; with ® =1 (4.1)

i=1 i=1
Faces for which® = 0 do not contribute to the blended face. If the blended
face is considered to bear a better likeness to the target thathe current stallion,
the current stallion is replaced by the blended face. The updted stallion is
reconstructed from the appearance model parameter vectocs in the usual

way. A schematic overview of the blending process is providkin gure 4.2.
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Figure 4.2: A schematic diagram representing the blend proess. In this 2d
simpli cation, a linear combination of three faces from the arrent generation

has been formed. The stallion parameter vectorcs is replaced by the linear
combination, ®,c; + ®C, + ®c3 where ® dictates the in°uence of the it

phenotype on the blend. The usual reconstruction process &ls to the blended
image. All vectors in this diagram are drawn with respect to the sub-sample
mean, denoted by the circular marker.
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4.4 Facial attribute manipulation

Comparative semantic labels are often used to describe faai appearance. For
instance, a withess may describe a perpetrator asore masculine or older with
respect to the composite image. Although the perception ofdcial attributes
is subjective, a consensus can often be found. For exampld,a large number
of participants are asked to assign a score estimating the agof a thirty year
old subject, the mean value is likely to be approximately thirty years, although
individual scores may vary above and below the average. Tratlonal methods
for producing composite imagery are incapable of accommodag such seman-
tic descriptions. Conversely, the controlled manipulation of facial attributes
is relatively easy to implement in the EigenFIT framework by identifying di-
rections in the parameter space that relate to a trend in a spei ¢ attribute.
This section outlines a simple procedure for de ning a diredbn through the
appearance model parameter space, corresponding to maximuvariation in a
speci ed facial attribute. A method for modifying the strength of a chosen
attribute within a given face is also described. A similar agproach to modifying
facial appearance has previously been described by Burt [14nd Benson [5], in
which shape and texture were treated separately. An appearce model o®ers
a more elegant solution in which facial appearance can be maoed by perturb-
ing a single vector of parameters that simultaneously contol both shape and
texture.

4.4.1 Training process

To manipulate a chosen facial attribute, a prior training pr ocedure is required
in which a relationship is sought between the attribute of interest and each
appearance parameter. For attributes in which a dichotomy «ists, such as the
sex attribute, the simplest approach is to separate the traning examples into
two classesC, and Cy, (e.g. males and females). Prototypes (constructed from
class means) can then be formed by determining the mean veatof appearance
model parameters for each clasg, and €.

Xa X
€a = Cai and &p= Chk (4.2)
i=1 k=1
wheren, and ny are the numbers of sample faces that constituteC, and Cy,
respectively. Having formed two prototypes, a direction in appearance space is
calculated as the di®erence vector between them,
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¢c=¢&yj €a (4.3)

We refer to the vector of appearance model parameters ¢ as the attribute
vector. In the interest of typographic clarity, the notation caq Will be used
instead of ¢c, where the subscriptattr refers to the attribute of interest and
can be assigned as is appropriate. For attributes that vary ontinuously (albeit
on a discrete scale - e.g. age) with respect to variations in@earance model
parameter values, an alternative approach is required. Oneuch approach is to
perform a multiple regression analysis, relating the attrbute to the parameter
values using a regression equation. Regression methods &tesely related to the
techniques and procedures employed in classi cation probtas. Ramanathan
and Chellappa [74] use probabilistic eigenspaces and a Basian classi er to
determine the age di®erence indicated by two images of the samsubject's
face, where the time interval between the rst and second imag was in the
range 1-9 years. Support vector machines (SVMs) have becomeqyvalent in
face classi cation problems in recent years and their use ineacognition [46]
and sex classi cation [65] problems have been studied. Detai of alternative
approaches to manipulating age (a subtly di®erent problem talassi cation) can
be found in Hill [66], Lanitis [59] and [52]. However, a simpér approach that
produces visually acceptable results is to arrange the atibute values (scores)
in ascending order and perform amedian cut, thereby forcing a dichotomy. In
this case, each sample face decomposed into its appearancedel parameters
and assigned to either clas<C, or classCy, as follows,

C. if si<MEDIAN (fsg)

c 2 )
Cp if si>MEDIAN (fsg)

(4.4)
Prototypes can be constructed fromC, and C,, as before and the attribute
vector is de ned as per equation 4.3. The process is represett schematically
for the aging attribute in the left hand side of ‘gure 4.42. Aging attribute
vectors were calculated for each of the adequately sampledechographic groups
in section 3.4.1. Time-lines for all of the demographic group represented in
EigenFIT are illustrated in gure 4.3. Each time-line is an extrapolation of an
attribute vector beyond the young and old prototypes for a speci ¢ demographic
group. Faces were reconstructed at equidistant points on th time-line. The

2The aging attribute is currently the only attribute manipulation tool in the EigenFIT
system although other attributes may be incorporated into future ver sions
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time-lines are useful for validating the simple straight line approach over an
extended age range. In gure 4.3, typical aging traits can be bserved. In
the time-lines for the male demographic groups, the jaw shapdéecomes more
pronounced as the age increases and the skin tone becomes ki&ron the chin
and above the top lip indicating stronger facial hair growth. In the White
Female example, the skin is notably less taut with age, chareterised by folds
between the base of the nose and corners of the mouth. Theseahges in facial
appearance are indicative of the e®ects of aging [90, 30].

4.4.2 Modifying an attribute of a composite face

A face is aged or rejuvenated by adding or subtracting a scalamultiple of the
aging attribute vector to the appearance model parameters epresenting the
composite face, and then reconstructing the image. In EigeRIT the attribute
manipulation is always performed on the current stallion, with corresponding
parameter vector cs. The aging/rejuvenation process can be represented using
vector notation as,

Cs! Cs+ ®Cage (4.5)

If the scalar ® is positive the stallion will be aged. Conversely, if® is
assigned a negative value the stallion be rejuvenated. Hereas elsewhere in this
thesis, the! symbol indicates that a process has been executed that updas
the current stallion. The process is illustrated schematially in gure 4.4 in
which the relevant parameters vectors are added to achievehe desired e®ect.

4.5 Local feature manipulation

Although one of main strengths of the PCA model is its capabiity for generating
global face images, with facial features displayed in the adext of the whole
face, there are instances when this holistic approach can beedisadvantage. One
important example in which the global manipulation method proves inadequate
is when the witness has remembered something distinctive atut a particular
facial feature and wishes to make a change to a localized rami of the composite
image. Localized modi cations of this nature can not be accommodated by
the appearance model because in the global PCA framework, t@rations to
individual features are always accompanied by uncontrollale changes to the
face as a whole.
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(a) Aging time-line for Black male demographic group

(b) Aging time-line for Indian male demographic group

(c) Aging time-line for White male demographic group

(d) Aging time-line for White female demographic group

Figure 4.3: Aging time-lines for each of the main demographisubsamples. In
each case the time-line sequences were produce by adding a postion (de-
‘ned by ®) of the aging attribute vector to the young face prototype &young-
For the White demographic groups ® was set to each of the following val-
ues 1 :50:51152]. The spread of ages in the Black and Indian de-
mographic groups was smaller, therefore® was varied in larger increments
[i 2 i 1012 34]to achieve a similar degree of aging/rejuvenation.White
circular markers represent the prototype images through wiich the time-line
passes
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Figure 4.4: A schematic diagram representing the attribute manipulation pro-
cedure. In this 2D simpli cation, the vector of aging parameters Cage iS cON-
structed by determining the di®erence vector between youngaice €young and
old-facetqg prototypes. The a®ect of adding and subtracting a scalar muiple
of Cage to the stallion cs is illustrated by the diagram on the right hand side
of the gure. All vectors in this diagram are drawn with respect to the global

mean, denoted by the circular marker.
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One method for overcoming this limitation is to build independent local
PCA models for each of the main facial features [13, 92]. Thedea is straightfor-
ward in principle. The original training faces are separatel into predetermined
facial regions, from which localized appearance models cdme constructed us-
ing the same basic methodology as is used to build global motie(previously
described in chapters 2 and 3). Facial features generated ithis manner are
guaranteed to be plausible in appearance, assuming that theorrect restrictions
are placed on the choice of parameter values. The main issuegarding the use
of models based on separate face regions is how to embed thatfges into the
composite image. Unlike the whole face approach, local motkedo not o®er
any obvious means for providing credible con gurations of fatures. Forming a
seamless join between the separate regions can also proveplematic when us-
ing localized texture models. An alternative method was emjoyed in EigenFIT
that permited the operator to manipulate the aspect ratio, position and overall
size of the individual facial features. The procedure involed shape modi ca-
tions only, thereby avoiding any potential problems assoated with blending
texture patches. This straightforward method provided a powerful tool for
making adjustments to the ongoing composite image that was at too onerous
for the withess. Statements regarding the width, height andposition of facial
features are easily interpreted and do not require any compx vocabulary that
could be misconstrued. As with any user-de ned change in faciaappearance,
the operator themselves may also place implicit constrairg on the deformation.
Humans are experts in recognising real faces and, as suchgdikely to provide a
reliable judgement on the plausibility of computer generaed faces. With these
constraints in place, face shapes that are modi ed using thidocal feature tool
retain a realistic appearance despite the fact that, in gengal, they lie outside
the span of the shape principal components. This implies thathe local feature
tool provides a means for introducing new plausible shape variabn that is not
a®orded by the PCA model itself.

4.5.1 Global and local representations of face shape

The construction of the statistical appearance model desébed in chapter 2
results in a face being represented by a vectoc = [c1 ¢ ::: ¢y] of global
appearance parameters. These parameters are global in thersse that altering
a single parameter alters both shape and texture of the entie facial appearance.
Distinct parameter vectors bg for the shape andb; for the texture can be
obtained directly via the following equations (explained in full in chapter 2),
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bs = QscW it (4.6)
bt = QtC (47)

In turn, the actual global shape vector x of the face and the shape-
normalized texture-map g of the face can be generated as,

g=§+ Pibs (4.9)

Consider now some arbitrary change introduced into the coatdinates of x
by a local manipulation of a feature shapé such as the nose or mouth so that,

x! x%= x+¢ x (4.10)

To represent this vector in the global shape space, spannedylihe principal
components, we must project the vector onto the shape prin@al components
contained in the columns of matrix P,

i ¢
bO=PT 'x% x

The localized manipulation of coordinates can result in a ne shape vector,
which does not lie within the span of the shape space and a nevhape vectorb?

will not, in general, enable exact reconstruction of the shae vectorx®according
to equation 4.8 (see also gure 4.5). Rather we have,

x0= % + Psb2+ 2 (4.11)

where 2% de nes a component of the modi ed shape that cannot be con-
structed using a linear combination of the shape principal omponentsP g, since
it is orthogonal to the vector space spanned by the columns oPs.

It is clear that to maintain an accurate parametric represertation of the gen-
erated composite, it is necessary to keep a record of both thglobal appearance

3 An identical argument can be applied to deterministic changes in the global texture vector,
whereg! g°=g+¢ g.
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(a) Standard image recon- (b) Image reconstruction
struction process process with deterministic
shape modi cation

Figure 4.5: A schematic diagram illustrating the image () reconstruction pro-
cess starting with a vector of appearance model parameters. In the rst level

of reconstruction, a shape parameter vectorps, and texture parameter vector,
b¢, are obtained as shown in equation 4.7. Fronbs and b; a face shape vec-
tor x and texture vector g are reconstructed (see equations 4.9 & 4.8). In the
standard reconstruction processg is re-shaped into a shape normalized texture-
map, which is then warped to face shape, thereby forming the reconstructed
face imagel. In gure (b) a deterministic shape modi cation is indicated by

X + 25 where the 2, component lies outside of the vector space spanned by the
columns of Pg.
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vector ¢ and the component of the shape deformation that is perpendiglar to
shape principal components;2;. The dimensionality of %5 is high compared to
the very compact representation provided by the appearancevector (or indeed
its associated associated shape and texture parameters).

One approach to the book-keeping of compaosite production isat incorporate
any local deterministic changes introduced by the operatorand witness through
repeated projection of the shape and texture vectors onto tkir respective prin-
cipal components. Thus, obtaining the nearest global reprsentation, and the
componentz;. In this work, a simpler but equally e®ective approach was takn
which is summarized as follows,

1. Allow the core evolutionary procedure to continue as in tte standard mode
of operation, resulting in instances of whole face variatiaos on the current
stallion.

2. Any deterministic changes to the shape and texture introduced by the
witness are recorded and treatedindependently of the global model as
o®set vectors In e®ect, the net deviation of the shape and texture from
that predicted by the global model is updated on each occasio that de-
terministic changes are made.

Let x be the face shape of the stallion phenotype in the current gegration
and let x%be an instantaneous face shape resulting from a local deterimistic
manipulation. The face shape that is displayed by the witnes via the user
interface is,

Xscreen = X + ¢ x; with ¢ x = x%j x (4.12)

The major advantage of this approach is that it removes the conputational
overhead which is associated with recalculation of the gloal model and sim-
pli es the implementation. In this case the ¢ x will, in general, lie outside the
span of the column space ofP¢ but unlike 2 will not be orthogonal to the
column space ofPs.

4.5.2 De ning facial regions

Localized shape deformations are achieved by warping the siplayed face image
from its current shape to a new, modi ed, face shape as de ned bthe operator.
For the tool described here, a set of landmark points was usetb de ne the
shape and position of the facial features. In this sectionx will be used to denote
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the 2N element column vector of control points representing the udeformed,

reference face shapé and x°to indicate the face shape after deformation or
at any instant during a succession of shape manipulations. fie shape vectors
can be written as the concatenation of two vectorsx;, and x,,, containing the x

and y coordinates respectively. Subscript label$ and v signify horizontal and

vertical deformation directions.

x= Jho o= Xﬁ (4.13)
Xy Xy

In order to deform features independently from the face shap as a whole,
the appropriate coordinates inx;, and x, had to be identi ed. Since only one
feature may be modi ed at any instant, a method was required that accessed the
relevant coordinates only, and left the remaining coordindes unaltered. This
could be achieved by forming separate coordinate vectors feeach of the facial
features. However, a more elegant approach was taken thatmsipli ed the code
and allowed the translation and scaling equations to be expgssed in a general

elementx and y coordinate vectors, then letL; be a subset [; %2 L) of these
indices corresponding to featuref . For each facial feature aN element binary
column vector, b®, was formed such thati 2 Ly ! h=1andi2Ls! b =0.
Hence, entries in vectorb that are equal to 1 indicate landmarks that are
repositioned during a local feature manipulation process ad entries in b that
are equal to 0 represent landmarks which remain "xed in the usede ned shape
change.

4.5.3 Translating facial features

Spatial relationships between the facial features have beeshown to play an
important part in recognition [100]. The local feature tool provides the means
for displacing the centroid of a selected feature. An interce was constructed
that enabled the operator to translate the x;y coordinates of a localized region
of the face by positioning two sliders corresponding to hotontal and vertical
positioning. Eight features were accommodatednose left eyebrow right eye-
brow, left eye right eye, mouth, face and hair. Some features were coupled so as
to preserve the vertical symmetry. The left and right eyes wee coupled so that

“In this example x resembles the point model described in chapter 3, with additional
landmarks that delineate the hair

SElsewhere in this thesis b with subscript has also been used to represent the a parameter
vector in the shape and texture models previously described.
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their respective shape centroids mutually converged, or dierged, depending on
the direction of the horizontal slider movement. The left and right eyebrows
were also coupled, maintaining symmetry about the verticalaxis that dissects
the face into its left hand and right hand sides. Di®erent featires could be
selected from a list box within the interface. The choice of éature determined
the b vector (b vectors for coupled features) that occured in the translation
equation. Algorithm 2 provides an overview of the process. tlis important to
note that when producing facial modi cations using sliders, the slider travel
has to e®ect a change with respect to the original image, otheiise the position
of the slider is meaningless and the resulting deformationare hard to control.
The implication for translating features is that each time a slider is adjusted,
its position causes an absolute change in the transition of éeature with respect
to it's original centroid and not with respect to its instant aneous centroid as
determined by the previous slider adjustment.

Algorithm 2 Algorithm for translating facial features
if feature is coupledthen
n=2
else
n=1
end if
for i=1to ndo
if horizontal slider adjusted then
¢calculate translation scalar, T, according to slider position
¢multiply translation scalar by ( j 1)"'1
¢update x-coordinates
else if vertical slider adjusted then
¢calculate translation scalar, T, according to slider position
¢update y-coordinates
end if
end for

The rst if statement in algorithm 2determined whether the selected fature
was coupled with another feature (eg. eyes). If a coupled feare was selected,
two passes were made through thdor loop. When an adjustment was made
to the slider for vertical translation, both of the coupled features moved in
unison, either in an upwards or downwards direction. In the rst pass through
the for loop, the coordinates corresponding to the right feéure, speci ed by
b1, were updated by computing the translation scalar, T, and adding it to the
y coordinates of the feature. Similarly, in the second pass tby coordinates,
speci ed by by, for the left feature were adjusted by the same amount. For
uncoupled features the required translation was computedri a single pass i =
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1) through the for loop.

Horizontal translation was achieved using an almost identcal procedure to
the method used for vertical displacement. The one di®erencwas the rela-
tive displacement of the coupled features. For the case in wibh a horizontal
translation was required, coupled features were moved sinitaneously towards
each other or apart, depending on the direction of the slidermovement. The
“rst pass through the for loop caused the right facial feature to be translated
in same direction as the slider movement. Conversely, in thesecond pass, the
polarity of the translation scalar was reversed T ! | T) causing the left fea-
ture to move in the opposite direction to the right feature. T he polarity change
was obtained using the multiplier, (j 1)”1, wherei is the loop counter. For an
uncoupled feature only one pass was made through thfor loop with the term
(i 1)i+1 remaining positive. Equation 4.14 shows how the translation scalar,
T, is determined. A horizontal translation of a selected facal feature is repre-
sented in equation 4.15 wherél' determines the magnitude of displacement and
the vector b determines which feature is displaced. A similar equation an be
written for vertical translation with the ( 1)”l multiplier removed.

T,0 1 7 . qym+1 .
b Xp+ —bf Xn +(i )77 (dhi 1)sx (4.14)

T=
! by by

1
b] by
x2 1 x2+ Thy (4.15)

The rst term in equation 4.14 is the centroid of the current feature (x-
coordinates only). Similarly, the second term is the centrad relating to the
original position of the selected feature prior to deformaton. In this formula-
tion, coordinates corresponding to the selected featuref() are 'picked out' by
the vector bs . Elements ofx, relating to unselected facial features are weighted
by 0 and therefore have no e®ect on the centroid of the selectddature, as re-
quired. The inner product b{ by is simply the number of landmark points N¢
contained in the facial feature of interest. A third term de n es the magnitude
and polarity of the translation as determined by the slider position represented
by the scalar variable d,,. s, is the sample standard deviation ofx;, and is
used here to map the slider value to a translation that is proportionate to the
size of the face shape. i(l)i+l changes the polarity of the translation and only
applies to the displacement of coupled features in the horiantal direction. Fi-
nally, the translation scalar is added to the elements ofx? that relate to the
selected feature using the binary column vectob; to form a vector of updated
coordinates. The action of each term in the right hand side ofequation 4.14
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can be summarized as follows,

2 term 1. Subtract the centroid of the instantaneous (modi ed) feature
shape, thereby translating to the origin.

2 term 2: Add reference feature centroid (translate to the referenceposi-
tion)

2 term 3: Make a translation from the reference position to a new insta-
taneous position according to the instantaneous slider pagon.

4.5.4 Scaling facial features

The second available deformation type in the local feature 6ol allowed the op-
erator to change the size of a chosen feature or alter its asperatio by applying

a di®erent scaling to the horizontal and vertical coordinatevectors, x, and X,.
Coupled features were scaled using consecutive passes thgh afor loop, via a
method comparable with the procedure used when translatingoupled features.
Unlike the translation method, the code for producing horizontal scaling and
the code for vertical scaling were identical in every respdc An overview of the
algorithm is provided for completeness (algorithm 3).

Algorithm 3  Algorithm for scaling facial features
if feature is coupledthen
n=2
else
n=1
end if
for i=1to ndo
if horizontal slider adjusted then
¢duplicate original x-coordinates
¢translate duplicated coordinates to the origin
¢scale duplicated coordinates according to slider movement
¢translate back
Cupdate feature x-coordinates
else if vertical slider adjusted then
¢duplicate original y-coordinates
¢translate duplicated coordinates to the origin
¢scale duplicated coordinates according to slider movement
Ctranslate back
¢update feature y-coordinates
end if
end for
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Figure 4.6: A °ow chart depicting the decision processes inMved in translating
facial features using the local feature tool.
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(a) Original face shape (b) Vertical transla- (c) Vertical translation

x before local feature tion of nose, x? of nose followed by Hor-
izontal of eyes, x5

manipulation
(d) Original face image (e) Rendered image re- (f) Rendered image re-
sulting from nose transla- sulting from nose and eye
tion translations

Figure 4.7: Local feature manipulation: Translation of facial features using
sliders. Sub- gures (d-f) show the original image and images milting from

local feature modi cations. Sub- gures (a-c) show the face shap deformations
which result in images (d-e). In images (a-c), polynomial cunes have been
“tted to the landmark points, thereby providing a clear repre sentation of the

face shape in each case.
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A vector equation describing the scaling process can be wiin as per equa-
tion 4.16. This expression is more complicated than the equ#on for the trans-
lation case and requires some explanation.

M 1 M T

1 1
Xh i WlN 1 xn *dpbs + be b{x? + x2+(: by) (4.16)
i

0 —
Xh_new —

The rst term on the right hand side of equation 4.16. NilN 1], xn calculates
the horizontal centroid of the selected feature and replicges this value in every
entry of an N element column vector. It is then subtracted from the vectorcon-
taining the x-coordinates of the original shape vectorxy,, translating the whole
face shape to the origin. A binary column vectorbs is multiplied by a scalar
representing the slider movementd,,. Unlike in the translation equations, here
the slider value maps directly to a fractional scaling value thereby scaling the

coordinates corresponding to the selected feature. The qunity ﬁbf bfoﬂ
f

_1
b7 by

b{ b equal to the number of coordinates in the selected feature.bsb{ is a
binary matrix, that is multiplied by the current x-coordinat e vector to form a
new N element vector in which the non-zero elements are equal to thlorizon-
tal centroid of the selected feature. The last term on the r.hs. of equation 4.16
retains the current coordinate values for the features thatremain unaltered by
the scaling transformation. The symbol: is used to represent logical negation,
thereby setting all zero elements ofbs to unity and vice versa.

The role of each term on the right hand side of equation 4.16 cabe sum-
marized as follows,

performs a similar function to NilN 1{, Xh. is a normalization factor with

2 term 1: The bracketed part of the "rst term translates a copy of the whole
undeformed/reference face shape to the origin of the horiztial axis. The
point-wise multiplying factor dnbs performs a horizontal scaling of the
selected feature and sets the horizontal landmarks corregmding to the
undeformed features to zero.

2 term 2: A horizontal translation of the selected feature to its instan-
taneous position (di®erent to position of reference face sipa& centroid if
prior shape translations have been applied).

2 term 3: Resets the unmodi ed feature landmarks to their instantaneas
positions such that they remain unaltered during the currernt scaling ma-
nipulation.
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(& Original face
shape x before local
feature manipulation

(d) Original face image

(c) Vertical widening
of the eyebrows, x5

(b) Horizontal widen-
ing and of the mouth
and vertical narrowing
of the lips x!

(f) Rendered image re-
sulting from scaled mouth
and eyebrow shapes

(e) Rendered image re-
sulting from horizontal
and vertical scaling of the
mouth

Figure 4.8: Local feature manipulation: Scaling of facial features using sliders.
Sub- gures (d-f) show the original image and images resultingrbm local feature
modi cations. Sub- gures (a-c) show the face shape deformatios which result

in images (d-e).

In images (a-c), polynomial curves have been ted to the

landmark points, thereby providing a clear representationof the face shape in

each case.
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Once the face shape has been modi ed to the witness' satisfaoh the cor-
responding phenotype image is updated by warping it to the nev face shape
using a piece-wise atne warp.

4.6 Applying ne details to a composite

In general, given an appropriate training sample, the AM is @apable of capturing
most of the natural variation in facial appearance. However the ne structures
such as wrinkles and freckles that often occur in real facesra under represented
in face images synthesized from the AM. This shortfall is paticularly apparent
when generating faces of old subjects since ne facial detalhecomes more
prevalent with an increase in age. The problem is intrinsic b the process by
which new examples of faces are synthesized, whereby a newaexple of a face
is constructed by a weighted average of existing face imagednevitably this
averaging procedure results in a certain degree of smoothinin the synthesized
face. Fine details that exhibit low spatial correlation between observations
(sample faces) tend to be 'averaged out' by this process. Ahough wrinkles
are often more common in speci ¢ regions of the face (for exantp 'crow's
feet' appear at the outer corners of the eyes), their prominace, exact position,
and frequency of occurrence vary from subject to subject. Ladmarking these
delicate features is not practicable, therefore a di®erent@proach is required.

The issue of enhancing ne detail in averaged face images hagén investi-
gated in previous work. In Tiddeman [91] a prototype face, femed by averaging
a sample of face images, was decomposed using a wavelet as#&yand the high
order details boosted to compensate for the inherent loss dfigh spatial fre-
guency information. From a theoretical point of view, this approach may be
°awed because it does not take into account the poor spatial coelation of ne
facial details between sample faces. In fact, if the spatiatorrelation is assumed
to be negligible, and the prototype face image constructedrbm an in nite sam-
ple of images, the ne details will sum to a °at "eld. It is obvious that boosting
this °at eld will not enhance wrinkles and other ne structures .

4.6.1 Extracting wrinkle-maps from sample images

In the remainder of this section, an ad-hoc method for applyirg ne facial detail
to a target face is discussed. The idea is to extract the ne faial details from
a sample faceA with the intention of applying these details directly to a ta rget
face B. Let In be the image corresponding to subjectA and let 14 be a
detail-image containing the high spatial frequencies froml . If A is an elderly
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subject, then imagel ag will be likely to contain facial wrinkles associated with
the aging process, therefore the termwrinkle-map will be used when referring
to 1 ag. Wrinkle-maps can be obtained by passing imagéa through a high pass
“Tter, or equivalently by subtracting a smoothed version of the image from itself
as follows,

lad (Y) = Ta (%y) i Fa (Xy) (4.17)

where I'a (x;y) is a blurred version of I5. The procedure is illustrated
schematically in in "gure 4.9.

Figure 4.9: Wrinkle-map | oq extracted from a sample faceA using image sub-
traction 4.17. In this example, | og¢ Was created by using an & 8 averaging Tlter

to form a smoothed imagel'a, which was then subtracted from the 34&E 267£ 3

original | 5.

4.6.2 Applying details to a target face

Once extracted from a subject (for example subjectA in gure 4.9), a wrinkle-
map can be applied to a target face, thereby increasing its nedetail content.
This technique is particularly useful for increasing the agparent age of a subject.
The method can be considered as a hybrid form of the standarcigh-boost
“Ttering method commonly used in digital image processing (see Gonlez [38]),

lgo = (A 1ig +1gg; A, 1 (4.18)

B

19 =(Ai Dig+1aq; A, 1 (4.19)

B

In the normal implementation of high-boost Ttering, a detail image is con-
structed as de ned by equation 4.17 and added to a fraction of lhe original
image (equation 4.18). This procedure makes the ne details mre prominent
in the high-boost image I gn,. As the value of the scalarA increases beyond
1, the contribution of the detail image becomes less importat. In practice
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A ¥ 2, and the Tter kernel used to form fa in equation 4.17 should be small
enough that only ne details are copied to subjectB. If these precautions are
not adhered to the identity of subject B may be altered when the wrinkle-map
is applied. Equation 4.19 is a modi ed version of the standardhigh-boost pro-
cedure, whereby the detail image is not formed from the origial image, but
from a di®erent image instead. Thehybrid high-boostimage that results, |ghb,
comprises the low-medium spatial frequencies of imagks and the high spatial
frequencies belonging to imagd 5. A schematic overview of this hybrid high-
boost method is provided in gure 4.10. Superposition of ne dé¢ails from both
subjects can produce undesirable ghosting artefacts in théaybrid high-boost
imagel ghb (i.e. plausible results are not obtained if more than one wmkle-map
is used in the hybrid high-boost image). Passing a low-pass Tteover imagel a
prior to adding the detail image overcomes this problem. Thee®ect of varying
the size of the spatial Tter used in the construction of | pq is illustrated in gure
4.12.

Figure 4.10: Application of a wrinkle map obtained from subject A to a target
faceB

4.6.3 Application to facial composites

A deterministic method for applying ne facial details in the EigenFIT system
is desirable for two reasons,

1. Wrinkles can be added 'at will' to a composite image to incease its ap-
parent age.

2. Fine facial details are poorly represented by the appearece model causing
new instances of faces to appear arti cially smooth.
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(a) Target face image |g (b) Target face image with wrinkle-map
from subject B

Figure 4.11: A comparison between a veridical target face imgelg and the

same face image with a wrinkle-map applied to it. Both images hve been
warped to the veridical face shape. Wrinkles are visible arond the eyes of image
in sub- gure (b) and the whole face exhibits a freckled compleion. Conversely
the image in sub- gure (a) is relatively smooth in comparison.
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(a) Filter size =4 £ 4 (b) Filter size =8 £ 8 (c) Filter size =12 £ 12

Figure 4.12: The e®ect of varying the size of the averaging Tteon the images
obtained from the hybrid high-boost method for applying wrinkle-maps. The
identity of the target face is retained even for the 12£ 12 Tter image which
contains a relatively large proportion of facial detail from another subject. A
di®erent wrinkle-map to the one shown in gure 4.11 has been useth this
example, to show the generality of the procedure.

Fine facial details are not modelled suzciently by the AM because, un-
like the main facial features in shape normalized images, apgatial correlation
does not exist for these image structures over the sample ofdining images.
Hence, the ne details tend to occur in the later principal components which
are discarded according to,

P m
tm = 100 k12X
j=1 5]

where ty, is the percentage of natural facial variation retained in the AM
and m is the cut o® point whereby the (m + 1) "y p principal components
are removed from the model. Using the assumption that ne facal details are
not present in images synthesized from the AM, a wrinkle-map an be added
to a composite face without the preliminary smoothing procelure previously
described.

The witness' recollection of ne facial structure is likely to be quantita-
tive rather than relating to a speci ¢ spatial arrangement of ne details. For
example, typical semantic descriptions may be "the perpetator had a spotty
complexion”, "the face was slightly wrinkled" or "the face was very wrinkled".
Consequently, only a limited number of wrinkle-maps will be required in the
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composite system. For ease of implementation the prominereof the wrinkle-
maps will be controlled by varying the relative proportions of Iz and 1ag by
adjusting the value of A in equation 4.19, as illustrated in gure 4.13, rather
than adjusting the "Tter size as previously shown in gure 4.12 The wrinkle-
maps can then be pre-calculated, and loaded into memory as redred.

Although the wrinkle-maps are obtained from the same training examples
used to build the appearance model, this does not imply that aperfect PCA
representation is possible. The process of mixing spatialréquency content
produces a texture map that does not lie in the span of the textire Pg. To
illustrate this point let the texture-map of the current stal lion phenotype be
represented in vector notation asg and the wrinkle-map by ¢ g. The process
of updating the stallion can then be expressed by,

Oscreen = g+C @ (4.20)

where the component ¢g lies outside the span of, but is not orthogonal to,
Ps. Hence, the wrinkle-map is treated as an o®set vector and is generated by
the standard evolutionary process as described in chapter @&hich is una®ected
by the deterministic process of applying a wrinkle-map. An example of com-
bining the wrinkle-map and attribute manipulation procedur es is presented in
Appendix D.

(@) A=2, Ttersize=8 £ 8 (b) A=2:5, Ttersize=8 £ 8

Figure 4.13: In the interest of ease of implementation, the pominence of each
wrinkle map is determined by the relative proportions of target face and wrinkle-
map. The relative proportions can easily be controlled by vaying the scalar A

in the hybrid high-boost equation 4.19
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4.7 Summary

A suite of advanced tools has been designed and smoothly injeated with the
core EigenFIT implementation. The blend tool allowed the witness to blend two
or more faces in the current generation, permitting facial ¢aracteristics from
multiple faces to be propagated into the next generation. Ircorporation of the
blended face into the standard evolutionary process was aetved by forming a
weighted average of genotypes (in this context, transformé appearance model
parameter vectors), which replaced the genotype correspating to the current
stallion.

A simple, general, method for a®ecting facial attributes wasoutlined. Im-
plementation of this method for the speci ¢ case or aging/rejivenation was
discussed in detail, in which the genotype relating to the curent stallion was
perturbed by the addition of an appropriately scaled attribute vector.

Deterministic face-shape deformations were made possibleitlv a local fea-
ture manipulation tool, with which the relative position and aspect ratio of a
selected facial region could be adjusted as required. In gemal, the exact en-
coding of a shape manipulation attained in this manner is notpossible using
the appearance model framework. Hence, local shape alteiahs were stored
in an o®set vector, allowing the underlying standard evolutonary process to
continue in the usual way. Prior to display, the o®set vector vas recombined
with the underlying face shape in a layer of computation that exists between
the appearance model and user interface components of the g@nFIT system.

The concept of wrinkle-maps was introduced as a deterministic method
for applying ne facial details to a facial composite. Since sch changes to a
composite image can not be accommodated by the appearance chel alone, the
selected wrinkle-map was stored as an o®set in vector form. In@mputational
step that preceded screen-display, the o®set was added to thexture-map,
generated by the underlying evolutionary process.



Chapter 5

Excient model-based warping
method

One of the primary aims of the work described thus far is to prowide a mecha-
nism for producing facial composite images quickly. Long tine delays between
the synthesis of successive generations of faces must be @ since this is
both distracting for the witness and considerably lengthers the overall com-
posite process. When synthesizing a new example of a face, atbeneck is

encountered, due to the necessary image warping stage. In @pter 2, sec-
tion 2.3.1 an image warping procedure was described that ulized a piece-wise
atne transformation, reverse pixel mapping and nearest neigbour interpola-

tion. However, the limits on natural face shape variation ard the procedure
for synthesizing a face from an appearance model suggest ap@oach to this

constrained image warping problem that is computationally more excient. In

this chapter, a novel method for image warping is describedn which an image
warp is e®ected by the superposition of a set of pre-de ned forwd mappings

referred to in this work as displacement “elds

5.1 Introduction

Image warping is a geometric transformation that maps all pkel positions in
one image plane to positions in a second plane. Various metlig for achieving
image warps have been previously described (see Glasbey ahbardia [37]).
The choice of warping method is dictated by a compromise beteen a smooth
geometric distortion, accuracy of control point (shape) algnment and speed of
execution.

The piecewise atne method is generally accepted to be the fasst general
warping method. It has been used in deformable template methds for real time

140
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pattern recognition problems [21]. It entails segmenting he source image and
destination image into corresponding triangular regions. For each triangular
region an atne transformation must be determined which is then applied to
every pixel location, and requires the application of a matix multiplication for
each and every pixel location. The piece-wise nature of this ethod can lead
to visible facets in the destination image.

An approach that produces a continuous warp is Bookstein's hin-plate
spline (TPS) method [6]. This is essentially based on the corept of a sur-
face which is warped to assume a di®erent form. It is global (as distinct
from piecewise) transformation which maps source landmark to destination
landmarks but in such a way as to minimize the overall bendingenergy of the
surface. In this way, the TPS produces very smooth warps andids a prob-
lem which can occur with the piece-wise approach in which adjeent triangular
regions do not blend naturally. In general, perfect registation of control points
is not achieved using this method. The TPS method is typicaly more compu-
tationally demanding than the piecewise atne method and theefore is not a
compelling choice for real-time applications such as the on@escribed in this
thesis.

Although a reverse mapping from the destination image to thesource im-
age is often preferred, sometimes it is ditcult or even imposble to obtain.
This problem arises when complex surfaces are modelled ugjr8-D computer
graphics. If the reverse mapping is impractical to compute,forward mapping
techniques must be employed. Texture splatting is one such ethod [45] that
can be applied to both 3-D computer graphics problems and 2-D irage warp-
ing problems. Splatting performs two roles; it carries overpixel values from the
source to the destination image and it interpolates betweemmapped pixels in
the destination image. This is achieved by carrying over smk patches of colour
rather than individual pixels (i.e. not a one to one pixel mapping). Various
patch shapes have been used, most notably ellipses [40, 1@2fhough methods
based on lines, triangles and rectangles have also been ingphented.

In the remainder of this chapter, an excient model-based warphg method
is described that utilizes the constraints imposed by the apearance model and
the limits of natural face shape variation. These constrairts can be summarized
as follows,

1. Source images are all in shape-normalized form such that@rrespondence
exists between thek™ pixel in every base image.

2. The areas of the convex hulls of the face shapes do not varyerwy much
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(a) source (b) destination

Figure 5.1: Atne image warp from source image (a) to destinaton image (b)

due to the fact that scaling variations are ltered out in the alignment
procedure and large deformations from the mean shape are ngiresent
in the face pattern class.

3. The shape variation can be expressed adequately as a nitéinear com-
bination of modes representing deviations from the mean shze.

In the following section, the procedure for constructing a dsplacement eld
is described and illustrated with the aid of a simple example In section 5.4
an image warp is e®ected by the superposition of two displacesnt elds. The
exciency of the displacement eld method is measured against e standard
piece-wise atne/reverse mapping method and a two pass splattip method
based on a naive implementation of Heckbert's [45] method. irally the dis-
placement eld method is applied to the speci ¢ problem of warpng faces in
which each displacement eld corresponds to a PCA mode of shapvariation.

5.2 Forward mapping vs reverse mapping

When referring to geometric transformations, the spatial locations in the orig-
inal image (prior to the warp) as described as the source codinates (x;y)
whereas the locations in the resultant image (after the warp are described as
the destination coordinates °y9. Image warping is thus a geometric opera-
tion that de nes a coordinate mapping from the source image tathe destination
image and assigns the intensity values from correspondingtations accordingly.
There are, however, two ways of considering this process - e take each co-
ordinate location in the source and calculate its correspoding location in the
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destination image, we are considering dorward mapping from source to destina-
tion. Conversely, we may consider aeverse mappingof destination-to-source,
in which we successively consider each spatial location irhe warped (destina-
tion) image and calculate its corresponding location in thesource (see gure
5.2).

(@) Forward map: The transformation T (b) Reverse map: The inverse transfor-

maps the point (x;y) in the source image to mation T! ! maps the point (u;Vv) in the

the point T (x;y) in the destination image.  destination to the point Ti!(u;v) in the
source image.

Figure 5.2. Grid nodes represent integer pixel coordinates In general, the
transformed coordinate pairsT (x;y) and Ti 1(x;y) are not integer values.

Forward mapping in which pixels are carried over from source to destination
has several problems associated with it. In particular, degnding on the speci ¢
transformation de ned, pixels in the source may be mapped to psitions beyond
the boundary of the destination image. Also, some pixels in lhe destination
may be assigned more than one value whereas others may not fexany value
assigned to them. The unassigned pixels are particularly prblematic because
they appear as holes in the destination image that are aesthially unpleasing.
In practice, a pixel Tling algorithm is often used instead [17]. Unlike the carry
over approach, a pixel lling algorithm determines the reverse mapping from
destination to source. Using this method, every pixel in the destination is
mapped to a single position with rational coordinates within the source. In
general, the mapping will send each pixel to a position that ies between the
centroids of four surrounding source pixels. The correspating point in the
destination image is generally assigned a value accordingptan interpolation
rule. The fastest interpolation method is to assign the valie of the closest pixel.
This is known as nearest neighbourinterpolation or zero order interpolation.
Bilinear interpolation yields more accurate results but requires a hyperbolic
paraboloid to be tted to the four closest pixels, a calculation that requires
more computational time than the nearest neighbour scheme.

Consider gure 5.3. Here the interior pixel coordinates belmging to the
triangle in the source image (a) are forward mapped resultig in destination
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Figure 5.3: For the reverse mapping method, every pixel in tle destination
image is assigned a single intensity value. The forward magpg method does
not guarantee that every pixel in the destination image is asigned a single
value. This may result in holes in the destination image. In the gure above
(a) is a source image, (b) a destination image formed using th forward mapping
method and (c) a destination image formed using the reverse apping method.

image (b). Artefacts appear when the transformation causesan expansion in
the vertical direction, horizontal direction, or both dire ctions simultaneously.

5.3 Displacement eld construction

In a general image warping problem, a transformation is soult that attempts
to map one set of control points (shape) to another,

T(Xx)= x (5.1)

In contrast, the displacement eld method proposed here make use of condi-
tion 1, namely that the base shape (normally related to the sairce image), X
is known! and is constant for every possible image warp and that the des
nation shape x represents a statistically likely deformation of X that can also
be established prior to performing the warp (condition 3). This means that
the transformation can be pre-determined and hence removedrém the real-
time computation required by the warp. More importantly, th e computation
required to apply this transformation to each and every pixd coordinate pair
can also be calculated o®-line. The procedure for constructina displacement
“eld is outlined by the steps below and illustrated by the simple example pro-
vided in gures 5.4(a)-5.5. Here, a piece-wise atne transform ha been used to

LConversely, if the destination shape was constant a more desirable reverse mapping would
be possible but unfortunately this is not the case in the application ¢ onsidered in this work.
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determine the displacement eld, although other warping methods are equally
applicable.

O®-line computation

1. Consider the regularly spaced grid illustrated in gure 54(a). Let each
node in the grid represent a pixel location within aM £ N digital im-
age, ls, and let X and Y be 2D arrays containing the x and y pixel
coordinates respectively. A convenient representation igprovided, using
complex notation,

Z=X+Yi (5.2)

2.Dene X = [X1 %2 :i: Xkn V1 ¥ 1o yn]T as a base shape, such that it
occupies the entire area of imagés.

3. Let x de ne a new shape representing a (constrained) deviation fim the
base shape such thaik; = X + ¢ Xj.

4. Compute the Delaunay triangulation of the convex hull de ned by %
thereby forming a mesh. Use the same order of triangulationa@ segment
X into corresponding triangular regions (see gure 5.4(b)).

5. Let ¥ ¥ % be a vector containing the coordinates of the vertices of a
single triangle in the mesh de ned byX. Let v % x be vector of vertex
coordinates in the corresponding triangle of the mesh de nedby x. Using
equation 2.45 from Chapter 2, section 2.3 determine the tragformation T
that maps the coordinates in¥ to the coordinates inv (see gure 5.4(b))
such that,

T(Y)= vy (5.3)

6. Apply the transformation T to all pixel coordinate pairs, fZjg (where
z = x+yi), located within the triangle speci ed by the vertices ¥, thereby
mapping them to new locations, f z;g, within the triangle de ned by v.

7. Compute the displacement vector ¢z = zj % of every pixel in the source
image resulting from transformation T.

8. For every pixel, separate ¢ into x and y components. Insert the x
component into the real part of a complex 2D array, RE [¢ Z], at location
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¥. Similarly insert the y component into the imaginary part, IM [¢ Z], at
location %.

9. Repeat steps 5-8 for all corresponding triangles in the mégs de ned by
the shapesk and x and in doing so construct the displacement eld ¢ Z
(see gure 5.5).

10. Write displacement eld ¢ Z to Te so that it may be loaded into memory
when required.

Using the same procedure, displacement elds representingtioer distinct
deformations of the base shape can also be determined, forng the setfZ;g.
The procedure demands that every synthesized image has theme dimensions
as the displacement elds.

5.4 Superposition of displacement elds

The previous section described the o®-line process for constiting a displace-
ment “eld. This section explains how an image warp can be e®eadieby a linear
combination of t distinct, pre-determined, displacement elds. The objective
is to allow the t warps de ned by the pre-computed displacement elds to be
accomplished with minimal computational expenseand to allow intermediate
warps to be determined by weighting and adding the displacerant elds as
required. Hence a wide range intermediate warps can be geraed from a
relatively small number (condition 2) of predetermined warps as described by
the steps below and illustrated in gures 5.6(a)-5.6(c). As wth any forward
mapping method, holes are liable to appear in the destinatio image due to
unde ned pixel values. However, because intra class variatins in faces shape
are small the occurrence of these artefacts is limited and tey can be removed
using a standard, order-statistic Itering method [38].

Real-time computation

1. Initialize destination image 4 = Ovgn, Where Oy en is @ 2D array in
which each element is set to zero.

2. Load displacement eldsf¢ Z;g into memory.

3. Add the required linear combination (superposition) of dsplacement
“elds, f¢ Z;g, to the grid of regularly spaced pixel coordinates 2, thereby
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determining a forward mapping of pixel coordinates.

Xt
Z=Z+ ¢Zh (5.4)

where by is a scalar value that determines the contribution of the it
displacement “eld to the forward mapping.

In general, the coordinate pair represented by the compbe number z will
consist of non-integer values. Hence, for every determine the nearest
integer pixel coordinates (nearest neighbour interpolaton). Fill in pixel
values in the destination image according to the following elationship,

la(2) = Is(2) (5.5)

Note that the coordinate pairs f zjg are obtained via a column-wise linear
index into Z,

Zermpg 1) = RE[Z(r0)];IM [Z (r;c)] (5.6)

The removal of the holes from the image is achieved in 2 step Firstly,
the entire image is ltered using a median Tter. This lIs the ho les but
induces a modest loss of resolution throughout the image thtamay be
perceived as blurring. To mitigate this e®ect, the forward maping of
values from source to destination is repeated thereby replang all the
“Ttered values by the original values (back 1l), except at the locations of
the holes, as desired.

5.5 Comparison with other image warping methods

In the previous section, a simple example was used to illusate the warping
of a digital image by the superposition of two displacement dds. To test the
performance of this method, the same image warp was perforndeusing a piece-

wise atne method (with reverse mapping and nearest neighbouinterpolation)
and a two pass pixel splatting method, adapted from Heckbers [45] original
method (see Appendix E). All three methods were coded in MATLAB. The
superposition method was found to be faster than the reversenapping and

considerably faster than the splatting algorithm (see tabk 5.5).
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(a) The initial pixel positions are located on a regular grid of which the x i y coordinates
can be represented by two 2D arrays, X and Y or alternatively by a single complex array,

Z=X+Yi.

(b) For each pair of corresponding triangular regions a
transformation T is de ned that maps the vertices of
the source triangle ¥ to the vertices of the destination
triangle v. The interior pixel coordinates are located at
the nodes of the grid in the above image.

Figure 5.4: The displacement "eld method requires that the dmensions of the
source and destination images are the same and that their mégs (shown above)
cover the entire image plane. Blue has been usedd to denote awgce/base shape
and red has been used to denote a destination shape.
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Figure 5.5: Individual displacement vectorsf ¢ zijg (¢ z=¢ x+¢ yi) are located
at positions f%;g and indicated by small black arrows of varying length. An
M £ N complex array containing all such vectors, is referred to as displacement
“eld and denoted by ¢ Z. Images of theRE [Z] = X and IM [Z] = Y arrays
are illustrated above, where intensity of each pixel indicdes its displacement
from the regular grid deTned by Z. White pixels indicate a large downward
displacement or displacement to the right forIM [Z] and RE [Z] respectively.
Black pixels indicate a large upward displacement or displaement to the left
for IM [Z] and RE [Z] respectively.
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@)

Source image (1) Destination image (1) superposition + fiter superposition + filter + backfil

(b) (©

Figure 5.6: Forward pixel mapping by a superposition of two dsplacement elds
¢ Z.bi+¢ Z,kE wherelt = 12 = 1. Each pixel intensity value in the destination
image is assigned by interpolating the mapped coordinate gato the nearest
integer values (nearest neighbour interpolation) and coping the intensity value
from the corresponding pixel in the source image. Note that



151 5.5 Comparison with other image warping methods

reverse mapping splatting

superposition + filter superposition + filter + backfill

Figure 5.7: Visual comparison of the three di®erent warping rathods. Holes are
visible in the image created by the superposition method, ahough these can
be removed by applying an appropriate image Iter to the destination image
and then “Tling in the known pixels determined by the forward warp.
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Even with the additional hole removal procedure, the supermsition method
was still quicker than the reverse mapping method. A measuref the accuracy
of each warp was obtained by determining the rms pixel errortaking the reverse
mapping warp as the bench mark. The accuracy results are praded in table
5.5. Although the rms errors for the splatting method and the superposition +
hole removal method are very similar, the destination imagecorresponding to
the latter method generated a more visually pleasing result On close inspection
of "gure 5.7, small artefacts can be seen on the boundaries bseen white
and black polygon regions in the 'superposition + Tter + back 1I' image. In
the equivalent 'splatting' image, noise appears as black spcks in a somewhat
random pattern.

| Quantitative comparison of warping methods relating to gure 5.7 |

Warp method || reverse | superposition | superposition | splatting
mapping method + Tter method
+ back TI
Computation 1.192 0.43 0.43+0.08+0.07 | 185.6970
time(s)
rms pixel 0 0.181 0.092 0.091
value error

Image: 340£ 267, 8bit RGB
Hardware: fujitsu-siemens, lifebook s,
Pentium M 1400MHz processor with 776,688 KB RAM
Software: MATLAB 6.5 on Windows 2000

Table 5.1: Comparison of coordinate mapping methods. The suerposition
method was fastest despite the additional processing reqréd to remove holes
in the destination image.

5.6 Model based displacement eld method

The ezciency of the displacement eld method for image warping has been
demonstrated using a naive example. Here the method is exteled to incorpo-
rate the modes of natural shape variation determined by a PCAmodel of the
human face. We begin by reviewing the method described in Chater 2/3 for

generating a new instance of a pattern from the modelled patrn class.

1. In the application described in this thesis an evolutionay algorithm is
used to generate new sets of appearance model vectors (in ounplemen-
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2. Each appearance model vectorc is then decoupled into its associated
shape parameter vectorbs and texture parameter vector by.

3. The shape coordinatex of each face in the new generation are calculated
as a linear sum of the shape principal components.

X = PsbS + % (57)

4. The shape-normalised texture of each face in the new gendian is calcu-
lated as a linear sum of the texture principal components.

g=Pgbg+ § (5.8)

5. Finally, the shape-normalized texture of each face in the aw generation
is geometrically transformed (i.e. warped) to correspond ¢ the required
face shape coordinates and then displayed.

i1 ¢
lg TV (u;v) = lg(u;v) (5.9)

This step causes acomputational bottle-neckin the process of generating
a new example of a pattern/face.

Chapter 3 demonstrated that any face shape can be approximad using a
linear combination of a relatively small number (ts) of shape principal compo-
nents. Therefore, it is reasonable to assume that anite set oft - tg image
warps can also be de ned that allow a face image to be warped gckly from
its shape normalized form to any plausible face shape. Accdingly a set of dis-
placement elds have been de ned in which each displacement el corresponds
to an eigen-mode of shape variation. A superposition of thesmodel-based dis-
placement elds can be used to replace steps 3 and 5 in the faceemeration
process described above, thereby reducing the size of battiheck by calculating
the image warp implicitly.

5.6.1 Construction of model-based displacement elds

The procedure outline in section 5.3 was used to construdt displacement elds
that enabled any face shape to be approximated via an excient &rping method.
Here the base shap& is the mean face shape (plus image corner landmarks),
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and the destination shapex; is de ned by a one standard deviation perturbation
from the mean according to the mapping,

Ll i%
x70pl' 174 x (5.10)

where pL is the it" shape principal component. Iflsis aM £ N source image
containing a shape normalized face, then a piece-wise atne mamg of its

pixel coordinates governed by equation 5.10 can be used to mstruct the i

displacement "eld ¢ Z;. Hence the displacement eld ¢Z; is the image warp
analogue of the shape principal componenpL.

5.6.2 Superposition of model-based displacement elds

Using the procedure described in section 5.4 a superpositioof displacement
“elds is obtained as follows,

X
Z=Z7+ ¢Zh (5.11)

|
where Z de nes a forward mapping of pixel coordinates,Z represents a grid
of regularly spaced pixel coordinates andd, is a model parameter dictating
the in°uence of the i displacement “eld on the image warp. By comparing
equation 5.11 with the equation below,

x:9<+X pLb, (5.12)
|
it can be seen that ¢Z; is analogous top‘S and (U'S) are in fact the PCA shape
model parameters in both cases.

The displacement elds corresponding to the rst four eigen-males of shape
variation are illustrated in gure 5.8. Once the superposition has been formed
the pixel intensity values in the destination image can be asigned according
to,

l4(2) = Is(2) (5.13)

To avoid holes appearing the resulting destination image,l4, was enhanced
using a 3£ 3 median Tter. Figure 5.9 shows typical results obtained ushg the
model-based displacement elds method.
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5.6.3 Application to facial composites

An example of a face image that has been warped using a supergition of 30

displacement "elds corresponding to the rst 30 PCA modes of shpe variation

is shown in gure 5.9. Using more displacement elds increasethe computa-

tion time, due to the time taken to load the displacement elds, one by one,
from the hard disk into RAM. This bottleneck can be avoided by pre-loading

the displacement elds, or loading them in blocks of ten or moe. The number

of displacement "elds that can be held in memory will depend orthe image size
and the capacity of RAM. The computational burden of loading the displace-
ment “elds is less apparent when more than one image is generd because
the displacement elds are only loaded once for the set and nobnce for each
face image. For example, in the facial composite applicatio described in this

thesis, faces are generated in sets of nine. Hence the comptibnal cost per

image of loading the data is only E9" of that for a single face.

20 20
40 40
60 60
80 80
100 100 100 100

140 140 140 140

160 o 160 160 160
180 180 05 180 180

200 200 200 i 200

(a) First mode of shape variation. (b) Second mode of shape variation.
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160 -05 160 160 15 160
180 180 05 180 180
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(c) Third mode of shape variation. (d) Fourth mode of shape variation.

Figure 5.8: The real (¢ X) and imaginary (¢ Y ) components of the model-based
displacement "elds corresponding to the rst four modes of shae variation.
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50 50 50
100 100 100
150 150 150
200 200 200
50 100 150 50 100 150 50 100 150
reverse mapping 1.953s forward mapping 0.341s fwd + filter + back fill 0.511s
@
50 50 50
100 100 100
150 150 150
200 200 200
50 100 150 50 100 150 50 100 150
reverse mapping 1.972s forward mapping 0.29s fwd + filter + back fill 0.471s
(b)
50 50 50
100 100 100
150 150 150
200 200 200
50 100 150 50 100 150 50 100 150
reverse mapping 1.933s forward mapping 0.36s fwd + filter + back fill 0.541s
(©)
50 50 50
100 100 100
150 150 150
200 200 200

50 100 150
reverse mapping 1.932s

50 100 150
forward mapping 0.28s

(d)

50 100 150
fwd + filter + back fill 0.451s

Figure 5.9: A visual comparison between the reverse mappingiethod and the
superposition of displacement elds (implicit forward mapping) method. In
these examples 30 208 160 displacement elds were used corresponding to the
“rst 30 modes of shape variation.
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(s)

Computation time

Figure 5.10: Time required to warp a single image using 30 egn-modes as a
function of image size.

Computation time (s)
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0 10 20 30 40 50 60
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Figure 5.11: The relationship between number of elds and tine to compute
mapping

5.6.4 Scalability

The problem size increases approximately as the square of aaing factor with
respect to a 34& 267£ 3 RGB image (see gure 5.10). When a face is warped us-
ing a linear combination of thirty displacement elds, the superposition method
is signi cantly faster. The plots shown in gure 5.10 do not take into account
the time required to load the displacement elds into memory. The assump-
tion has been made that there is suzcient physical memory avdable such that
all the required displacement "elds can be loaded prior to waping. This is a
reasonable assumption to make for the size of images requitén the composite
application. The time required to compute a forward mapping using the su-
perposition method is linearly dependent on the number of diplacement elds
used. Figure 5.11 shows the experimentally obtained relatinship between the
number of displacement elds used (34& 267£ 3) and the time taken.
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5.7 Summary

A model-based warping procedure has been described and imphented and
compared to the standard (reverse mapped) piece-wise atne mbbd described
in Chapter 2. Under certain conditions in which the warp corresponds to mod-
est deviations from the mean shape and can be adequately apptimated by
a superposition of eigenmodes, the model-based proceduresha superior per-
formance. The method employs a set of pre-de ned pixel displaament elds,
a superposition of which yields a 2D coordinate map enablingixel values in
the destination image to be assigned. In this work, the disphcement elds were
constructed using the piece-wise atne method but the approactcould easily
be extended to other generating transforms such as thin-pla splines thereby
providing smoother image warps at no additional computaticnal cost.

As expected, the relative exciency of the displacement eld mé¢hod was
shown to decrease linearly with the number of eigen-modes (splacement elds)
used. For the speci ¢ application to facial composites in ths thesis, a relatively
large number of shape eigenmodes has been considered. UsB@eigenmodes
to approximate the shape still resulted in an overall increae in computational
speed of a factor of 3 without signi cantly compromising image quality. For
other applications, to which this technique is equally appicable in principle,
the gain may be much greater and the results presented hereisuggest that
an application requiring only 10 eigenmodes to represent te warp could be
achieved a factor of 8 times more quickly.



Chapter 6

Appearance models and facial
caricatures

Although producing caricatures is artistically a somewhat subjective process, a
previous attempt has been made to determine a mathematicaldrmula which
mimics the e®ect. This mathematical formula, which will be rderred to in
this work as the uniform caricature method, is described in this chapter and
implemented using the appearance model framework. Althouly the uniform
approach would seem to provide a satisfactory technique fogenerating cari-
catures, no prior work exists in which it has been proven to bethe de nitive
method. The main objective of this chapter is to investigatethe new concept of
non-linear caricatures and how the established uniform method for caricature
is in fact, only a special case of a more general paradigm. Eraples of photo-
graphic quality caricatures are presented, that were genexted by perturbing the
appearance model parameters, corresponding to a veridicéhce image, accord-
ing to di®erent transformation functions. The results of a simple experiment
are presented which suggest that non-linear transformatios such as those we
propose can accurately capture key aspects of the caricatare®ect.

6.1 Introduction

The primary purpose of the facial composite process is to gamate an image
which has the maximum probability of triggering recognition by one or more
witnesses. It is important to di®erentiate this from the closly related (but
nonetheless distinct) goal of achieving the most "realistt” rendition of the sub-
ject. Thus, if it were possible to produce an image which did ot correspond
exactly to how the suspect appears in reality but evoked recgnition more easily
or e®ectively than the veridical image, we should prefer thedrmer. In this con-

159
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text, the caricature e®ect, in which prominent characterisics of an individual
face are exaggerated (often grossly) is of considerable Erest. The carica-
ture e®ect is a remarkable phenomenon because, despite hugstdrtions in the
appearance of the subject, human-beings are still able to e®®@eely recognise
the individual portrayed and, indeed, some psychological sidies have even sug-
gested [76, 86] that caricatures are more e®ectively recogmid than the veridical
images from which they were generated.

The scienti ¢ basis for the caricature e®ect is still far from keing fully under-
stood. Traditionally, caricature has been the domain of theartist who produces
them primarily for comic or satirical e®ect. In qualitative t erms, the artist iden-
ti es facial features or characteristics which deviate sigm cantly from the norm
or average and systematically exaggerates those deviatisn However, the pre-
cise manner and degree of exaggeration shows considerabkriation between
individual artists and the process is to some degree speci oot both the subject
and the artist. A skilfully drawn caricature may even captur e characteristics of
the subject's personality - this is especially true when thecaricature is satirical
in nature.

6.2 Motivation

These observations suggest that caricatures may in some s&& capture the es-
sential aspect of identity and even enhance it. If this hypohesis has some basis
in fact and a means to automatically manipulate facial images to produce car-
icature e®ects can be established, it is possible that a compite system which
allows the caricature e®ect to be produced may be faster and me e®ective.
Psychological tests by Frowd et al [34], investigating the mssible bene ts to
facial composite production, would seem to suggest that thecaricature e®ect
is bene cial to the composite process under certain conditins. Since the in-
teresting concept of caricatured composites is new, its e®éeEness remains
unproven in real composite situations. Therefore, the workpresented in this
chapter is somewhat speculative in relation to the composit system described
in Chapter 3 and Chapter 4. The aim here is to provide the groumwork for a
caricaturing tool that may be prove useful in the future.

6.3 Current approach to caricature

Brennan [11] is generally attributed with the rst automatic caricature gen-
erator. This worked on line drawings, constructed from conmected point con-
“gurations, outlining the shape of the main facial features. The generation of
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near photo-realistic caricatures was rst developed by Benso and Perrett [4]
and subsequent authors have followed their basic approachlfl, 72]. Benson
and Perrett [4] considered the shape and texture charactestics of the images
separately. O'Toole et al [68] applied the standard caricatiring algorithm used
by Benson and Perrett to 3D representations of the human face Their results
suggested that the caricaturing procedure may also increasthe perceived age of
the face. In order to understand clearly the standard methodfor computer gen-
eration of caricatures and its relation to that proposed hekein, we will describe
their approach in detalil.

1. Facial landmarks corresponding to key points are identi e on each image
in a sample of face images. The corresponding set of (scaleddaligned)
Cartesian coordinatesf x;; y;g for each image constitutes a shape vector
for the given face, which we denote byX. The mean shape vector over
the sample, X is calculated.

2. Each image is warped to the mean shape vector of the entireasple
by standard Delaunay triangulation methods. We refer to sud warped
images as the shape-normalized texture patterns, in which th colour
values are stored as the elements of a vectdr. The average of the shape-
normalized texture patterns is termed the facial prototype, T .

3. To generate a caricature of any face with textureT and shapeX, we (1)
calculate the texture di®erence vector ¢T = T i T between the shape-
normalized texture pattern and the texture of the facial prototype, (2)
calculate the shape di®erence vector X = X j X between the shape
vector of the face and the mean shape vector corresponding tihe facial
prototype, (3) add some linear multiple of the texture and shape di®erence
vectors, T%l T+ a¢ T and X% X + bt X, wherea and b are the boost
parameters, and (4) nally, warp the texture map T °to the required shape
X0 thereby forming the caricatured face image.

The procedure is represented diagrammatically in gure 6.1m which the di®er-
ence between a veridical point relating to a subject, and therototype (typically
relating to the sample mean face) is exaggerated by a small dimear perturba-
tion. Note that the prototype does not necessarily lie at the origin, although
in our own work, we have constructed a vector space in which th mean face
prototype does lie at the origin. A key point to note about this method is its
linear (in fact, uniform) treatment of all local deviations from the prototype.
Thus, in Benson and Perrett's [4] approach, all di®erences itocal pixel values
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Figure 6.1: Schematic depicting the uniform (linear) cariature approach (as
per Benson & Perrett, 1991). The di®erence vector between theeridical (repre-
senting the original image of the subject) and the prototypeis simply extended
collinearly. The diagram can be interpreted as a small pertubation in the shape
of the veridical face or a small perturbation int the texture of the veridical face.

between the veridical and the prototype are multiplied by an identical factor (a
for the texture and bfor the shape). This model for caricaturing thus e®ectively
gives all directions equal importance. In anticipation of dternative methods,

we term the currently accepted model for caricature theuniform method. In

the next section, we will present other methods of caricatue (within which the

uniform method is simply a special case), suggesting that dter mathemati-

cal forms may be appropriate in creating caricatures that mantain and even
enhance recognition capacity.

6.4 Caricatures in appearance space

All information regarding facial appearance can expresseth a vector of appear-

model of the human face was described in which the appearangearameters
were distributed as independent normal variations. It follows that the likeli-

hood of a given face occurring in the population can be meased simply as the
scaled distance from the origin. Speci cally, the log of the pobability density

for an appearance vectorc is given by j logp = L, where

YIn this chapter it is assumed that p can be modelled as a single multivariate normal
distribution. Although p can be accurately modelled using a mixture of multivariate normal
distributions (see Chapter 3), the simplicity of the single multi variate distribution is preferred
in this chapter
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X g

L= L
- %

(6.1)

p is the normal density function and % is the variance associated with the
i axis in the appearance parameter space. Thus, uniform caréturing moves
a face to a region in appearance space where faces are stdtally less likely to
occur (i.e., of lower exemplar density), but crucially, the shift is precisely along
that original direction that minimizes the exemplar density. Over a suitable
sample of faces, a prototype appearance vectct is easily calculated, and a
uniform caricature c®is created by the simple transformation

c=c+°l(ci &) (6.2)

where
€= Ci (6.3)

° is a scalar boost parameter and denotes the identity matrix. The recon-
struction of the caricatured face from the appearance vectois then obtained
by applying equations 2.66-2.69 from Chapter 2 toc®, and warping to the re-
quired shape. If di®erent boosts’s, °t are required for the shape and texture
components, this is easily achieved through the decoupledhape and texture
appearance parameterds and b, which are calculable fromc.

i ¢
bcs) = bg + °gl lbs i E)S (64)
0 i ¢
b% = by + °7l bri by (6.5)

For any given face, it is a simple matter to assess the numberfostandard
deviations by which each appearance parameter deviates fro the prototype
€. It would seem plausible that those global facial componerg which deviate
drastically from the mean are those largely responsible foencapsulating the
distinctive qualities of the individual face. Preferentially boosting these com-
ponents might be expected to achieve a subtly di®erent kind ofaricature that
enhances identity-related components (see gure 6.2). Thissi the key idea and
suggests that, in the more general casethe boost factors®s and °t (simply
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scalars in uniform caricature) become diagonal transforming matrices. Thus, a
more general from of caricature transform is proposed by reviting equation 6.2
as,

c2=c+it ¢ (6.6)

where (¢c = cj &g). i is a diagonal matrix that weights each individual
element of the di®erence vector, €, according to a function, ° of parameter
magnitude measured in units of standard deviation. Using tke symbolt to
represent the number of normalized standard deviations by \Wich the model
parameter deviates from the mean value, a suitable choice dfinction ° ftg is
required which will determine the boost factors along the dagonal of the trans-
formation matrix j,

Transform Matrix:

2 3
° (ty) 0 L 0
0 °(t2) 0
i = : . : (6.7)
0 ° (tn) 0
0 0 T 0 ° (th; 1)

where the number of standard deviations by which theky, appearance pa-
rameter deviates from the mean value is denoted byy. For possible functional
mappings were chosen on an empirical bases. These are de nedlbw and also
illustrated in "gure 6.3.

Uniform Function:

‘t)=C jl <t< 1 (6.8)
Step Function
‘(t)=2¢C jiti, tmin
°(t)=0 jtj<tmn (6.9)
cC>1

Quadratic Function

°(t)= at?+ bt j1 <t< 1 (6.10)
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Stretch-Shrink

cM==C jt, tmin
° (t) =B ]t] <t MIN (611)
C>1B<1

Clearly, equations 6.8-6.11 give enhanced weighting to appeance com-
ponents that deviate signi cantly from the norm and give rise to non-linear
caricature e®ects. The relative enhancement that is provide can be controlled
by the precise choice of constantsa, b, B, and C. Nonlinear caricatures are
amenable to a very simple geometric interpretation. Consi@r that the di®er-
ence vector, ¢c, between the veridical appearance and the norm (which liesta
the origin in our model): The caricature is created by applying the transforma-
tion matrix, j, to the ¢ ¢ and adding this product to vector c. The addition
of ¢ c for the generalized non-linear case has the e®ect of alteringpé length
and direction of the veridical, whereas the uniform caricatire e®ects only a
lengthening of c. In order to make a comparison between the proposed meth-
ods for caricature, the vector j¢ ¢ was scaled to have the same Mahalanobis
distance measure in each case (i.e., uniform, step, quadiat and stretch-shrink
methods). The Mahalanobis distance is dened by (j¢cj €7 S 1(j¢ ci &),
wheret is the mean or prototypical face andSi ! is the inverse of the covariance
matrix constructed from the ¢ vectors corresponding to the sampled faces. The
Mahalanobis distance measure was used because it takes incacnt the relative
importance of each axis (characterized by its associated vaance). We are free
to make relatively large displacements from the veridical #ong the most signif-
icant axes and retain plausibility. Conversely, only small displacements along
the least signi cant axes are allowed, preventing highly impausible caricatures
from occuring.

6.5 Generation of non-linear caricatures

As a basic test of the methodology and also to visually explcg the nature of
both conventional (uniform) and non-linear caricatures, an appearance model
was generated according to the procedure previously outlied in this thesis on
a sample of 71 faces, using 134 landmark points per face (seeurg 6.4). The
sample contained a number of famous faces, 4 of which were ézatured accord-
ing to the procedures de ned in section 6.4 by equations 6.8-&1. Appearance
model caricatures using the uniform and non-linear methods ee illustrated in

“gure 6.5 for Jackie Chan, Marylin Monroe, George W. Bush, andMel Gibson,
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Figure 6.2: Schematic depicting the idea behind nonlinear aricature. The
basic hypothesis is that when the extension along the axes irappearance
space is large, these directions should be preferentially eighted. In the three-
dimensional representation of face space above, the unifar caricature is de ned
by A'. The nonlinear caricature B results because each appeance parameter
receives a di®erent weighting as a function of the number of ahdard deviations
from its mean.

respectively. The non-linear caricatures have been boosteby the same magni-
tude (Mahalanobis distance) as the uniform caricatures. Fgure 6.5 is certainly
suggestive of the fact that an e®ective caricature can be aadkwved via nonlin-
ear mappings. The di®erences in the caricatures produced byhé uniform,
guadratic, and step functions are subtle but apparent upon areful inspection.
Although some images depict a rather strong degree of caritaring, the major-
ity of transforms maintain a connection with the basic identity of the subject.
The possibility that caricaturing using these methods may eahance identity is
suggested; in particular, the step function weighting produces caricatures that
are clearly di®erent from the veridical, still appear to mairtain basic identity,
but do not introduce the rather comic e®ect characteristic ofthe uniform trans-
form. Caricatures generated by the stretch-shrink functionretain some aspects
of the identity of the original face but clearly produce sign cantly di®erent
results from the other methods.

6.6 Preliminary experiment on nonlinear caricatures

E®ective caricatures were achieved by skilled artists longdfore the mechanism
of caricature was subjected to scienti ¢ study. Moreover, caicatures of the
same subject by di®erent artists often exhibit great variety suggesting that
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Figure 6.3: Empirically selected weighting functions for the generation of non-
linear caricatures.

there is some not inconsiderable °exibility in the caricature method. Given

the largely nonlinear behavior of nature, such a nonlinear ognitive model is at

least plausible. Whether some nonlinear mapping of the appegrance parameter
deviations from the prototype better models the cognitive process of recogni-
tion and can thereby produce a better-recognized/more-distnctive caricature

than the uniform model must clearly be the subject of carefuly conducted ex-
periments. Such detailed experiments lie outside the immeidte scope of this
work.

A preliminary experiment in which these issues were explom was con-
ducted. Motivated by the results shown in gure 6.5, our line of inquiry involved
the notion that e®ective caricatures must generally satisfytwo basic criteria.
They must maintain identity (i.e., be recognizable as the sibjects they are in-
tended to depict), and they must, in the broadest sense, hava comic/humorous
appearance. Thirty randomly selected participants were aked to view four dif-
ferent caricatures (the uniform, step, quadratic, and shrink-stretch mechanisms)
of four famous persons (Jackie Chan, Marilyn Monroe, Georg&V. Bush, and
Mel Gibson). The images displayed to the participants were he four rightmost
columns of "gure 6.5. The true, veridical, images of the subjets in the leftmost
column were not displayed. Prior to showing the caricatures the participants
were asked, "Do you know what the subject (e.g., Chan/MonroéBush/Gibson)
looks like?" For each subject, they were then asked,

1. "Which of the four caricatures do you nd most humorous/comic in ap-
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Figure 6.4: Landmark points used to describe face shape.

pearance?"

2. "Which of the four corresponds most closely to how you thirk the subject
really looks?"

In those cases in which the participant did not know what the aubject looked
like, the second question was not asked. The results of thisxperiment are dis-
played in table 6.1 and summarized graphically in gure 6.6. These results sug-
gests that the uniform caricature transform best captures he comic/humorous
aspect, whereas the step transform produces a caricature #t maintains the
closest connection with the real appearance of the subjectThe signi cance of
these results was assessed using?g test. Two null hypotheses were examined.

1. The uniform caricature mechanism is no more humorous than tle others
The calculated A? value was 538 with 1 degree of freedom, yielding a
probability of much less than 1=1; 000 that our experimental data would
be obtained if the null hypothesis were true.

2. The step caricature mechanism is no more e®ective at capturmrealistic
appearance than the others The calculated A? value was 1090 with 1
degree of freedom, yielding a probability of much less than #1; 000 that
our experimental data would be obtained if the null hypotheds were true.

In both cases, the results provide a highly signi cant con derce level. Since
the distance from the veridical is the same for each type of adcature, it would
seem that use of the step transform, in which only the dominah spectral com-
ponents are boosted, does indeed maintain a better connecin with the real
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| Subject | Aspect | Uniform | Step | Quadratic | StretchShrink |
Chan | Humorous/comic 3 1 9 16
Similarity to real 2 21 0 1
Monroe | Humorous/comic 19 4 5 2
Similarity to real 2 11 9 7
Bush | Humorous/comic 21 1 3 4
Similarity to real 1 22 2 5
Gibson | Humorous/comic 21 4 3 2
Similarity to real 1 16 10 1
Total Humorous/comic 64 10 20 24
Similarity to real 6 70 21 40

Table 6.1: Results of an experiment in which participants wee asked to compare
the caricatures presented in gure 6.5 on the basis of identif and comic e®ect

appearance of the subject and may be more closely associatedth identity.
The subtly di®erent question of which caricature is best recgnized could be
examined more precisely by conducting a careful experimenin which the best
recognition may be determined by speed of response to the stulus [62] or by
some other approach. One signi cance of such an experimentes in the follow-
ing argument. If the nonlinear caricatures are best recograed, this will indicate
that movement toward a region of minimum exemplar density is not the full
explanation for why caricatures are e®ective. This followsrbm the fact that
the distribution of parameters in appearance space is goveed by a multivari-
ate normal distribution. Thus, the nonlinear caricature (w hich adds a vector in
a di®erent direction from the direction de ned by the veridical image and the
prototype) is necessarily in a region of higher exemplar desity (closer to the
origin) than the uniform caricature is. Conversely, if uniform caricatures are
best recognized, we obtain an interesting and remarkable mailt-namely, that
the simplest of all the linear models is, in fact, the best one

6.7 Summary

This chapter described how a veridical (original subject inage) face is cari-
catured by making small adjustments to its corresponding apearance model
parameters. The work was motivated by previous psychologial literature, in-
dicating that a caricature of a subject is more readily recogizable than the
veridical image itself. The signi cance of these studies in elation to facial
composites is clear - namely that caricatured composite imges may represent
an e®ective tool for use in criminal investigations. Previos methods for auto-
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Figure 6.5: Examples of non-linear and uniform caricatures Chan, Monroe,
Bush, and Gibson). The non-linear caricatures depicted in ths gure have
been boosted to the same extent as the uniform caricatures é& the Generation
of non-linear caricatures section). For the top row of imagesthe parameters
for each of the four models are as follows: uniform caricat, , s = 1 and
.7 = 0:3; quadratic caricature, b=0, ,s = a=0:3, and,t = 0:3, g; step
caricature, tyny =1:7sd, , s =1:5, and, 1 =0:3, s; stretch-shrink caricature,
tmin = 2:0sd, ,S = 1, LT = 0133 s, and Bs i 1land Bt =0:3Bs.
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@) (b)

Figure 6.6: Performance of di®erent methods for caricaturetsnmed over the
four famous test faces. The established, uniform caricatie method provided
the most humorous image, whereas the step caricature methodias judged to
give a greater similarity to the subject

mated caricaturing have all followed the same basic mathemtical formula (the
uniform caricature method). In this chapter, alternative, non-linear methods
were investigated. A preliminary experiment was conductedin which the stan-
dard uniform method was compared to other empirical methodsfor generating
caricatures. The results of this experiment suggested thathe uniform method
may not be optimal with respect to identity.



Chapter 7

Summary and conclusion

It is clear from psychological studies that established feture based methods
for generating facial composites are limited and incompleg. In this thesis the
technical design and implementation of a composite system as presented that
is capable of generating inherently global or whole face stiuli. Unlike current
commercially available composite software, the system desibed here appeals
to our recognition ability rather than the inferior process of recalling facial
descriptions. Particular attention has been given to the irtegration of the se-
mantic, global and feature based knowledge of facial appeance provided by
the witness. A brief summary of the material presented follavs.

7.1 Summary of thesis

The thesis began with an account of the established methodsystems for pro-
ducing composite imagery. The functionality of these systens was described
and a summary of the psychological literature validating their use was pre-
sented. With the exception of the artist's sketch, all these methods were/are
feature based, forcing a facial likeness to be constructedybthe selection of
appropriate features from a card based catalogue or computedatabase. New
methodologies for constructing facial composites were dtsissed with the em-
phasis on principal components analysis (PCA) and evolutimary approaches.
The background literature outlining the use of PCA in facial modelling and the
development of evolutionary algorithms was also provided.

Although a limited number of publications examining the cognitive advan-
tages of whole-face evolutionary approaches exist, only G#on et al [36] have
previously published work giving a detailed account of the echnical design and
implementation of such a system. To aid the reader with an inerest in facial
composites but who is unfamiliar with PCA and evolutionary computation,

172
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the mathematical details of these techniques have been prided in the second
chapter of the thesis. The chapter began with an historical ntroduction to the
statistical technique of PCA followed by the procedure for deriving principal
components from a data sample. An illustrative example of haw PCA can be
applied to shape and image data to yield a compact representé&in was pro-
vided. In the nal section of Chapter 2, variations of the evolutionary algorithm
theme were discussed.

The main aim of the thesis was to design a facial composite stam that
does not rely on a piece-wise ensemble of independent faciaatures, but in-
stead appeals to our ability for recognising faces as a glob&whole face) enti-
ties. Chapter 3 contained work relating to the core design ad implementation
of such a system which was refered to throughout as EigenFITThe chapter
began by making clear the motivation for the development of he EigenFIT
facial composite system. Sections containing an overviewfahe system and
its graphical user interface provide the reader with an undestanding of how
the system functioned in its most basic mode of operation. Tl construction
of the appearance model (AM) from which novel face stimuli wee synthesised
was covered in section 3.4. In the section that followed, a pyosely designed
evolutionary algorithm (EA) was described which aided in the determination
of the AM model parameters, that yielded a good likeness to tle target face.
Optimization of the EA using a virtual witness, enabled the model parameters,
and hence the composite image, to be obtained quickly. An eestial part of
any composite system is the provision for applying a hairstje. Since hair can
not be e®ectively modelled in an appearance model, an altertige approach
was required which was the subject of section 3.7. The nal seon in Chap-
ter 3 explained a method for allowing the shape of one or moreatial features
to be xed at a chosen stage in the previously described, globaevolutionary
procedure.

The core implementation of the evolutionary whole-face appoach (described
in detail in Chapter 3) was carefully designed with ease-of-opration being one of
the main objectives. Although the bene ts of evolutionary composite methods
have been documented, a purely evolutionary approach doeson allow deter-
ministic changes to be made to the composite image, which ara necessary
component for any practicable system. Chapter 4 detailed m#hods for mod-
ifying the composite image which enhanced the standard gladl evolutionary
approach. The aim of the work presented in Chapter 4 was to ingégrate semantic
and feature-based knowledge of facial appearance with the gibal representation
a®orded by the appearance model. These complementary toolsdlude,
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2 Blend tool : Augmented "t' characteristics from two or more faces in a
generation into a single, averaged face image (see Chaptey gection 4.3).

2 Facial attribute manipulation tool . A general theoretical framework
for attribute enhancement was presented and implemented fothe speci ¢
case of age (see chapter 4, section 4.4).

2 Local feature manipulation tool : Individual features were translated
and scaled as instructed by the witness (see Chapter 4, seoti 4.5).

2 Application of ne details to a composite . The functionality for
applying ne details such as wrinkles to a composite face wasealeloped.
(see Chapter 4, section 4.6).

A limitation of an early proof-of-concept implementation of EigenFIT was
the signi cant time lapse, experienced between generationsThe delay was a
due to the computational demands of the image warping procedre that is a
necessary requirement for synthesising each of the nine fes in a new genera-
tion. A method for warping face images was suggested in Chapt 5 that may
be more excient than the commonly used reverse mapping procede. The
aim was to apply a limited number of modes of shape variation @ectly to the
pixel coordinates, thereby avoiding the computational oveheads normally as-
sociated with image warping. The chapter began with the motvation for an
excient warping method, followed by an overview of existing pxel mapping
strategies. A novel forward mapping method was presented, &sed on the addi-
tion or superposition of pixel displacement elds. This approach was coded and
compared to the standard reverse mapping procedure and a farard mapping
technique referred to in the computer graphics literature & splatting.

Previous work has outlined a method for computer generated aricatures
in which the di®erence between a subject's face and the meanr(gotype) face
was exaggerated by a scalar factor. However, there is no reas to suggest
that this linear scaling is the only viable method for producing caricatures.
In the nal chapter of the thesis, the concept of non-linear fagal caricatures
was investigated using the AM framework. The chapter began vth a qualita-
tive overview of previous work in the area of automated cariature generators.
The next section provided a discussion on the signi cance oftte caricature ef-
fect on distinctiveness and identity, and the implications for facial compaosite
synthesis. The mathematical construction for the previousy established lin-
ear caricature were given, followed by the mathematical costruction of novel,
non-linear methods. A preliminary experiment was performed which suggested
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that the standard linear approach to caricature may not be the best model for
retaining identity.

7.2 Discussion

Technical viability

The technical viability of the EigenFIT facial composite system was estab-
lished conclusively. Plausible, virtual faces could be sytesized using a pseudo-
random sampling of appearance model parameter vectors. Thearameter space
relating to the AM o®ered suzcient facial variation, whilst being compact
enough to allow a fast convergence to a target face. It was sk that fast
convergence to a facial likeness was obtainable using a puspely designed evo-
lutionary algorithm. Although the AM described was intrins ically global, de-
terministic changes to the shape of speci c individual facid features were also
shown to be possible. Common semantic descriptions such ai% face looked
older" were relatively easy to implement and control in the gopearance model
framework, which is not the case in the commercial feature bsed systems.

(@) Criminal investigation (b) TV presenter Bill (c) Unnamed composite

by Dover Police Station. Turnbull Image gener- produced by pupils from

Image generated according ated for BBC Breakfast Hilden Grange School during

to witness' instructions, 28" TV, broadcast on 10" a "Scene of Crime Day" at

September 2005. February 2006. the University of Kent on
16" March 2006.

Figure 7.1: Facial composite images generated using EigeliF

Psychological validation

An independent psychological evaluation of an early versio of the EigenFIT
system was performed by Pike and Brace (unpublished). Theireport included
a national survey of 75 composite operators who were adept ithe use of either
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E-FIT or PRO t, the two leading commercial systems in the U.K.. Participants
were asked to re°ect upon their experiences regarding both th verbal descrip-
tion that witnesses provide just before composite construgton commences, and
the type of requests for changes to the composite that witheses make during
composite construction. A nal section asked for views on newsystems such
as EigenFIT in which the witness is required to pick out face§) from an array
of images. A summary and discussion of Pike and Brace's suryds provided
here.

The rst section of the survey addressed the verbal interviewthat precedes
established composite methods. Around 57% of operators repted that the wit-
ness found itfairly dixcult to convey a verbal description of the perpetrator and
21% said that it was avery or extremely ditcult task. Verbal descriptions were
often 'holistic/global’', pertaining to the face as a whole rather than detailed
descriptions of individual features. 80% of operators repaded that witnesses
included information about age, approximately 50% said the included infor-
mation about character and distinctiveness and just over 406 terms relating
to gender and ethnicity. Only 25% reported that witnesses mationed infor-
mation regarding facial expression. Operators also repodd that the witness'
descriptions often decribed skin types such as freckled, smoth or wrinkled etc.
The second section of the report asked participants/operabrs to comment on
the sorts of instructions provided by the witnessduring the construction of the
composite. These instructions are summarised in table 7.1.

Facial characteristics Extremely/very useful
Gender 44%
Age 92%
Ethnicity 55%
Character 55%
Expression 76%
Distinctiveness 56%
Attractiveness 41%
Skin type 72%
Skin texture 80%
Skin blemishes 80%
Male characteristics 46%
Female characteristics 55%

Table 7.1: Usefulness of withess' comments during the comsite construction
procedure.

The nal section of the survey asked operators to provide thei views on
the value of a composite system that presented the witness wh arrays of face



177 7.2 Discussion

stimuli. Nearly 50% stated that the witness would probably or de nitely be
able to make comparative judgements such as "the eyes weredger than the
‘rst face in the array". When asked if a witness would be able to interact
directly with a composte system like EigenFIT, 40% felt that this would not
be possible and 17% felt that the witness would. 32% were undé&ed whether
such a system could be operated by the witness alone. When a=ti if the
witness would require guidance form a trained operator wherusing an array
based system 56% repliedle nitely and 21% repliedprobably. Operators stated
that their presence would be required during the constructon process due to
the witness' need for emotional support or the witness' lackof familiarity with
using computers.

Experiments to determine the psychological viability of array based systems
were also performed by Pike et al. Unlike the survey, that foassed on the
experiences of trainedcomposite operators the experiments were conducted
with the witness in mind. Details of the experimental procedure and the results
can be found in the report. The ndings of these experiments a¢ summarized
here. The issues investigated were,

2 whether witnesses are able to interact with arrays of faces.
2 are they able to pick out the best match for the suspect?
2 do they ever want to use any alternative selection methods?

2 do they ever want to interact with the system by other means, sich as by
manipulating individual features?

2 does the presentation of arrays overshadow memory for the spect?

The results demonstrated that a witnesswould be able to interact with an
array based system, although in many instances additional grbal descriptions
were provided by the witness. The witnesses expressed a wish interact with
the system deterministically, in parallel with the simple evolutionary interface.
Selecting multiple faces in a generations and elimination tthe worst, was found
to be desirable. No evidence was establish which suggestelat viewing 30-60
arrays of faces had a detrimental e®ect on memory for the targeface. Con-
clusions drawn from these experiments were pivotal in subspient re nements
of the EigenFIT system, that complemented the purely global evolutionary
approach.
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Home Ozce trial

To date, EigenFIT has been used in two criminal investigatians. In one of these
cases, the witness judged the composite image produced ugifcigenFIT to be
a better likeness to the target face than an image she had présusly generated
using a commercially available composite system. Based upahe acknowledged
potential of the system, the Home Ozce has provided funding fo a U.K. trial
in Derbyshire and Leicestershire police forces which is duéo commence in
July 2006. The aim of the trial is to test the system outside the laboratory
environment, gaining feedback on usability and accuracy. Qrrently, the use
of composite systems is restricted to serious crimes. Howek, of particular
interest in the trial is the possible use of this system for véume crime. This
may feasible because EigenFIT is easier to use and can gentra composite
image more quickly than established methods.

7.3 Future development

The basic technical and psychological viability of the commsite method de-
scribed in this thesis has been proven. Suggested areas fartdire work to
enhance the composite procedure described are:

2 An improved method for the application of hairstyles, in which a seamless
join can be achieved between the hairstyle and composite fac

2 |Independent manipulation of ear shape (in the current versbn of Eigen-
FIT the ears are treated as part of the hairstyle).

2 A re nement of the point model, allowing the shape of chin to bemodelled
more accurately.

2 The incorporation of more facial attributes, including masculinity.

2 An automated or advanced semi-automated method for landmarkng
training examples (currently a very time consuming task).

2 The development of a 3D version of the composite system that sy aid
the recognition process thereby producing more compositarniages.

From a theoretical perspective, the method for encoding faes, achieved
in this work by PCA, deserves further investigation. The PCA method for
encoding was chosen because it enables a face to be representompactly by
a vector of parameters, that is of much smaller dimension tha the original
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data. This representation of the face is optimal in the leastsquares sense, in
terms of the pixel values and shape coordinates comprisinghe sample data.
Although previous studies have shown that PCA models of the &ce are capable
of explaining some aspects of human face recognition, thisags not necessarily
mean that the current PCA representation is optimal in a perceptual sense. A
perceptually optimal representation of the face would requre an experiment in
which the response of observers to face stimuli was recordedThe results of
this experiment could be used to perform a transformation onthe original pixel
and coordinate data, which would enable a compact represeation that more
closely mimics the way in which faces are encoded in the humamind. The
exact nature of a superior encoding method remains unknowrand may involve
PCA or other techniques such as independent component anasys (ICA) or
wavelet analysis.



Appendix A

Camera settings

Canon EOS D60

Max resolution 3072£ 2048
Image ratio w:h 3:2

E®ective pixels 6.3 million
Sensor photo detectors 6.3 million
Sensor size 22.E 15.1 mm
Sensor type CMOS

Colour Tter array RGB

ISO setting 400

Auto Focus enabled

White balance override xed, daylight
Canon Lens EF 135mm 1:2.850FTFOCUS (set to 0)

Shutter Speed %th sec
Lens aperture /16

Table A.1: Camera settings table, reproduced by kind permision of Matthew
Maylin.
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Appendix B

Landmarking instructions

A description of the steps required for landmarking a face ad the functionality
of the landmarking tool are provided as follows:

1. User navigates to a directory of choice via thdoad Te push button, then
selects an image Ie from a listbox. The chosen image appears the work
area located on the right hand side of the interface.

2. Initially, the user is required to locate three landmarks, at the outer corner
of the left eye!, at the outer corner of the right eye and the third at the
base of the nose. After the third point has been located the raaining 105
landmarks are automatically placed in their approximate paositions. This
is achieved by computing the transformation required to mapthe three
landmarks, contained in the previously determined mean fae shape, to
the initial three landmarks located by the user. The computed transfor-
mation is then applied to mean face shape as a whole, providinan atne
transform that de nes the preliminary positions of all the points in the
face shape.

3. The landmark points control a set of spline curves (also plotted) that
delineate the perimeter of the internal facial features andthe head itself.

4. Landmarks can subsequently be moved from their approximie positions
to their correct locations using a click and drag technique, whereby the
user selects a landmark point via the left mouse button and dags it to
its correct position, holding the left button down during th e procedure.
When the left mouse button is released, the spline curve(s) ssociated

1The convention used here is that left refers to the left hand side of the displayed face from
the perspective of the user, i.e. not the subject's left eye
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with the translated point are redrawn, updating the face shgpe in re-
sponse to the users action (see gure 3.6). Selected or 'acévlandmarks
and their associated spline curves are plotted as red grapb$ objects,
whereas the inactive landmarks and spline curves are ploti in blue.
When a spline curve becomes active its description, e.g. 'éh’, appears
in a frame labelled instructions on the left hand side of the interface.
This is particularly helpful when adjusting landmarks around the mouth,
where there are many spline curves that could otherwise beooe confused.
Landmarks that de ne the end of one spline curve and the beginimg of
another connected curve are referred to abase landmarksand are plot-
ted as magenta circles, distinguishing them from the ordinay landmarks
plotted in either red or blue.

For landmarking purposes the images are displayed at fullresolution
(2048 3072 pixels, 300dpi). Regions of the face can be enlarged ngi
the zoom modepush button located under the image. When the zoom
mode is set to on, placing the mouse cursor over a region of iatest in
the face image and clicking the left mouse button will enlargethat area,
making it easier to place landmarks/spline curves accuratly. With the
zoom mode set to on, horizontal and vertical sliders appear tathe left
side and bottom edge of the image respectively. These may besad to
pan around the image when in zoom mode. Selecting the zoom medut-
ton again allows the user to exit zoom mode and return to the sandard
landmarking mode.

. Sets of landmarks corresponding to whole features can beanslated using

by selecting thelock pushbutton, located near the bottom left hand corner
of the interface. When this button is selected the click and dag operation
results in a translation of the nearest feature to the cursorposition at the
time when the left mouse button is depressed. This option carsave time
in situations where the approximate landmark positions, gaerated by
the atxne transformation, are a poor 't to the actual features wi thin the
image itself.

. Once the user is satis ed that all the spline curves are coectly located,

the face shape can be saved using theave e pushbutton on the left hand
side of the interface. Depressing the save e button starts a interpolation
process wherebypseudo-landmarksare generated that lie at equidistant
positions along a spline curve. Spacing of the pseudo-landmigs for each
curve section is predetermined on an empirical basis accoing to the



183

likely curvature of the section. For instance, the perimete of the mouth
exhibits a higher degree of curvature than the boundary of the head, hence
the densities of pseudo-landmarks in curve sections delingag the mouth
are relatively high. Pseudo-landmarks are saved to a MATLAB "mat' Te
as are the original landmarks which are required if the savedhape is to
be reloaded for modi cation in the future.



Appendix C

Operating Iinstructions

C.1 EigenFIT - EasyFIT operation overview

1. On start-up, a form is displayed into which details that identify the com-
posite are entered. Fields are provided for the witness' f@names, sur-
name, date of birth and also the operator's rank and number. This infor-
mation is combined with the current date to generate a uniquereference
number that can be used to identify the composite in the future.

2. In keeping with the graphical approach, prototypical faces are used to
initialise the EigenFIT system. This involves the user seleting the ap-
propriate sex and race for the target face. By selecting prattypical faces
the user is e®ectively seeding the search algorithm. Hence, ;itable
choice of prototypical faces leads to a set of appearance mebparam-
eters that relate to an approximate 'face type'. This provides a more
informed starting point for the search procedure than the gbbal mean,
which lies at the origin of appearance space.

3. Prior to the evolutionary process, a hairstyle is chosen sing the hair
tool. From a perceptual point of view it is sensible to ask the witress
to select an appropriate hairstyle rst as the external features are more
salient in unfamiliar faces and there is evidence to suggeshat facial fea-
tures should be selected in order of decreasing signi canceThe user can
scroll through the available hairstyles using a slider, wih each increment
in slider position displaying nine more hairstyles in the familiar three £
three con guration. Hairstyles are mapped onto the mean faceso that the
witness may view the hair in its usual with-face context. Sin@ the mean
face is unlikely to be very similar to the target, there may beissues asso-
ciated with this approach concerning visual overshadowing The e®ect, if
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C.1 EigenFIT - EasyFIT operation overview

it exists, is unlikely to be signi cant and has not been invesigated in this
case. A 'lter is provided to sort the hairstyles into categories describing
the length and colour. Thus the number of candidate hairstyks that the
witness must examine can be greatly reduced by marking the gmropriate
checkboxes provided in the Tter.

At this stage in the process the setup has been completed dra face may
now be evolved using a simpleone touch interface. Nine randomly sam-
pled virtual faces are drawn from a normal distribution that is determined

by the initial choice of prototypes. These faces, collectiely known as the
initial population, are presented against a grey backdrop @ the left hand

side of the user interface. The witness is required to choosene of the
nine faces on the basis of its similarity to the target face. \rtual faces

that exhibit a particularly poor likeness to the target may b e removed
from view using the remove faceicon positioned near the lower left hand
corner of the face image. This de-clutters the backdrop, makig it easier
for the witness to form an opinion on the suitability of the remaining vis-

ible faces. Once the witness has made a choice, the initial jpalation is

replaced by nine more faces comprising the rst generation. fie process
of selecting a face and synthesising new faces is repeatedtilira good

likeness is obtained. An approximate likeness is often obiaed in as few
as twenty generations or less.

If the witness is especially unhappy with the initial population or sub-

sequent generations, more randomly generated faces can bgnthesised
using the Generate More pushbutton located on the right hand side of
the interface. This feature of the interface should be usedaringly and

not as a means for searching the appearance space. It prodigcanages
on a totally random basis, and given the extent of the appearace space,
would o®er an inezcient 'brute force' method for nding a likeness to
the target. If used wisely, it can be a valuable tool for preveting the

search algorithm getting stuck in a local minimum in the later stages of
the evolutionary process.

An Undo pushbutton is also provided that can be used if the witness fels
that a poor choice of face has been made, or a face has been stdd
unintentionally and another image is preferred. Although both the Undo
and Generate More options allow a user to avoid local minimalJndo does
not introduce new genetic information into the current geneation, it is

merely a means of retracing ones steps.
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C.1 EigenFIT - EasyFIT operation overview

7. In EasyFIT mode the user has the option tolock the shape of particular

facial feature that exhibits a good likeness to the correspoding feature
in the target face. This achieved by choosing a region of théconic face
located on the right hand side of the interface and then selding one of
the nine virtual faces. Placing the cursor over a feature in he iconic face
and using a single click of the left mouse button turns that region from
grey to blue, indicating that the shape of the chosen featurewill be xed
through subsequent generations. Deselecting a region of ¢hiconic face
reintroduces shape variation in the previously locked featre. If required,
more than one feature may be xed at any given instant. The avalable
choice of features that can be locked are the eyebrows (leftight pair),
eyes (left/right pair), nose, mouth and face shape or any corbination of
these.

Once an acceptable likeness has been obtained using theots provided,
the current stallion image (best likeness) can be saved botlas graphics
“le and as an EigenFIT composite Te. The graphics e is intended to be
reproduced for use in a criminal investigation. The EigenFIl composite
“le may be reloaded for modi cation by the witness in the future. The
icon for saving the composite is labellednish and is located at the top
right hand corner of the interface. This icon also allows thecomposite
image to be exported to a graphics package for a post processj. This
enables the operator to draw on tattoos or embellish the compsite image
in other ways under instruction by the witness.



Appendix D

Examples generated for
television appearances

D.1 Aging example

An aging example using attribute manipulation and a wrinkle-map, provided
for the Beyond International Ltd production company (used in a programme
shown on Australian television).
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Figure D.1: Hayden Turner, "Beyond Tomorrow" presenter (Beyond Interna-
tional Ltd)
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Figure D.2: Hayden Turner, "Beyond Tomorrow" presenter (Beyond Interna-
tional Ltd) aged
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Figure D.3: Hayden Turner aged and wrinkle-map overlaid. Image produced
for Beyond International Ltd's "Beyond tomorrow" programm e
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D.2 EigenFIT composite example

An example of a composite sequence leading to a likeness of BBI'V presenter
Bill Turnbull (used on national breakfast television). For brevity some of the
steps in the sequence have been removed.

(a) Second generation. (b) Fifth generation.
(c) Fifth generation + blend tool. (d) Eighth generation.
(e) Ninth generation. (f) Tenth generation.

Figure D.4: Example composite sequence (part I).
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(a) Eleventh generation + local feature ma- (b) Thirteenth generation.
nipulation.

(c) Thirteenth generation + aging attribute (d) Final composite image including graphics
manipulation. package enhancement.

Figure D.5: Example composite sequence (part II).



Appendix E

Two pass splatting algorithm
Implementation

A texture mapping (forward pixel mapping) method for achieving image warps
was previously proposed by Heckbert [45]. A naive two pass $tting algorithm
based on Heckbert's original approach is described here.

E.1 Overview of basic approach

To prevent holes occuring in the destination image a one to oa mapping from
source to destination was avoided. Instead line segments we inserted into
the destination image using the two pass splatting method. This approach
shares similarities to the splatting techniques previousy described [45, 40, 102]
for projecting textures belonging to 3D objects into the plane of a monitor.
De ning u;v as the interior coordinates of the source triangle andx;y as the
forward mapped interior coordinates in the destination triangle, a method for
assigning pixel intensity values in the destination image $ outlined in algorithm
“gure 4. In the rst pass of this two pass algorithm, vertical li ne segments were
'splatted’ into the destination image. At each iteration of the loop, the pixel
value at position u; v in the source image are sampled and mapped to the integer
coordinates in the destination image that lie in the rangeround(x);y i %V <
Vint = Y+ %y Hence, the columns for whichround(x) is de ned were Tled and
an intermediate destination image (destination ypass) is formed as illustrated in
“gure E.1. In the second pass, a horizontal line segment is ptzed at the location
of each pixel that was de ned in the rst pass. This horizontal splatting TIs the
remaining holes in the destination image @lestination ypass) as shown in gure
E.2
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194 E.1 Overview of basic approach

Algorithm 4 Two pass pixel mapping algorithm
for loop overv do
determine integer pixel coordinatesf yi, g in the destination image that lie
inthe rangey i ¥ <yin - Y+ ¥
for loop over integer coordinatesdo
destination ypass (round (X) ; yint ) = source(u; V)
end for
end for
for loop overyiy do
determine integer pixel coordinatesf Xjn; g in the destination image that lie
intherangex i % <Xin - X+ ¥
for loop over integer coordinatesdo
destination ypass (Xint ; Yint ) = destination ypass (round (X) ; Yint )
end for
end for

source destination

Figure E.1: Scaling transformation with vertical splattin g. Pixel intensity val-
ues are spread in the vertical direction, thereby Tling holes in the destination
image (compare with “gure 5.3(b) in which no splatting was usel)
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source destination

Figure E.2: Transformation with vertical and horizontal sp latting. Pixel in-
tensity values were initially spread in the vertical direction and then in the
horizontal direction, thereby Tling all the holes in the destination image (com-
pare with gure 5.3(b) in which no splatting was used and gure E.1 in which
only vertical splatting was used).

E.1.1 Determining the length of each line segment (splat)

To prevent holes occuring in the destination image the lengh of the vertical, sy,
and horizontal, sy, line segments must be determined. Here the transformation
is assumed to be piece-wise atne. For each triangular (pieceht correspond-
ing line segment lengths are constant and determined from th transformation
matrix as follows,

2 3
Mi1 M2 M3

M(x;y) = 2 M1 M2 Mp3 (E.1)
0 0 1

De ning the horizontal and vertical scaling parameters assy and sy as

Sx = %ﬁ and sy = %z respectively, leads to the following equations.

@x_ @miiu+ mqov+ M1g)
Sy = = =m E.2
X @U @u 11 ( )

_ @y_ @mau+ mapy + Ma3) _

Sy = @v @v

My (E.3)
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