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Abstract

We describe the designand construction of a component basedfacedetector for gray
scaleimages.We will show that including parts of the faceinto the negative training
setsof the component classi¯ersleadsto improvedsystemperformance.We introduce
a method of using pairwise position statistics betweencomponent locations to more
accurately locate the parts of a face. Finally, we illustrate an application of this
technology in the creation of an accurateeye detection system.
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Chapter 1

Domain

The goal of the work presented hereis to build an accuratefacedetection systemfor

still grayscaleimages.The mark of ultimate successwould be a systemwhich could

locatefacesin imagesin a mannerconsistent with a human performing the sametask.

As current systemsremain well behind human performance,we limit ourselvesto the

domain of faceswhich are not rotated in the image plane (around an axis through

the image), and are rotated a maximum of 30 degreesleft or right out of the plane

(around an axis from up to down, as one looks at the image). Our system will be

developed as an extensionto the component basedface detection systemdescribed

in [8].

9



Chapter 2

Ob ject Detection

Finding facesin digital images,sanscolor or motion cues, is a pattern recognition

task. At the level of greatestabstraction, the detectingsystemis givenan imagepatch

of known size(or a feature vector distilled from this patch), and is to decidewhether

this vector stemmedfrom an face,or a non face. Literature concerningmathematical

structures to perform such tasks,and theoretical limits on performanceand error are

available. The detailsof this branch of academiaareout of the scopeof this document,

but the readeris invited to study the literature of learning theory, especially [20, 3, 4],

for a background in statistical learning systems.

2.1 Learning From Examples

A few statistical learning algorithms are referencedoften enoughin this document to

warrant a coarseoverview for the lay-personreader. The mathematical algorithms

outlined in this sectionincludetwo density basedclassi¯ers[3] and the Support Vector

Machine (SVM) classi¯er [20, 2].

The basic problem is to learn a rule that divides a classof objects from a class

of non-objects given examplesof both sets. We begin with a set of i pairs (x; y)

where (x 2 X µ Rd) and (y 2 Y µ R). For our vision task, x will represent the

featurevector stemmingfrom an image,and y 2 [¡ 1; 1] will represent whether or not

this feature vector is from a target object. From the view of the pattern recognizer,
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the goal is to estimate y given a new examplex. We make the assumptionthat our

data stems from two separatedistributions; P(xj(y = 1)) and P(xj(y = ¡ 1)); the

distribution of feature vectors from imagesof faces,and the distribution of feature

vectorsfrom imagesof everything else.

A density estimation approach to classi¯cation involvesattempting to model the

two distributions using the exampledata and the prior probability of the two classes,

P(y = 1) and P(y = ¡ 1). Using a maximum likelihood or Baysian approach, one

can choosethe most likely classof a new data point [3].

At times we will usetwo di®erent typesof density estimation basedclassi¯ers. In

the ¯rst approach we will assumethat the positive data comesfrom a gaussiandistri-

bution. By ¯nding both the meanand covariancematrix of this distribution, we can

calculatethe probability that a new signalcomesfrom the faceclass.We will assume

for simplicity that the negativedata comesfrom a uniform distribution, a distribution

where every x is equally probable. In the implementation of this classi¯er, we use

the simplifying assumption that the covariance matrix of the gaussiandistribution

is diagonal. Reasonsfor this assumptioninclude the sparsenessof the exampledata

(leading to unstable models of covariance) and the speedof computation. At times

we will refer to this gaussianapproach, with the positive data modelledasa gaussian

curve, and the negative data modelled as an even plane, as a Mahalanobisdistance

approach, sincethe weighted distanceto the gaussianmeanis in direct proportion to

the probability density [3].

For certain classi¯ers, our system will use instead histograms to model proba-

bilit y densities. Building a histogram from the training data is a simple exercisein

discretizingour spaceof inputs into bins, and placing each exampleinto its respective

bin. Care must be taken to make the bins large enoughto encompassa represen-

tativ e number of training points from the limited training data, but not so large as

to detrimentally reducethe resolution of the resulting probability density estimate.

After normalizing the histogram to a volume of exactly one,given a new data point,

we simply index into the histogram bin corresponding to that data point to calculate

its probability. Again, becauseour training data is limited, in practice this histogram
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basedapproach is limited strongly in histogramresolutionwhenthe dimensionality of

the distribution is high. In our systemwe will usethesehistogram basedapproaches

to model the 2 dimensionalexpectedpositions of facial components.

Finally, the most prevalent type of classi¯er we will usein this systemis the SVM

classi¯er. An SVM is a particular regularization approach to regressionand classi-

¯cation, and belongsto the classof margin maximizing classi¯ers. SVMs regularize

betweenempirical lossand the smoothnessof the approximating function [20, 5] and

have beenpreviously shown to work well for facedetection tasks [7]. All SVM clas-

si¯ers usedin this work, unlessotherwisenoted, weretrained with linear kernelsand

code from [12].

2.2 Prior Work

The literature of computer vision is rich with studies of object detection. Among

thesestudies, perhaps the most commonly selectedobject is the human face. The

face is special becauseof its common appearancein visual scenes,and its simple,

semi-rigid structure that varies little in geometrybetweensamples.Even though the

geometriccon¯guration of a face is predictable, due to its 3D nature, variations in

pose,illumination, texture and shape can have strong e®ectson the 2D projection of

the facein the imageplane,making the detection task di±cult . Obvious application

(such asin tracking and surveillancesystems)is alsoa likely motivation for the wealth

of interest in robust automatic facedetection systems.

Many early face detection systemseschewed component basedarchitectures for

a holistic approach. In [14], the distribution of facesis modelled with a mixture of

gaussiancurves. Facesare detected by measuringcomparing novel patterns to the

model distribution. A similar approach is taken in [12] and [15, 19], where a single

SVM and a set of neural networks, respectively, are trained to discriminate between

face and non-facepatterns. In [14, 15], virtual examples,as explored in [11], are

incorporated by rotating, translating, or scalingpositive faceexamples,and including

thesenew training points into the training regime in order to reducesensitivity to

12



thesetypesof variation.

It makes senseintuitiv ely to use a part basedapproach to face detection if one

believesthat the parts of the faceare lesssensitive than the faceasa whole to visual

changesfrom to di®erencesin lighting or pose. Part basedsystemscan also be less

sensitive to partial facial occlusion by interfering objects or from strong directional

lighting. Perhapsthe most compelling reasonto continuestudying part basedsystems

is the empirical evidencesupporting their accuracyover global approaches. In this

section we will o®era survey of a few part basedattempts at face detection. This

is not to say that part basedobject detection schemeshave beenusedfor detecting

facesexclusively. Indeed,successfulimplementations of component basedpedestrian

detectorsand vehicledetectorsare discussedin [13, 10] and [1] respectively.

All architectures of component basedsystemsmust at somepoint select which

parts to use. Somesystems,such asthosedescribed in [9, 7], usefeatureswhich seem

naturally salient to humans,such as the eyes,nose,and mouth. Other systemshave

beendesignedto learn object parts automatically from the training images[22, 24,

8, 23]. The systemdescribed in [8] uses14 featuresthat were chosenautomatically

using a region growing algorithm in combination with a statistical error bound [20].

In [24], an interest operator was designedto collect imagepatchesfrom the training

set, which were then clusteredto ¯nd salient object parts. Component basedobject

detection systemsin the literature have beenbuilt with as few as 2 or as many as

150 component parts. The systemdescribed in this paper usesexactly the same14

components described in [8] for easeof direct comparison.

Component baseddetection systemsalso di®er in the type of featuresextracted

from the images. The systemsdescribed in [16] use histogram basedclassi¯ers to

judge featuresextracted from the wavelet decomposition of the input image. In [24],

SNoW (SparseNetwork of Winnows) baseddetectorsare used to classify grayscale

pixel value features. Similarly, grayscalepixel value featuresand SVM type classi¯ers

are usedin [8]. A completely di®erent approach is taken in [18] where image image

invariants (invariants like the bridge of the noseis brighter than the eye socket) are

used. A direct comparisonof feature spacesfor face detection is available in [7],
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the results of which suggestthat comparedto wavelet or ¯rst derivative of grayscale

features,standard grayscalefeaturesare a good choicefor frontal facedetection.

Once the part exampleshave beenlocated within the input image, and perhaps

labelled with a con¯dencein each detection, each component basedobject detection

systemwill useanotherclassi¯er to judgewhetheror not the part detectionsare truly

part of the target object, or they are simply doppelgangersstemming from similar

patterns in non-object image sections. The face detection system described in [16]

usesa product of probabilities, indexed from histograms, to calculate con¯dencein

someimage patch stemming from the face class. In [24], the set of part examples

extracted from the imageis searched for subsetsgeometricallyconsistent with actual

object examples. In [8] only the best exampleof each part is used,and an SVM is

utilized to decidewhether the set of positions and con¯dencesis likely to have come

from a face. This SVM method of judging part detections, along with a few other

top level classi¯ersfor comparison,will be usedin the systemoutlined in section3.
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Chapter 3

Approac h

In order to bestservethe reader,the discussionof the architecture of our facedetection

systembeginswith descriptionsof a few more simple classi¯ers. This is in order to

convey the concept of converting an input image into what we call a result image

without the obfuscatingcomplexity of the remainderof the component basedsystem.

Wethen, in section3.2, introducethe readerto a simpli¯ed descriptionof a component

basedclassi¯er and describe how multiple classi¯ers are combined into a full face

detection system. In section 3.3 we outline, in order of processing,the detailed

internal structure of our system. Finally, at the end of section 3.3 we describe how

a geometricmodel is ¯t into the facedetector's architecture, and how the systemis

generalizedto work acrossvariations in scale.

3.1 Global Classi¯ers for Vision

We usethe term global imageclassi¯er to describe the oppositeof a component-based

imageclassi¯er. Thesemachinesdo not search the input imagefor constituent object

parts as a ¯rst step toward classi¯cation. A single SVM trained on imagesof faces

and non facesis an exampleof a global facedetector. The featuresinput to a global

classi¯er do not necessarilyneedto be pixel values;wavelet features,¯rst derivatives

of grayscale features, and other statistics could also be used. Information such as

the existenceof object parts or the outputs of other object classi¯ers are examples
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of inputs to a non-global classi¯er. What is the nature of a part of an object is a

questionbest left to thosemore erudite than the author.

To turn a classi¯er into an object detector, a commonstrategy is to usea win-

dowing technique; where every image patch is independently fed into the classi¯er.

When the classi¯er output is larger than somethreshold, the corresponding part of

the image is labelled as being a member of the object class. It is possiblebuild a

corresponding image,separatefrom the input image,wherethe value of this new im-

ageat someposition (i; j ) is equal to the value output from the classi¯er if the input

to the classi¯er is the image patch taken from the input image, starting at position

(i; j ); refer to ¯gure 3-1 for an illustration. This new image, which we will refer to

as a result image will be preciselythe sizeof the original input image, lessthe size

of the classi¯er, and brighter where the classi¯er returned large values. Figure 3-2

illustrates the result imagecreatedwhena classi¯er tuned to respond strongly to the

bridgeof the noseis run over both a faceimageand a non-faceimage. Note the strong

responseover the bridge of the nose. Result imageswill be a critical component of

all systemsdescribed further in this paper.

Figure 3-1: A 10£ 10 input imagewhenfed into an 8£ 5 classi¯er yields a 3£ 6 result
image. The window corresponding to result image position (2, 2) is illuminated to
illustrate the correspondence.
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Figure 3-2: An 18£ 16 global classi¯er trained on imagesof the bridge of the nose
is run over two input images,one of a face and one of a non-face. Note the strong
responsein the vicinit y of the bridge of the nose.The result imageson the right are
exactly 18£ 16 smaller than the input, as is illustrated by the small gray box in the
lower right of each example,which is exactly the sizeof the classi¯er.
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3.2 Simpli¯ed Comp onent Based Classi¯er

Illustrated in ¯gure 3-3 in block diagram format is a pair of schematicsdepicting a

global facedetection systemand a simple part basedfacedetection system. In this

system,which is similar to the morecomplicatedsystemdescribed in section3.3,each

component classi¯er operatesas if it were its own global classi¯er. A result imageis

created for each component. For a face detector, there might be a result image for

mouths, a result image for left eyes, etc. Once all the ¯rst level result imagesare

created, they are usedas the input to somefurther systemwhich will detect faces.

Here, for each window in the original image,the corresponding window in each result

image is extracted. The x and y position of maximization in each of these result

imagepatchesis recorded,along with the valuesat the points of maximization. This

processyieldsa setof triplets of the form ((x0; y0; v0); (x1; y1; v1); :::; (xn¡ 1; yn¡ 1; vn¡ 1))

wheren is the number of facial components usedby the system. This orderedset of

triplets will be referred to as a constellation. For each window in the original image

we extract this constellation of points wherethe components, or parts, ¯t best. This

constellation is then input to another classi¯er, which decidesbetweenconstellations

stemming from facesand constellationsfrom non-faces. The output of this upper-

level classi¯er is recordedin the ¯nal result image. The top level classi¯er can be

of any number of types (SVMs and Baysian approachesare commonly used) and is

constrainedonly in that it must be a function mapping valid constellationsto real

values.

3.3 Detailed Part Based Classi¯er

Figure 3-4 shows a detailed block structure diagram of our face detection system.

Each sub-sectionwill be described separatelyin order of data processing.The way

the system searches for facesat di®erent scalesis not illustrated in ¯gure 3-4 and

will be discussedat the end of this section. The biasing, or model step betweenthe

creation of the component result imagesand the construction of the constellationsis
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Figure 3-3: Top: A very simpleblock schematic illustrating how a global facedetect-
ing systemmight be laid out. Bottom: A schematic for a component basedclassi¯er.
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optional, and will alsobe described at the end.

Figure 3-4: A block diagramschematicof the major components of our facedetection
system.

Comp onent Classi¯ers.

The component classi¯ersarethe systems,trained on di®erent parts of the face,which

computethe ¯rst set of result imagesfrom the original image. Our facedetector uses

the 14parts illustrated in ¯gure 3-5and described in moredetail in table 1. All of the

parts, whensituated over a frontal face,lie completelywithin the frameof the faceand

include no hairline, jawline, or earstructure. Theseparts werechosenin particular to

match the component classi¯ersusedin [8], which werein turn selectedautomatically

using a statistical error bound. It would be di±cult to discussthe interesting design

points of the component classi¯erswithout ¯rst discussingthe training data.

3.3.1 Training Data

The training data, which was usedto train the component classi¯ersas well as the

top-level classi¯er, is a set of imagesdivided into positive and negative examplesof

faces.The negative training data consistsof 13,654grayscaleimagesin PPM format.

Each of theseimagesis a 58£ 58 pixel crop from a larger set of imagesknown not

20



Figure 3-5: The 14 components usedin our component basedfacedetection system
arrangedin a geometricallysalient and vaguelydisturbing pattern.

to contain any faces.A few random selectionsfrom this set are shown in ¯gure 3-6.

Many, but not all of theseimagesaredi±cult examplesof non faces,selectedby using

a simplefacedetector to bootstrap examplesout of larger images.The two rightmost

negative training examplesin ¯gure 3-6 are bootstrapped examples.

Figure 3-6: Fiveexamplesfrom the negativetraining set. The two rightmost examples
weredrawn from larger imagesby bootstrapping with a weaker facedetector.

The positive training data consistsof 1,323100£ 100colorPPM imagesof arti¯cial

headmodelsprovided through the work in [21]. A few of theseare illustrated in ¯gure

3-7. The imagesare of 21 di®erent heads,which are morphsbetween6 di®erent head

models. These21 arti¯cial headsare viewed at 7 anglesof rotation betweenhead-on

and 30 degreesto the right in 5 degreeincrements. At each position each head is

viewed with 9 di®erent illuminations. Copying the systemdescribed in [8], the size

of the facewas decidedto be 58£ 58 pixels becausein the 100£ 100 imagesof the

head, the facial part of interest is about 58 pixels square. Thesecolor imageswere

preprocessedbeforeusing them to train the component classi¯ers.

Sincethe systemdescribed in this paper operateson grayscaleimages,the training
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Figure 3-7: Five examplesfrom the positive training set. Note that the headsonly
turn to the right. Mirror imageswereusedto train the full rotation between-30 and
30 degrees.

data neededto be °attened into a singlechannel beforeit could be used. Also, since

the background around the headwas an arti¯cial uniform ¯eld of bright blue, and a

58£ 58 box around the face at times included a bit background in rotated images,

it was decidedto replacethe background with the arti¯cial patterns shown in ¯gure

3-8. It shouldbenoted that few of the positive examplesincludedany of this arti¯cial

background.

Figure 3-8: 100£ 100 arti¯cial backgrounds were used to replacethe uniform blue
background in the training data.

The component classi¯ersmust be trained on featurevectorsextracted from their

part of interest. In order to create the component training set, it was necessaryto

crop all 14target parts out of each training image. This processwasmademuch easier

with the correspondencebetweenimagesavailable from the arti¯cial headdata. Along

with the imagesof the headsare included the pixel positions of 25 sentinel points on

the head. Figure 3-9 illustrates the positions of somethesepoints on a typical head

model. Each of our components is de¯ned as a sentinel point and extensionsup,

down, left and right. From the table of component de¯nitions and ¯gure 3-9 we can
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seefor instancethat the ¯rst classi¯er is an 18by 16rectanglearounda point centered

at the bridge of the nose. Figure 3-10 shows a few examplesof extracted training

data for this classi¯er. When we extract the components we alsoextract components

from the left-right mirror imagesof the training data. It is worth noting that when

extracting a component around the left corner of the mouth in the mirror image,we

must use the position of the right corner of the mouth as our sentinel point. This

corpus of 2,646imagesfor every component comprisesthe positive training data of

the component classi¯ers.

Figure 3-9: The 58£ 58 region around the facein three training images,with the 14
utilized sentinel points highlighted.

Table 3.1: Component De¯nitions

Index Component Description Sentinal Index Extensions

left right up down

0 Bridge of the Nose 11 8 9 10 5

1 Left Eyebrow 0 3 15 8 6

2 Left Cheek 21 3 17 8 11

3 Left Corner of the Mouth 15 3 14 6 4

4 Left Eye 6 8 8 8 8

5 Upper Lip 18 6 6 6 9

6 Left Nostril 13 9 12 3 8

7 Lower Lip 16 15 15 7 7

8 Tip of the Nose 12 7 7 10 9
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Table 3.1: Component De¯nitions

Index Component Description Sentinal Index Extensions

left right up down

9 Right Eyebrow 1 15 3 8 6

10 Right Cheek 23 17 3 8 11

11 Right Corner of the Mouth 17 14 3 6 4

12 Right Eye 9 8 8 8 8

13 Right Nostril 14 12 9 3 8

Figure 3-10: Selectedexamplesof the positive training set for component 0, the bridge
of the nosecomponent

While exploring di®erent avenues of improvement for this face detector, several

di®erent negative component training setswere extracted from our training data, a

pair of which deserve particular mention. The ¯rst set was created in the following

way. For each component classi¯er, a random rectangle, the sizedeterminedby the

classi¯er, was extracted from each of the 13,654negative training images. This will

be referred to as the non-facial non-component training set, examplesof which can

be seenin ¯gure 3-11. The secondtraining set was created in the sameway, but

using extractions from the positive data. Care was taken so that the extractions did

not overlap the canonical positions (as dictated by the sentinel position) by more

than 50% of the area of the classi¯er. From each of the 1,323 training images4

such rectangleswerecropped out, and 4 again from the mirror imageof the training

image. This body of 10,584 imagesper classi¯er will be referred to as the facial
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non-component training set, examplesof which are shown in ¯gure 3-12.

Figure 3-11: Selectedexamplesof the non-facenon-component training set for com-
ponent 0, the bridge of the nosecomponent.

Figure 3-12: Selectedexamplesof the facial non-component training set for compo-
nent 0, the bridge of the nosecomponent

It is important to note here that beforetraining any of the component classi¯ers

described in this section,each datapoint was histogram equalized.

3.3.2 Classi¯er T yp es

Both the SVM and Mahalobonis classi¯er require as their input a feature vector of

prede¯nedsize. For our featurespacewe usethe grayscalevaluesof the pixels in each

training image. Grayscalepixel valueshave beenshown to be a good feature space

for frontal facedetection in comparisonto derivative or wavelet type features[7]. The

SVMs were trained using code described in [12], but all testing was implemented in

C++ for speed.

After designingand training the classi¯ers,they weretested individually on com-

ponents and non-components extracted from more arti¯cial head data. Somereal

data were also labelled by hand and the data extracted so the component classi¯ers

could be tested without the obfuscating level of the remainder of the facedetection

engine. The results are elaborated in the results and conclusionssection(section 4).
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Construction of Constellations

For each 58£ 58 window in the original imagea constellation is created,asdescribed

in section3.2. This is doneby cropping the result imagefor each classi¯er to include

only positions wherethe center of the classi¯er would lie within said 58£ 58 box in

the original window, and recordingthe position of the global maximum of that crop,

relative to the 58£ 58 box. Classi¯ersare consideredto be within the window even if

their areareachesbeyond the edgeof the window, so long asthe center is still inside.

Judgemen t of Constellations

Once the constellation has been calculated for every 58 £ 58 window in the input

image,a higher level classi¯er is employed to judge the constellations. In the system

described in [8], an SVM is trained on constellationsfrom face imagesand non face

images.This approach, and others, are comparedfor accuracyin section4

Our ¯rst constellation judging algorithm useshistogram basedclassi¯ers. In this

approach, we collected data from the arti¯cial head models to produce a model of

P(xn ; yn jn) for each component, n. Figure 3-13illustrates this position histogram for

the bridge of the noseclassi¯er, the left cheekclassi¯er, and the mouth classi¯er. If

we assumethat the position of facial components are independent random variables,

we can calculate the probability of a constellation stemming from a face by simply

multiplying all the probabilities indexed from the histograms. We further assume,

in this approach, that constellations arising from non-facesamplesare completely

random, leading to a uniform probability distribution over all constellations. The

position histogramswere convolved with a gaussianbump of ¾= 2:5 pixels in order

to smooth out numerical noiseand make the modelsmore tolerant to facestructures

unseenin our training data.

The position basedhistogram approach ignoresthe value data stored in the con-

stellations,usingonly the position data. It is possiblethat discriminating information

is contained in thesevaluesof maximization. Indeed, constellation classi¯ers using

only the valueswere tested. Simply computing the sum of the constellation values
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Figure 3-13: Position Histogramsfor components 0, 2, and 5. Darker pixels indicate
areasof likely location for thesecomponents

wasa constellationclassi¯er testedand comparedalongsidethe histogramapproach.

A few classi¯cation schemesinvolving simultaneously the position and the value in-

formation werealsodesignedand tested. For instance,an SVM with a seconddegree

polynomial kernel was trained on the constellationsoutput from facesand from non-

faces.Results for theseconstellation classi¯cation algorithms are elaborated upon in

section4.

After every constellation is judged, we have available the result image for face

detection, as in the more simple face detectors described above. Finding the faces

in any image is now a simple task of thresholding, ¯nding local maxima, and local

suppression.

Greedy Optimization, Biasing, or Mo del step

One common error of the system outlined in [8] is that the classi¯ers don't always

maximizeat the correct location. For instancethe result imagefrom the mouth clas-

si¯er might have a local maximum at the center of the mouth, but the peak over the

eyebrow might be higher, leadingto a completelywrong position in the constellation.

Using only the position of the maximum stimulation unfortunately ignoresthat there

was a strong local maximum over the correct position of the component.

We aim to assuagesaidproblemby allowing classi¯ersto passcontextual informa-

tion to each other. Using classi¯ersthat have maximized in the correct position, we

can guessmore likely positions for classi¯ers that were wrong. Sincewe don't know
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which classi¯erswerecorrect a priori, we proposethe following algorithm to improve

the accuracyof the constellations.

First we collect the constellation,or the setof maxima from the result images,but

globally instead of individually for each window. One constellation is determinedfor

the entire image. As a sidenote, it is possibleto collect a new constellation for every

58£ 58 window, but the biasingalgorithm we will describe becomescomputationally

complex (slow) and doesn't seemaid performance. In an imagecontaining multiple

faces,it might be a bad idea to collect a single constellation for the entire image.

In order for the biasing step to work it is necessarythat the part examplesare all

coming from the sameface. An overlapping window technique (where the image is

fragmented into sectionswhich include at most one face) can be usedto allow this

type of biasing step in imageswith more than one face.

Once the global constellation has beendetermined, for every classi¯er i , and for

every other classi¯er j 6= i , we multiply every position in the result imageof j by a

valuerepresentativ e of how likely j is to maximizeat that location, given the location

of i . These representativ e values are drawn from a histogram of pairwise position

statistics. That is to say, given the position of classi¯er i , we changethe result of

classi¯er j to more closelymodel the expectedposition of classi¯er j .

In ¯gure 3-14is illustrated the expectedposition of the right eye, the left eye, and

the mouth giventhe position of the bridgeof the nose.Thesevaluesarecollectedfrom

our 1,323positive arti¯cial training images.Again, becauseour data was sparseand

proneto de¯ned incremental changesin position, weconvolvedthesepairwiseposition

imageswith a small gaussianbump of ¾= 2:5 pixels beforetheir use. Finally, these

histogramswere renormalizedto valuesbetween0 and 1.

When running this greedyoptimization algorithm we would be remissto multiply

any position in the result image by 0, or even values very closeto zero, lest some

classi¯er, perhapsone that maximized in an incorrect position, decimatesthe result

imageof another classi¯er in a perfectly valid position. What is neededis a type of

balancebetweenthe information contained in the result images,and the contextual

information sharedbetweenthe classi¯ers. This is implemented by linearly normal-
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Figure 3-14: Pairwiseposition imagesindicate the expectedposition of the right eye,
the left eye, and the mouth in comparisonto the position of the bridge of the nose.
The inner rectangleis exactly 58£ 58 for comparison.

izing the valuesin the pair-wiseposition imagesto [(®)
1

n ¡ 1 ; 1], wheren is the number

of component classi¯ers,and alpha is in [0; 1]. This way, the most any value in any

result image can be reducedis by a factor of ®, which happens only if the (n ¡ 1)

other classi¯ershad a valueof 0 in their pairwiseposition histogramat this particular

point.

The intuition behind this optimization step is that often, many of the component

classi¯ers will maximize in the correct locations, and the others will be stuck in

global maxima that are far from the correct position. Assumethat classi¯er i is one

such incorrect classi¯er. Using our modelsof pairwiseexpectedpositions, the biasing

areasfrom the set of correct classi¯erswill all convergeat the expected position of

classi¯er i , creating a constructive interferencetype e®ect(see¯gure 3-15). Ideally,

after biasing the position of maximization will be under the expected position of

component i if and only if there was a suitable local maximum at this position. The

dangerbehind this type of optimization is the possibility of constellationsfrom non-

face imagesperforming a type of automatic self assembly and being persuadedinto

constellationsresembling those of faces. While a valid concern,as will be detailed

later in the results section,section4, empirical results show that this either doesnot

happen, or it happensso rarely that it is irrelevant.

The greedy optimization step ¯ts between the generation of the result images,

and the generationof the constellations.Biasing takesthe result imagesasinput and
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producesa new set of result images.Sincethe biasing step inputs result imagesand

outputs result images,it is possibleto chain biasing stepswith interesting e®ects.

Figure 3-15: Illustration of biasingLeft: 11 components have correctly located,while
the right eye, the tip of the nose,and the mouth have incorrectly located. Right: The
bias image for the tip of the noseclassi¯er. Notice that the biasing area from the
11 correct components constructively interfere at the expected position of the nose,
while the two other incorrect classi¯ersweakly in°uence elsewherein the image.

N -Lev el Biasing

Sincethe individual classi¯ersare weak, the global maximum of someclassi¯er i is

very often not at the correct position. Indeed, for imagesthat are not much like

our training images,it is often the 3r d or 4th ranked local maximum that is at the

correct position. As a generalizationof the biasingstep outlined above we present an

algorithm that usesseveral local maxima for biasingthe result images,insteadof just

the global maximum. The values used in the biasing step, the multipliers indexed

from the pairwise position images,are retained from the previousde¯nition.

In brief, we record the N strongest local maxima whosecorresponding windows

of support in the original window do not overlap at all. We then bias as beforefrom

each of these points. The collection of the local maxima is performed in a greedy

iterativ e manner, sequentially recording the global maximum from the result image,

decimating the neighborhood of this maximum, and repeating until N such local

maxima are recorded.
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Figure 3-16: Top: Result imagesfor the bridge of the nose,the nose,and the right
eye. Bottom: The sameresult imagesafter biasing. ® was set to .5.

Abstracting Across Scale

Sofar in the descriptionof this system,we have beenignoring how the systemdetects

facesat multiple scales.As it is de¯ned right now, it will only detect faceswhich are

exactly 58 pixels wide in the original image.

It is possibleto ¯rst re-scalethe input image into an image pyramid (an image

pyramid is a data structure which contains multiple copiesof the same image at

multiple resolutions), and then run the system independently on every level of the

pyramid. While simpleand powerful, this method alsoerasesoneof the advantagesof

a component basedsystem,the abilit y to detect faceswherethe featuresare slightly

out of scalewith each other when comparedto the training images.

That said,most of the systemis carried out in such a manner,onethread for each

level of the pyramid. The only truly complex step is how the N -Level biasing step

handlesmultiple scales.Rather than taking N local maxima from each level of the

pyramid, N local maxima are extracted from the image pyramid as a whole. The

result imagemultiplication step also takesplaceacrossthe scaledimension. When a
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Figure 3-17: Top: Result imagesfor the bridge of the nose,the nose,and the right
eye when run over an image with no face . Bottom: The sameresult imagesafter
biasing. ® was set to .5. Notice that without the constructive interferencee®ectsof
several classi¯ers being in face-like geometric correspondence,the result imagesdo
not changemuch.
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particular local maximum is selectedfor biasing from level 4 in a pyramid, the result

pyramids for the other classi¯ersare biasedat not only level 4, but at corresponding

positions in levels 4 § º where º is an integer adjustable parameter of the biasing

step. The e®ectis that a small right eye can bias a largish nose,etc.

During the constellation step, the result pyramids are handled in a in a scale-

independent manner. The ¯nal output of the system, then, is actually not a result

imagecontaining bright areaswherewindowscontain faces,but a result pyramid with

similar properties.
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Chapter 4

Results

The resultssectionis arrangedasfollows. First wewill report and comparethe results

from di®erent component classi¯erstructuresand training procedures.Secondwewill

discussthe merits of the various constellation classi¯ers. Finally we will illustrate

the performanceof our full face detection system and compareto a few other face

detection systems.

4.1 Comp onent Classi¯ers

In order to build a robust system, it seemsintuitiv e that we should want the com-

ponent classi¯ersto be as accurateas possible. Independent of the biasing and con-

stellation classi¯cation step, more discrimiating component classi¯ersshould lead to

uniform systemimprovement.

It wasdecided,then, to construct test setsfor the individual classi¯ersby extract-

ing components from more arti¯cial data. Thesenew head models, of which there

were 1,536imagesincluding the mirrors, were under slightly more di±cult anglesof

rotation and more intenselighting conditions than the training data. The exact same

extraction processwas usedto extract this data as was usedto extract the training

data for the component classi¯ers. Negative test exampleswereextracted asrandom

crops from imageswhich contained no face images. A secondset of negative test

exampleswere also drawn in a way similar to the creation of facial non-component
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training set above.

It hasbeennoted that acquiring moredata to test sub-unitsof our systemis much

like assimilating additional training data. Perhaps to set a portion of our training

data asideto test the component classi¯ersthat would have beena more acceptable

solution. I would arguethat this situation is more like testing separatearchitectures

than tuning model parameters.

For each component, two separateclassi¯erswere tested. Each was trained with

the SVM algorithm describedabove,onetrained with the facial non-component train-

ing set (B), and the other with the non-facialnon-component training set (C). Both of

theseclassi¯ersweretested on both test sets. 4 separateROC curvesweregenerated

for each component, and are illustrated in ¯gure 4-1 and 4-2.

It is expected that the classi¯er trained with facial negativeswill outperform its

counterpart on the test setwith facial negatives,and vice versa. In ¯gures 4-1and 4-2

however, wedo not seeany evidenceto support this trend. Insteadit appearsthat the

classi¯erstrained with facial non-components are slightly worsethan thosewithout,

but for the most part about on par. This di®erencein performancecan be attributed

either to more variabilit y in the negative data stemming from patterns outside of

the face,or simply the larger number of data points in that set (10,584vs. 13,654).

We will seelater, however, that even though the facial negative component classi¯ers

perform morepoorly by themselves,they lead to a more robust faceclassi¯er overall.

Before moving away from the component classi¯erswe should elaborate one key

point learned while conducting these tests. The component classi¯ers are weak in-

dividually and prone to false detections, especially within the face boundary. For

instance,eyebrows look like mouths, nostrils look like eyes,and the cornerof the nos-

tril looks like the corner of the eye. Thesetypesof confusingpatterns are present in

nearly every faceexample.Component classi¯erswhich do not includefacial negatives

in their training setsare more likely to repeatedly make such mistakes.

In addition to SVM type component classi¯ers,Mahalanobisclassi¯erswere also

trained. Little attention has beengiven to them in this paper becauseof their poor

performance. It can be seenin ¯gure 4-3 that the SVM systemsoutperformed the
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Figure 4-1: ROC curves from 14 Component classi¯ers tested individually on com-
ponent versusnon-facial non-component data. The components are in order, with
component 0 on the top left, and component 3 in the top right. The solid line is the
curve from the classi¯er trained with facial negative examples.The dotted line is the
curve from the classi¯er trained with non-facial negative examples.
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Figure 4-2: ROC curvesfrom 14 Component classi¯erstested individually on compo-
nent versusfacial non-component data. The components arein order,with component
0 on the top left, and component 3 in the top right. The solid line is the curve from
the classi¯er trained with facial negative examples.The dotted line is the curve from
the classi¯er trained with non-facial negative examples.
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slower Mahalanobistype classi¯er.
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Figure 4-3: ROC curves from 14 Component classi¯ers tested individually on com-
ponent versusfacial non-component data. The components are in order, with com-
ponent 0 on the top left, and component 3 in the top right. The dotted line is the
curve from the classi¯er trained with non-facial negative examples.The solid line is
the curve from the Mahalanobisclassi¯er. Except for components 9 and 11, the SVM
outperformedthe Mahalanobisclassi¯er.

4.2 Face Detection

Although the systemwas trained on arti¯cial data, it was decidedthat for facede-

tection it shouldbe testedon real imagesof faces.The positive test data weredrawn

from the CMU PIE databaseavailable at [17]. In order to save time computationally,

the headswerecropped out by hand beforetesting. The CMU PIE databaseincludes

pictures of facesin the pro¯le as well as frontal and at rotations in between. After
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removing from the data all headsat rotations out of the plane more than 30 degrees,

we wereleft with a positive test set of 1,834images,examplesof which are illustrated

in ¯gure 4-4.

Figure 4-4: 5 exampleimagesfrom our positive test set,extracted from the CMU PIE
database. The full sizeimagesare all between200 and 300 pixels wide and roughly
square

The negative test data, like the negative training data, wereextracted from images

containing no faces. This data was also bootstrapped out of the image set using a

simple faceclassi¯er and choosing exampleswhich look like faces,in order to make

the test di±cult. The classi¯er used to extract these test exampleswas not the

sameclassi¯er usedto extract the di±cult training examples.In total, 8,848images

comprisedthe negative test set.

When each imageis passedthrough the facedetection systemoutlined in section

3, we are left with a corresponding result pyramid. This pyramid should contain

strong valuesat locationscorresponding to subwindows that look, to the system,like

faces.For each imagein the test data, we recordedonly the strongestresponsein the

result pyramid, and usedthis to build an ROC curve.

The ROC curve in ¯gure 4-5 is the curve gleanedfrom running our systemusing

the component classi¯erstrained with negative examplesdrawn from the rest of the

face. The imageswere tested for facesat every scalefrom 60£ 60 to 110£ 110 in 11

geometric increments. Biasing was performed using 5 local maxima per component

and then again onceglobally . The dashedline below, for comparison,is the result

from a linear kernelSVM trained on the full 58£ 58 facial extractions from the exact

sametraining data.

In ¯gure 4-6 we again seethe same solid curve. The dashed line is now the

exact samesystemasabove, with the component classi¯ersreplacedwith component
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Figure 4-5: ROC curve illustrating comparative performancebetweena 58£ 58 linear
kernelSVM (dashedline) and the full 14component systemwith 5 level biasing(solid
line)

classi¯erstrained on non-facial negatives. The two systemsare about on par in this

performancemeasure,however, in the graph on the right, it can be seenthat in the

region of interest, the classi¯er with the facial negative trained component classi¯ers

is outperforming its peerby about 5%to 10%. The facedetectorperformsbetter with

the facial non-component trained component classi¯ers,which individually performed

worse.
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Figure 4-6: Left: ROC curve illustrating comparative performancebetween the 14
component system using facial negatives in the training set (solid line) and using
non-facial negatives in the training set (dashed line). Right: Rescaledview of the
graph on the left

In ¯gure 4-7 are ROC curves for three systemswhich di®er only in the biasing
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step. The solid curve near the bottom is from a systemwhich is using no biasing at

all; the results from the component classi¯ersaredirectly converted into constellation

maps, which are then classi¯ed by our position histogram basedconstellation clas-

si¯er. Performanceis increasedgreatly (as much as 50%) by using a 5-level biasing

routine on the result imagesbeforecollecting the constellations.Earlier a suggestion

was madethat biasing stepscan be chained together. The systemwhich genereated

the dotted curve uses¯rst a 5-level biasing step and seconda 1-level biasing step

before the constellationsare created. The reduction in performanceis perhapsdue

to forcing the negative examplesinto constellationswhich look like they camefrom

faces.
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Figure 4-7: Left: ROC curve illustrating comparative performancebetween three
systemswhich di®er only in the biasing step. These systemswere built which all
included the facial negative component classi¯ers,and the histogram basedconstel-
lation classi¯er. 5 level biasing dashed line, 5 level biasing followed by 1 level biasing
dotted line, and no biasing solid line were all tested. Right: Zoomed in view of the
region between0 and 6% of falsedetections.

Figure 4-8 illustrates the results from a direct comparisonof systemswhich di®er

only in the constellationclassi¯er. This ¯gure showsperformanceon the test described

above for 4 di®erent facedetection systems,each of which usethe samecomponent

classi¯ers,biasing scheme,and scaling. In order to save time, only every third image

in the negative test set wasused,leaving the same1,834positive test points, but only

2,949negative test images.The dashedcurveat the top wascreatedby a systemusing

the position histogram constellation classi¯er. Moving downward in performance,
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the solid curve underneath was created by recording the sum of the values in the

constellationwhich performedbest in the histogram measure.This meansthat every

constellation from the input imagewas judged by the histogram measure.The sum

of the valuesin this constellation was recordedinstead of the value returned by the

histogram classi¯er. The systemwhich created the dotted line recordedthe sum of

valuesfrom the constellation with the largest sum of values. Finally, the solid curve

at the bottom was created by training a seconddegreepolynomial kernel SVM on

the constellationscreatedby running the component classi¯ersback over the training

data. The unexpectedly weak performancefrom this classi¯er might be due to the

limited training data usedto collect the constellations.
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Figure 4-8: Left: ROC curvesillustrating comparative performancebetweenthe sys-
tems which di®er only in the constellation classi¯er. 4 systemswere built, each of
which included the facial negative component classi¯ers,and 5-level biasing. Dashed
line: maximum valuereturned by position histogrammeasure.Solid line at top: sum
of valuesof constellationwhich performedbest in position histogrammeasure.Dotted
line: maximum valueof sum of values. Solid line at bottom maximum value returned
by polynomial kernel SVM. Right: Zoomedin view of the region between0 and 10%
of falsedetections.
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Chapter 5

Application: Eye Detection

As an illustration of the classi¯er training and biasing techniquesdescribed above, it

wasdecidedto apply the technology to the domain of eye detection. The goal of this

project was to construct an algorithm such that when input an image of a face the

systemwould pinpoint the location of the center of the eyes,as in ¯gure 5-1.

Figure 5-1: Left: YesRight: No.

5.1 Arc hitecture

The eye detection systemwasbuilt using the component basedfacedetection system

described above in section 3. Five level biasing was usedas described, as were the

facial-negative trained component classi¯ers. The only major di®erencebetweenthe

eye detection system and the face detection system was the parameter balancing

between the strength of the pairwise position model and the strength of the result

images. For the eye-detectionsystem, the strength of the biasing was turned up to
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90% from 50%. This designchoice was made becausewe are no longer concerned

about the possibility of contorting the constellation found in a non-faceobject into

a constellation more like a face. Increasing the strength of the model also causes

somefailures in imageswith in-plane rotations (see¯gure 5-2). The model expects

the eye positions to be roughly in horizontal alignment, and will push them to be so

even if the imagedoesnot warrant it. All input imageswere scannedat resolutions

from 80 pixels wide to 150 pixels wide, while maintaining an aspect ratio consistent

with the input. The system only outputs the position of the left and right eye, in

pixel coordinates,alongwith a measureof con¯dencedrawn from the distanceto the

hyperplanein both eye component classi¯ers.

Figure 5-2: In plane rotation of the imageleadsto incorrect eye detection due to the
model of expectedpairwisepositionsexpecting near-horizontal alignment of the eyes.

In order to bench-mark the system, it was necessaryto construct another, more

simple eye detection schemeto compareagainst. Two such benchmarking systems

were built. The ¯rst system was basedon a convolution model for eye detection

described in [6]. The systemran two classi¯ers,onefor the left and right eye. It then

extracted a list of the ten best local maxima acrossthe scalespace.Theselists were

then checked pairwise for good matchesusing the pairwise position statistics drawn

from our arti¯cial training data. Each pair was given a rating basedon both the

ordinal position of each position in the maxima list, and how well the pair matched

the pairwise position heuristic. The pair with the best rating was output by the

systemas the position of the eyes.

The secondbenchmark system started by searching the image for the position
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of the face. This was done by searching the image with a 19£ 19 polynomial face

classi¯er trained on real imagesof frontal faces,as described in [7]. Once the best

exampleof the face was found, a window around the expected position of the eyes

wassearched for the best exampleof the eyes. This pair of positionswasreported by

the systemas the correct position of the eyes.

5.2 Performance

It was decidedto usea subsetof the labelled CMU PIE database[17], removing all

headsturned more than 30 degreesout of the plane, leaving a total of 476 images.

After correcting a very small number of mislabelled images, we benchmarked the

systemby recordingthe di®erencebetweenwherethe three systemsmarked the eyes,

and where the human-de¯ned ground truth was. The scatter plots in ¯gure 5-3

illustrate this error. The center of these400£ 400imagesis the ground truth position

of the eye. The darker a pixel is in any of these images, the more commonly the

systemfound an eye there. Granularit y of the scatter plots of the left eye is due to

the search taking place at a resolution lower than the full resolution of the image;

sincethe test imageswerecropped in a mannersuch that the left eye wasvery often

at position (100; 100), certain errorsbecamevery likely in comparisonto others. The

right eye imagesdo not have this granularit y due to the more random location of the

ground truth within the test images.

In ¯gure 5-4 are listed the standard deviations of the euclidian distancesof the

errors. We seethat the 14 component classi¯er is on averagetwice as closeto the

expectedposition of the eye as the classi¯er which searches¯rst for the face. Both of

theseclassi¯ersout perform the systemwhich only searchesfor the eyesand chooses

examplesbasedon the geometricalconstraint.

Although it might seemobvious, it is worth mentioning that the eye ¯nder archi-

tecture is mademore robust by searching for objects we normally ¯nd near the eye.

As we add or remove component classi¯ersfor the nose,mouth, etc. we can strike a

balancebetweenthe desiredaccuracyand the required speedof the system.
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Figure 5-3: Top: Error scatter plots for the left and right eye for the 2 component
with geometricconstraint eye-detector. Middle: Error scatter plots for the left and
right eye for eyedetectionsystemwhich ¯nds the full face¯rst. Bottom: Error scatter
plots for the left and right eye for the 14 component eye detection system.

Left Right
Convolution and Constraint System 57.8 70.0

19£ 19 FaceDetecting System 27.0 27.6
14 Component Systemwith 5 Level Biasing 11.6 16.9

Figure 5-4: Table of standard deviation of error in euclidian pixel distance for each
eye detector. The meanof each detector's error was near 0.
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Chapter 6

Conclusions

While working with the component basedfacedetection systemin [8] we found that

often component classi¯ers would maximize in the incorrect locations. By training

component classi¯ers using negative examplesdrawn from the rest of the face, we

were able to lessenthe occurrenceof such mistakes, and thereby make the system

more robust. While thesecomponent classi¯ersperformedmore poorly individually,

both on tests involving discriminating component from non-facial non-components

and tests involving facial non-components, they led to signi¯cant improvements in

the full system. This is probably due to the facial non-component negative training

data teaching the component classi¯ersnot to make very commonerrors within the

faceitself.

Often when ¯nding the best examplesof the components in an image of a face,

several of the components would classify in the correct positions while others would

maximize elsewhere.This led to the idea of contextual information sharing, where

classi¯erswould report their position to each other in order to ¯nd a set of positions

which more closelymatch the geometrical relationships we expect from a face. We

described two di®erent techniquesof using the pairwise position statistics for every

pair of components as an implementation of such an idea. It was shown that us-

ing the pairwise position statistics to bias the result imagesbefore calculating the

constellationsled to much improved facedetection.

Finally we outlined the implementation of a robust eye detection schemewhich
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usedall 14 component classi¯ers in an attempt to both locate the face in an image,

and pinpoint the center of the eye. It was shown that by using the the remainderof

the face in a component basedmanner we were able to more accurately locate the

center of the eye.
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Chapter 7

Future Work

Several minor improvements are proposedthat may aid systemperformance. First

we would like to add a measureof con¯denceto modulate the strength of the biasing

scheme.This typeof architecture would enableclassi¯ersthat aremoretheir con¯dent

in their position to more strongly in°uence the system.

It is the interest of the author to try and construct component basedcomponent

classi¯ers. I believe that we will not be able to accurately locate positions within

the components, such as the center of the eye, until the system is able to di®eren-

tiate between the eyebrow, eyelid, pupil, white, and iris of the eye. I believe that

component basedcomponent classi¯ers,using primitiv essuch as shape, texture, and

edgefeatures,would enablethe systemto achieve levels of accuracyand robustness

impossiblewith the current architecture.

While it is possiblethat wemight beableto signi¯cantly improve the facedetector

module described in this paper by increasingthe size and variation of the training

data, or by adjusting systemparameters,it is the author's opinion that we will not

be able to approach human levelsof accuracyand tolerancewithout both an increase

in internal complexity of the facedetector architecture, and in the complexity of the

architecture running the detector. What is meant by this is that given an image,

which might not contain any faces,it is a simple matter to search textured regions

and crop out areaswhich are very di±cult to di®erentiate from faces. Without the

contextual information gleanedfrom knowing that an image patch camefrom right
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above a human body, asopposedto somewherein the sky or in the texture of a rock,

it might not be possibleto di®erentiate a pattern asfaceor non faceat the resolution

available.
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