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Abstract

Object detection is a fundamental problem in computer vision. For such applicaionsage
indexing, simply knowing the presence or absence of an object is useful. Detectiacesf fn
particular, is a critical part of face recognition and, and critical fotesys which interact with
users visually.

Techniques for addressing the object detection problem include those matching a two- and
three-dimensional geometric models to images, and those using a collectioo-dinhensional
images of the object for matching. This dissertation will show that the hait@r-based approach
can be effectively implemented using artificial neural networks, atigwhe detection of upright,
tilted, and non-frontal faces in cluttered images. In developing a viewdbalsiect detector us-
ing machine learning, three main subproblems arise. First, images of ohjebtas faces vary
considerably with lighting, occlusion, pose, facial expression, and identity. \Wbssible, the
detection algorithm should explicitly compensate for these sources of variggomg as little as
possible unmodelled variation to be learned. Second, one or more neural networks maisicoke t
to deal with all remaining variation in distinguishing objects from non-objebisrd, the outputs
from multiple detectors must be combined into a single decision about the presemcepéet.

This thesis introduces some solutions to these subproblems for the face detection. doma
neural network first estimates the orientation of any potential face. Thgans then rotated to an
upright orientation and preprocessed to improve contrast, reducing its Viyidext, the image
is fed to a frontal, half profile, or full profile face detection network. Supexisaining of these
networks requires examples of faces and nonfaces. Face examples are gdryeaatedhatically
aligning labelled face images to one another. Nonfaces are collected byhanlearning algo-
rithm, which adds false detections into the training set as training progresdatration between
multiple networks and heuristics, such as the fact that faces rarellapvarimages, improve the
accuracy. Use of fast candidate face selection, skin color detection, angectiatection allows
the upright and tilted detectors to run fast enough for interactive demonstradiotiee cost of
slightly lower detection rates.

The system has been evaluated on several large sets of grayscale tgest, imaich contain
faces of different orientations against cluttered backgrounds. On their riespexdt sets, the



upright frontal detector finds 86.0% of 507 faces, the tilted frontal detector finds 85.7% of 223
faces, and the non-frontal detector finds 56.2% of 96 faces. The differing deteatigsnreflect

the relative difficulty of these problems. Comparisons with several othes-sf-the-art upright
frontal face detection systems will be presented, showing that our systerorhpamble accuracy.

The system has been used successfully in the Informedia video indexing andhtelystem, the
Minerva robotic museum tour-guide, the WebSeer image search engine for the WW\ieand
Magic Morphin’ Mirror interactive video system.
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Chapter 1
Introduction

The goal of my thesis is to show that the face detection problem can be solvadnglyi and
accurately using a view-based approach implemented with artificial Ineetk@orks. Specifically,

| will demonstrate how to detect upright, tilted, and non-frontal faces inerlett grayscale images,
using multiple neural networks whose outputs are arbitrated to give the final output.

Object detection is an important and fundamental problem in computer vision, aechther
been many attempts to address it. The techniques which have been appliedocaadbe clas-
sified into one of two approaches: matching two- or three-dimensional geometridsmodle-
ages[Seutenst al, 1992, Chin and Dyer, 1986, Besl and Jain, 1985 matching view-specific
image-based models to images. Previous work has shown that view-based mathefisatively
detect upright frontal faces and eyes in cluttered backgro[@udisg, 1996, Vaillanet al, 1994,
Burel and Carel, 1994 This thesis implements the view-based approach to object using neural
networks, and evaluates this approach in the face detection domain.

In developing a view-based object detector that uses machine learning, thresulgioblems
arise. First, images of objects such as faces vary considerably, dependigbtmy, occlusion,
pose, facial expression, and identity. The detection algorithm should exptieywith as many
of these sources of variation as possible, leaving little unmodelled \ariatibe learned. Second,
one or more neural-networks must be trained to deal with all remaining \ariatdistinguishing
objects from non-objects. Third, the outputs from multiple detectors must be combied int
single decision about the presence of an object.

The problems of object detection and object recognition are closely related. Act obgog-
nition system can be built out of a set of object detectors, each of which deteetsbject of
interest. Similarly, an object detector can be built out of an object regograystem; this object
recognizer would either need to be able to distinguish the desired object frothellobjects that
might appear in its context, or have anknown objectlass. Thus the two problems are in a sense
identical, although in practice most object recognition systems are raredygl to deal with arbi-

1
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trary backgrounds, and object detection systems are rarely trained on aestffaviety of objects
to build an interesting recognition system. The different focuses of thesespmsiéad to different
representations and algorithms.

Often, face recognition systems work by first applying a face detector teeltivatface, then
applying a separate recognition algorithm to identify the face. Other objeatjmémn system
sometimes use the hypothesize and verify technique, in which they first geadrgp@thesis of
which object is present (recognition), then use a more precise algorithm fg wérether that
object is actually present (detection).

The work in this thesis concentrates on the face detection problem, but incep@adgnition
techniques to deal with the changes in the pose of the face, using the hypothesizeifgnd ver
technique.

1.1 Challenges in Face Detection

Object detection is the problem of determining whether or not a sub-window of an imygbe
to the set of images of an object of interest. Thus, anything that increasesntipegity of the
decision boundary for the set of images of the object will increase the difficultyeoptoblem,
and possibly increase the number of errors the detector will make.

Suppose we want to detect faces that are tilted in the image plane, in additipright faces.
Adding tilted faces into the set of images we want to detect increase®tbevariability, and
may increase the complexity of the boundary of the set. Such complexity makes thtodete
problem harder. Note that it is possible that adding new images to the set of imabesobiect
will make the decision boundary becomes simpler and easier to learn. One wagdime this
happening is that the decision boundary is smoothed by adding more images into the satetiow
the conservative assumption is that increasing the variability of the iletake the decision
boundary more complex, and thus make the detection problem harder.

There are many sources of variability in the object detection problem, acdisply in the
problem of face detection. These sources are outlined below.

Variation in the Image Plane: The simplest type of variability of images of a face can be ex-
pressed independently of the face itself, by rotating, translating, scalingnerating its
image. Also included in this category are changes in the overall brightnessaindst of the
image, and occlusion by other objects. Examples of such variations are shoignrie E.1.

Pose Variation: Some aspects of the pose of a face are included in image plane variations, such
as rotation and translation. Rotations of the face that are not in the image plamaee
a larger impact on its appearance. Another source of variation is the distatioe faice
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Figure 1.1: Examples of how face images between poses and betweerediffedividuals.

from the camera, changes in which can result in perspective distortion. fesuof such
variations are shown in Figure 1.1.

Lighting and Texture Variation: Up to now, | have described variations due to the position and
orientation of the object with respect to the camera. Now we come tdiearizaused by the
object and its environment, specifically the object’s surface propertieharidjht sources.
Changes in the light source in particular can radically change a face’s appeaExamples
of such variations are shown in Figure 1.2.

Figure 1.2: Examples of how images of faces change under extreme lggbtinditions.

Background Variation: In his thesis, Sung suggested that with current pattern recognition tech-
niques, the view-based approach to object detection is only applicable for objgickave
“highly predictable image boundariegSung, 1996 When an object has a predictable
shape, it is possible to extract a window which contains only pixels within theplajed to
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ignore the background. However, for profile faces, the border of the face itself msdbkie
important feature, and its shape varies from person to person. Thus the boundary & not pr
dictable, so the background cannot be simply masked off and ignored. A variety oédtffer
backgrounds can be seen in the example images of Figures 1.1 and 1.2.

Shape Variation: A final source of variation is the shape of the object itself. For faces, this type

of variation includes facial expressions, whether the mouth and eyes are opeseat, @nd
the shape of the individual’s face, as shown in some of the examples of Figure 1.1.

The next section will describe my approach to the face detection problem, andshoeach

of the above sources of variation can be addressed.

1.2 A View-Based Approach using Neural Networks

The face detection systems in this thesis work are based on four main steps:

1. Localization and Pose Estimation: Use of a machine learning approach, specifically an

artificial neural network, requires training examples. To reduce the amountiabiiy in
the positive training images, they are aligned with one another to minimizaeatiegion in
the positions of various facial features.

At runtime, we do not know the precise facial feature locations, and so we carethtemns

to locate potential face candidates. Instead, we use exhaustive seartdcatien and scale
to find all candidate locations. Improvements over this exhaustive sealtdiewdescribed
that yield faster algorithms, at the expense of a 10% to 30% penalty in the detedgen

It is at this stage rotations of the face, both in- and out-of-plane, are handled. Al neur
network analyzes the potential face region, and determines the pose of the facallos

the face to be rotated to an upright position (in-plane) and selects the apprajeiattor
network for the particular out-of-plane orientation.

. Preprocessing: To further reduce variation caused by lighting or camera differences, the
images are preprocessed with standard algorithms such as histogram ¢iguabhzaanprove

the overall brightness and contrast in the images. | also examine the possiblighting
compensation algorithms that use knowledge of the structure of faces to perforingight
correction.

. Detection: The potential faces which are already normalized in position, pose, and lighting
in the first two steps are examined to determine whether they are rae#lg.f This decision
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4. Arbitration:

5

is made by neural networks trained with many face and nonface example imagestafe
handles all sources of variation in face images not accounted for the in the préwvmus
steps. Separate networks are trained for frontal, partial profile, and &dilepfaces.

In addition to using three separate detector, one for each class of poses of the

face, multiple networks are also used within each pose. Each netwaonk lgfierent things
from the training data, and makes different mistakes. Their decisions camii@red using
some simple heuristics, resulting in reinforcement of correct facetitmis@nd suppression
of false alarms. The thesis will present results for using one, two, andribte®rks within
an individual pose.

section. These steps are illustrated schematically by Figure 1.3.

Nonface Face
Examples Examples
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Together these steps attempt to account for the sources of variability delsoribe previous
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Figure 1.3: Schematic diagram of the main steps of the face detectiomnitigs developed

in this thesis.
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1.3 Evaluation

This thesis provides a rigorous analysis of the accuracy of the algorithms developadnier
of test sets were used, with images collected from a variety of sounchsding the World Wide
Web, scanned photographs and newspaper clippings, and digitized video images.

Each test set is designed to test one aspect of the algorithm, including thetaliietect faces
in cluttered backgrounds, the ability to detect a wide variety of faces ddrdift people, and the
detection of faces of different poses. An overview of the results is givéabfe 1.4. We will see
that the upright detector is able to detect 86.0% of faces on a test set containithg upoght
faces, while the tilted face detector has comparable detection ratd¢k. oBthese systems have
fairly low false alarm rates. The detection rate for the non-frontalaietes significantly lower,
reflecting the relative difficulty of these problems. Comparisons withraéegher state-of-the-art
face upright frontal detection systems will be presented, showing that our slgatkecomparable
performance in terms of detection and false-positive rates in this eirdpimain. Although there
are a few other detectors designed to handle tilted or non-frontal faces, tleegdtdeen evaluated
on large public datasets, so performance comparisons are not possible.

Table 1.4: Overview of the results from the systems described in trasith

Detection  False
System Test Set Rate Alarms
Upright Detector (Chapter 3) Upright Test Se130 images, 507 upright faces) 86.0% 31
Tilted Detector (Chapter 4) Tilted Test Setb0 images, 223 frontal faces) 85.7% 15
Non-Frontal Detector (Chapter 5)Non-Frontal Test S€63 images, 96 faces) 56.2% 118

The test sets which contain publically available images have been pladée dvorld Wide
Web athttp://www.cs.cmu.edu/ har/faces.html as references for the development
and evaluation of future face detection techniques.

1.4 Outline of the Dissertation

The remainder of the dissertation is organized as follows.

Chapter 2 will discuss some basic methods for normalizing images of potental i@fore
they are passed to a detector. These techniques include simple image pramessatigns, such as
histogram equalization and linear brightness normalization, as well some ldgesemsed meth-
ods for correcting the overall lighting of a face. An important section of thegppter describes
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how to align example face images with one another; this method, along with thepesping
algorithms, is used throughout the rest of the dissertation.

Chapter 3 describes the first face detection system of the thesis, whiohitexllto upright,
frontal faces. The system uses two neural networks trained on example fecaesra#aces. To
simplify training, the training algorithm for these networks selects nonfacmebes from images
of scenery, instead of using a hand-picked set of representative nonfaces. The Gotpuhe
networks are arbitrated using some simple heuristics to produce the finabreba# system is
evaluated over several large test sets.

Chapter 4 presents some extensions to this algorithm for the detection of éttes| fthat is
faces which are rotated in the image plane. The main change needed is in theoirpatization
stage of the algorithm, where not only is the contrast normalized, but also theatinaentThis
is accomplished by a neural network which estimates the orientation of potewts, allowing
them to be rotated to an upright orientation. The resulting system is evalmatethe same test
sets as the upright detector, as well as a new test set specificallyddrftces.

Chapter 5 further extends the face detection domain to include non-frontal fasesn@ortant
subproblem is aligning faces in three dimensions, whereas the previous chapterseashtywoe
dimensional alignment. Also, the detection problem is distributed among sev@naspecific
networks, rather than lumping the entire set of face examples into a singte @dtbhough the
results are not as accurate as those of the upright and tilted face detdwpra;e promising and
may be good enough for applications requiring the detection of non-frontal faces.

Chapter 6 examines some techniques for speeding up the face detection algoritiess. T
include using a fast but inaccurate candidate selection network along witskiascolor and
motion detection algorithms to prune out uninteresting portions of the image.

Chapter 7 describes some applications in which the upright frontal face detestoibde
in Chapter 3 (incorporating the speed-up techniques from Chapter 6 has been used lbg-other
searchers, ranging image and video indexing systems to systems that inidrgeaple.

Chapter 8 describes related work in the face and object detection domainmesedts com-
parisons of the accuracy of the algorithms when they have been applied to theesarats.

Chapter 9 summarizes the contributions of the thesis and points out directions fenfit.
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Chapter 2

Data Preparation

2.1 Introduction

This thesis will utilize a view-based approach to face detection, andugala statistical model
(an artificial neural network) to represent each view. A view-baseddatector must determine
whether or not a given sub-window of an image belongs to the set of images of faciedil\gar
in the images of the face may increase the complexity of the decision boundargmgulsh faces
from nonfaces, making the detection task more difficult. This section presehtiques to reduce
the amount of variability in face images.

Section 2.2 begins with a brief description of the training images that welected for this
work. Section 2.3 describes how faces are aligned with one another; thisgewemation in the
two dimensional position, scale, and orientation of the face. It also giveydaonspecify the loca-
tion at which the detector should find a face in a test image. Section 2.4lssshow to separate
the foreground face from the background in a set of images called the FERET ddfabiiges
et al, 1996, Phillipset al, 1997, Phillipset al, 1994, which we used for training and testing
various parts of our system. Section 2.5 describes how to preprocess the imag@eve some
differences in facial appearance due to poor lighting or contrast.

The techniques presented in this chapter are quite general. Later chaptetsirpspecific
face detectors which use these tools will require small changes for theyterapplication in that
chapter.

2.2 Training Face Images

Before describing how the training images are processed, | will firstigt sources. They come
from three large databases:
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CMU Face Files Many students, faculty, and staff in the School of Computer Science at Carnegie
Mellon University have digital images online. These images were acquiiad asstan-
dard camcorder, either recording onto video tape for later digitization, ordgjtdirectly
from the camera. Face images from the Vision and Autonomous Systems Cergevlwer
tained from this WWW pagehttp://www.ius.cs.cmu.edu/cgi-bin/vface .
Face images from the Computer Science department are typically availaivigoérsonal
homepages:http://www.cs.cmu.edu/scs/directory/index.htmi . A few

examples are shown in Figure 2.1. Since this time, better quality face sragéhe de-
partment have been made availablatib://sulfuric.graphics.cs.cmu.edu/
“photos/

Figure 2.1: Example CMU face files.

Harvard Images Dr. Woodward Yang at Harvard University provided a set of over 400 mug-shot
images which are part of the training set. These are high quality gray-scatges with
a resolution of approximately 640 by 480 pixels, originally collected for facegeition
research. Parts of this database were used as the “high-quality” test im&g§esg, 1996
The images are similar to the ones shown in Figure 2.2.

e o ey

Figure 2.2: Images representative of the size and quality of the imageke Harvard
mugshot database (the actual images cannot be shown heméveary reasons).

Picons Face FilesAnother set of face images was collected from the Picons database avaiiable
the WWW athttp://www.cs.indiana.edu/picons/ftp/index.html . This
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database consists of smalli(x 48 pixel) images with 16 gray levels or colors, collected
at Usenix conferences. A few examples are shown in Figure 2.3. The databagewas
significantly in size since | made a local copy for training; it now containsraétieousand
images which may be appropriate for training.

A Lo

Figure 2.3: Example Picons face files.

2.3 Facial Feature Labelling and Alignment

The first step in reducing the amount of variation between images of faceslgh the faces
with one another. This alignment should reduce the variation in the two-dimensiortabmpos
orientation, and scale of the faces. ldeally, the alignment would be computedydfrem the
images, using image registration techniques. This would give the most compeetapmages
of faces. However, the image intensities of faces can differ quite dreatig, which would make
some faces hard to align with each other, but we want every face todreedlivith every other
face.

The solution used for this thesis is manual labelling of the face examples. €lofase, a
number of feature points are labelled, depending on the three-dimensional pose of theshead, a
listed in Figure 2.4.

The next step is to use this information to align the faces with one anothst;, @ must define
what is meant by alignment between two sets of feature points. We define itrasatien, scaling,
and translation which minimizes the sum of squared distances between paosesgponding
features. In two dimensions, such a coordinate transformation can berwinttbe following

form:
x [ scosf —ssinf T N te \ _[a bt
y |\ ssinf  scosd y t, ] \b at

NS
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Frontal Half Right Profile Full Right Profile

Figure 2.4: Features points manually labelled on the face, dependingherthree-
dimensional pose of the face. The left profile views are msrad the right profiles.

If we have several corresponding sets of coordinates, this can be furtheteawas follows:

1 —yp 10 x}
a /

yioxr 01 b U1

9 —y2 1 0 = |
12

Y2 x2 0 1 yé
ty .

When there are two or more pairs of distinct feature points, this system of Bageations can be
solved by the pseudo-inverse method. Renaming the matrix on the left hand sigdéhassector
of variables(a, b, t,, t,)” as'T, and the right hand side &, the pseudo-inverse solution to these
equations is:

T = (ATA)71(ATB)

The pseudo-inverse solution yields the transformafibmwhich minimizes the sum of squared
differences between the sets of coordinateg, and the transformed versionsaf y;, which was
our goal initially.

Now that we have seen how to align two sets of labelled feature pointsawencove on to
aligning sets of feature points. The procedure is described in Figure 2.5.

Empirically, this algorithm converges within five iterations, yieldingéarch face the transfor-
mation which maps it to close to a standard position, and aligned with all llee fatces. Once the
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1. Initialize F, a vector which will be the average positions of each labelled
feature over all the faces, with some initial feature locations. lrctse of
aligning frontal faces, these features might be the desired positions of the two
eyes in the input window. For faces of another pose, these positions might be
derived from a 3D model of an average head.

2. For each face, use the alignment procedure to compute the best rotation,
translation, and scaling to align the face’s featdfewith the average feature
locationsF'. Call the aligned feature locatioi.

3. UpdateF by averaging the aligned feature locatidrisfor each face.

4. The feature coordinates in are rotated, translated, and scaled (using the
alignment procedure described earlier) to best match some standardized co-
ordinates. These standard coordinates are the ones used as initial values used
for F.

5. Gotostep 2.
Figure 2.5: Algorithm for aligning manually labelled face images.

parameters needed to align the faces are known, the image can be resanmgjdilingar inter-

polation to produce an cropped and aligned image. The averages and distributionteatiihe
locations for frontal faces are shown in Figure 2.6, and examples of images ¥ediden aligned
using this technique are shown in Figure 2.7.

Figure 2.6: Left: Average of upright face examples. Right: Positionsaeérage facial
feature locations (white circles), and the distributiortteé actual feature locations (after
alignment) from all the examples (black dots).

In training a detector, obtaining a sufficient number of examples is an importaneproine
commonly used technique is that of virtual views, in which new example imagesaated from
real images. In my work, this has taken the form of randomly rotating, tramgladind scaling
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Figure 2.7: Example upright frontal face images aligned to one another.

example images by small amountfPomerleau, 1992made extensive use of this approach in
training a neural network for autonomous driving. The network learns from watching an-expe
enced driver staying on the road, but needs examples of what to do should the vahittelsave
the road. Examples for this latter case are generated synthetically.

S T e o
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Figure 2.8: Example upright frontal face images, randomly mirroredated, translated,
and scaled by small amounts.

Once the faces are aligned to have a known size, position, and orientation, dch@taoh
variation in the training data can be controlled. The detector to be made massarobust to
particular variations in a desired degree. Some example images in whdbimsamounts rotation
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(up to10°), random translations of up to half a pixel, and random scalings w@%oare shown in
Figure 2.8.

2.4 Background Segmentation

To train the non-frontal face detector, this thesis work used the FERET idlaigbase. One
characteristic of this database is that the images have fairly uniform lzackds. Because the
detector itself will be trained with regions of the image which include the backgt, we need

to make sure that the detector does not learn to simply look for the uniform backgroundis-or t
purpose, we must segment the background, so that it can be replaced with a mete (eal
less easily detectable) background. Much of the complexity of what follows is dhe fact that
the original images are grayscale. When color information is availableatd “blue screening”
techniques can separate the foreground and background in a more straightforward[/@amither
1994.

Since the backgrounds of the images tend to be bright but not entirely uniform, | modelled the
backgrounds as varying linearly across the image. Each background pixel’s vatiseimseal to
have a Gaussian distribution, with a mean centered on the model intemsitg, faxed standard
deviation across the background. Formally, the intensitya background pixelz, y) is:

I(z,y) = a-x2+b-y+c+ N(0,0)
= N@a-z+b-y+co0)

whereN (0, o) is a Gaussian distributed noise with mean zero and standard deviathamalter-
native representation for the background is to treat the affine function as timeofrtb@ Gaussian
distribution. The background model is adapted using the Expectation-Maximizationdiekt-
dure.

The initial model for the background is uniform across the image: @adb are both0), with
the intensityc set by the top half of the pixels in the left-most and/or right-most columns of the
image, as shown in Figure 2.9. The standard deviation of these intensitiss im@hsured, and
used as the for the Gaussian distribution. Thevalue will be held constant, while the remaining
parameters, b, c will be adjusted to match the image.

Given this initial model, we can iterate the following two steps:

1. Expectation Step (E-Step):Label each pixelz, y) with a probability of belonging to the
background. We assume that a pixel’'s intensity, y) is distributed according to a Gaussian
distribution, with meam: - = + b - y 4+ ¢ and variancer specified by the initial background
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Figure 2.9: The portions of the image used to initialize the backgroundehdepend on
the pose of the face, because occasionally the back of tlitedosars some useful pixels.

model, so the probability that it was generated by the model is:
P(I(z, y)|backgroungl oc ¢~ ()= (@witbyte)?/o%)

Since the foreground cannot be estimated, | set the probability of generating arpik@ra

ily to: P(I(x,y)|foreground < e~'. We can combine these two with Bayes’ formula to get
the following formula for the probability of the background model explaining a particular
observed intensity:

P(I(x,y)|backgroung
P(I(x,y)|background+ P(I(z,y)|foreground

P(backgrountl (x,y)) =

2. Maximization Step (M-Step): We then compute an updated version of the background
model parameters, using the probabilities computed in the E-Step as weigthts tmmtri-
bution of each pixel. This is done by solving the following over-constrainedrisgstem
for all pixelsz, y:

P(background (z,v)) - I(z,y) = P(backgrountl(z,y)) - ( x oy 1 ) b

Cc

where P(backgrounf/ (x, y)) is the probability that pixek, y belongs to the background.
This set of equations can be solved for the model parametérs by the pseudo-inverse
method.

We run 15 iterations of the above algorithm, although empirically it usuallyerges in fewer
iterations. Some examples of the intermediate output for one image are showuia Eil0.

To find the final segmentation, the probability m&fbackground’ (z, y), z, y) is thresholded
at0.5. A connected components algorithm is applied, and any background colored components
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Initial 1 step 2 steps 3 steps 4 steps 5 steps

Figure 2.10: The segmentation of the background as the EM-based algoptbgresses.

The images show the probability that a pixel belongs to tlokdr@und, where white is zero
probability, and black is one. Note that this is a partidyldifficult case for the algorithm;

usually the initial background is quite accurate, and tiselteeonverges immediately.

which touch the border of the image are merged into a single component. This allcthsfys
like strands of hair which might otherwise separate the background components. Applying the
resulting mask (like that in Figure 2.11a) to the original image gives a réselthe one shown in
Figure 2.11b.

A bright white border is visible around the face. These pixels are actually araigf intensi-
ties from the foreground and background, and thus their intensities are no longer close enough t
the background to be classified as such. One solution to this is to apply a meéiaio filte inside
border of the masked region, using sample intensities from a small neighborhood arounxelthe pi
The result is shown in Figure 2.11c.

Although the E-M segmentation algorithm worked well in the example of Figure 2.1dmes
times fails when the background is non-uniform, or when the person’s skin or clothirgsesial
intensity to the background. In such cases, the initial model usually gives bedtdts. Since the
segmentation is used to produce training data, complete automation is not necéksa rather
than trying to make the algorithm work perfectly, | examined the segmenta&suits for each im-
age using the initial and final background models, and selected the one with thegjneshtsion.

Once the background mask is computed, we can replace the background with something more
realistic. | developed four random background generators:

1. Constant background, with an intensity selected uniformly from the range 0 to 255.

2. Static noise background. Each pixel will have an intensity of either O or 255. Thegirtyba
of pixel being 255 is first picked randomly (from 0% to 100%), and then the intensitycbf ea
pixel is chosen randomly according to that probability.

3. Sinusoidal background, with a random mean (between 0 and 255), amplitude (between 0 and
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(@)

Figure 2.11: a) The background mask generated by the EM-based algorithinhe
masked image, in which the masked area is replaced by blacite tie bright border
around the face. ¢) Removing the bright border usifnga5 median filter on pixels near
the border of the mask.

128), orientation( to 180°), initial phase, and wavelength. The wavelength was chosen to
be at least one pixel, in the scale of the face image to be generated, @suall§ or 30 x 30
pixels, and less than the window size. The intensity values were clippie tange O to
255.

4. Two sinusoids added like those described above added together.

= B N F -
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Figure 2.12: Examples of randomly generated backgrounds: (a) congtgrgtatic noise,
(c) single sinusoid, (d) two sinusoids.

These background generators are illustrated in Figure 2.12. For each face et@b®bgen-
erated, one of these four generators was chosen at random. | do not make any pattcuotar
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about the realism of the backgrounds generated by this process, but rather that theyeararied
than the uniform images present in the FERET database. | considered using backgxtnaictiscke
from real images which contain no faces, but decided against it for this wbikosihg an appro-
priate subset of the backgrounds is difficult, because there are so many, and raodanging
these backgrounds at runtime to give a complete sample would be computationally expensiv

2.5 Preprocessing for Brightness and Contrast

After aligning the faces and replacing the background pixels with more iealatues, there is
one remaining major source of variation (apart from intrinsic differencesdwet faces). This
variation is caused by lighting and camera characteristics, whichesaitt in brightly or poorly lit
images, or images with poor contrast.

We first address these problems by using a simple image processing approach, ashatbov
used in[Sung, 1996 This preprocessing technique first attempts to equalize the intensity values
in across the window. We fit a function which varies linearly across the wirtdahe intensity
values in an oval region inside the window (shown in Figure 2.13a). Pixeldeutse oval may
represent the background, so those intensity values are ignored in computing the lrighiatign
across the face. If the intensity of a pixely is I(x,y), then we want to fit this linear model
parameterized by, b, c to the image:

a

(xy 1)- b | =1(x,y)

The choice of this particular model is somewhat arbitrary. It is useful to be tabtepresent
brightness differences across the image, so a non-constant model is useful.idtievarlimited
to linear to keep the number of parameters low and allow them to be fit quictlecfing together
the contributions for all the pixels in the oval window gives an over-comsgchmatrix equation,
which is solved by the pseudo-inverse method, like the one used to model the background. This
linear function will approximate the overall brightness of each part of the windowd can be
subtracted from the window to compensate for a variety of lighting conditions.

Next, histogram equalization is performed, which non-linearly maps the infevedites to
expand the range of intensities in the window. The histogram is computed for pixels amsoval
region in the window. This compensates for differences in camera input gaims|l@s improving
contrast in some cases. Some sample results from each of the preproctgssngre shown in
Figure 2.13. The algorithm for this step is as follows. We first compute the itydnstogram of
the window, where each intensity level is given its own bin. This histogsathen converted to
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Oval mask for ignoring [ ]
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Figure 2.13: The steps in preprocessing a window. First, a linear fundgdit to the in-
tensity values in the window, and then subtracted out, ctng for some extreme lighting
conditions. Then, histogram equalization is applied, toex for different camera gains
and to improve contrast. For each of these steps, the magpiognputed based on pixels
inside the oval mask, and then applied to the entire window.

Lighting corrected window:
(linear function subtracted)

a cumulative histogram, in which the value at each bin says how many pixadsritansities less
than or equal to the intensity of the bin.

The goal is to produce a flat histogram, that is an image in which each pixelitgtensurs
an equal number of times. The cumulative histogram of such an image will have tipatrty that
the number of pixels with an intensity less than or equal to a given intengtpportional to that
intensity.

Given an arbitrary image, we can produce an image with a linear cunauldstogram by ad-
justing the pixel intensities. Each intensity will be mapped to the valueeotimulative histogram
for that bin. This guarantees that the number of pixels matches the intensity, iw/kiehproperty
we want. In practice, it is impossible to get a perfectly flat histogramekample, the input image
might have a constant intensity), so the result is only an approximately flatitgtBisdogram. To
see how the histograms change with each step of the algorithm, see Figure 2.14.

In some parts of this thesis, only histogram equalization with subtractingrtearimodel
is used. This is done when we do not know which pixels in the input window are likely to be
foreground or background, and cannot apply the linear correction to just the face. Imgtgadt
apply the histogram equalization to the whole window, hoping that it will reduce thabiiy
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Figure 2.14: (a) Smoothed histograms of pixel intensities iR(ax 20 window as it is
passed through the preprocessing steps. Note that thentigtdrrection centers the peak
of intensities at zero, while the histogram equalizati@pdtattens the histogram. (b) The
same three steps shown with cumulative histograms. Thelatireihistogram of the result
of lighting correction is used as a mapping function, to mihirtensities to new ones.

somewhat, without the background pixels having too much effect on the appearance otthre fa
the foreground.

2.6 Face-Specific Lighting Compensation

Part of the motivation of the preprocessing steps in the previous section isdadtaystness to
variations in the lighting conditions, for instance lighting from the side of the Wdueh changes
its overall appearance. However, there are limits to what “dumb” ctares, with no knowledge
of the structure of faces, can accomplish. In this section, | will presen¢ goaliminary ideas on
how to intelligently correct for lighting variation.

2.6.1 Linear Lighting Models

The ideas in this section are based on the illumination models in the wdetfiumeur and
Kriegman, 1998 in which they explored the range of appearances an object can take on under
differently lighting conditions. One assumption they use is that adding light sowwcesdene
results in an image which is a sum of the images for each individual light souttee.adthors
further use the assumption that the object obeys a Lambertian lighting model fondactiual

light source, in which light is scattered from the object’s surface equalbllidirections. This
means that the brightness of a point on the object depends only on the reflectivity of th€itbject
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albedo) and the angle between the object’s surface and the direction to the ligigt, smaording
to the following formula (assuming there are no shadows):

wherel(z,y) is the intensity of pixek, y, A(z,y) is the albedo of the corresponding point on the
object,N(z, y) is the normal vector of the object’s surface (relative to a vector pointingridthe
camera) and. is a vector from the object to the light source, which is assumed to caskgbaass

on the object.

As the light source directioh is varied,/ (x, y) also varies, but the surface shape and albedo are
fixed. Since the equation is linear, anchas three parameters, the space of images of the object
(without shadows) is a three dimensional subspace. This subspace can be det&wningd
least) example images of the object, by using principal components analysis (R@#A3ubspace
is related by a linear transformation to the set of normal vedws, y). If we want to recover
the true normal vectors, we need to know the actual light source directionsséf thections are
available, the system can be treated as an over-constrained set adesjaatd solved directly for
N(x, y) without performing principal components analysis. Actually, we will solve foipifeeluct
A(z,y)N(z,y), but sinceN(x, y) have unit length, it is possible to separate the albédo, ).

An example result is shown in Figure 2.15.

With A(z,y) andN(z,y) in hand, which are essentially the color and shape of the face, we
can then generate new images of the face under any desired lighting conditionseéonmes
of images which can be generated are shown in Figure 2.16.

Such images can be used directly for training a face detector, and suchnesapisrivill be
reported on in the next chapter. It is however quite time consuming to captugesnoh faces
under multiple lighting conditions, and this limits the amount of training data. lgea# would
like to learn about how images of faces change with different lighting, and appiytdhaew
images of faces, for which we only have single images. The next two subsectianbedasome
approaches for this.

2.6.2 Neural Networks for Compensation

Given a new input window to be classified as a face or nonface, we would like tp afighting
correction which will remove any artifacts caused by extreme lightimgditions. This lighting
correction must not change faces to nonfaces and vice-versa. The archieztues is shown in
Figure 2.17.

The architecture feeds the input window to a neural network, which has been ttaipsul
duce a lighting correction, that is an image to add to the input which will makeghirig appear
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Figure 2.15: Example images under different lighting conditions, sustihese, allow us
to solve for the normal vectors on a face and its albedo.

that it is coming from the front of the face. Some example training data is showigure 2.18.
This data was prepared using the lighting models described above. This lightiegteor is then
added back into the original input window to get the corrected window. To prevent tinal met-
work from applying arbitrary corrections (which could turn any nonface into @)fahe network
architecture contains a bottleneck, forcing the network to parameterizeftezton using only
four activation levels. The output layer essentially computes a linear cotidrirad four images
based on these activations.

Some results from this system for faces and nonfaces are shown in Figure 2ckh Besseen,
most of the results for faces are quite good (one exception is the fifth face fréeftjh&lost of the
strong shadows are removed, and the brightness levels of all parts of thedaomiéar. However,
the results for nonfaces are troubling. Many of the nonfaces now look very faceFlileereason
for this can be seen by considering the types of corrections that must be performed.ttWhe
lighting is very extreme, say from the left side of the face, the right sidénefface will have
intensity values of zero. Thus the corrector must “construct” the entire righohtlle face. This
construction capability makes it create faces when given relativefgnuminonfaces as input.

One potential solution to this problem would be to measure how much work the lighting cor
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Figure 2.16: Generating example images under variable lighting cooalti

rection network had to do. If it made large changes in the image, then the rethdtfate detector
applied to that window should be more suspect. This has not yet been explored.

2.6.3 Quotient Images for Compensation

Another approach to intelligently correcting the lighting in an image is predénfRiklin-Raviv
and Shashua, 1988The idea in this work is again to use linear lighting models. They present
a technigue where an input image can be simultaneously projected into the Igigagispaces
of a set of linear models. The simulatenous projection findd.tiadnich minimizes the following
quantity:

=1,y
Wherel(z,y) is the input image; is summed over alh lighting models, and, and;(z, y) and
N;(x,y) are the corresponding albedo and normal vectors for lighting madedixel(x, y). The
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Figure 2.17: Architecture for correcting the lighting of a window. Thengliow is given to
a neural network, which has a severe bottleneck before ipgibuT he output is a correction
to be added to the original image.

Inputs:

Desired Outputs:

Corrections:

Figure 2.18: Training data for the lighting correction neural network.

result of this optimization is a vectdr representing the lighting conditions for the face in the input
image. Using a set of linear models allows for some robustness to differentee albedos and
shapes of individual faces. Using the collection of face lighting models, theydb@pute an
image of the average face under the same conditions using the following equation:

n

1

=1
The input image is divided by this synthetic image, yielding a so called “quotiegain&athe-
matically, the quotient image contains only the ratio of the albedos of the newrfd¢b@average
face, assuming that the faces have similar shapes.
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Figure 2.19: Result of lighting correction system. The lighting correntresults for most
of the faces are quite good, but some of the nonfaces havechaeged into faces.

The original work on this technique used the quotient image for face recognition, betause i
removes the effects of lighting and allows recognition with fewer exarmpéges| Riklin-Raviv
and Shashua, 1998The same approach can be used to normalize the lighting of input windows for
face detection. Instead of just dividing by the average face under the estiingatety conditions,
we can go a step further, multiplying by the average face under frontal lighting:

Zi:l nAl(z> y) (Nl(z> y) ) L)
i1 nAi(e, y)(Ni(z,y)- (1.0 0 )

I'(z,y) = I(z,y)

This should ideally give an image of the original face but with frontal lighting. &eramples are
shown in Figure 2.20. It is not clear that this approach will work well for fadec®n. As can

be seen, while the overall intensity has been roughly normalized, the brightrfeserties across
the face have not been improved. In some cases, bright spots have been introdutteziontput

image, probably because of the specular reflections in the images used to blnasihéor the

face images. Finally, since the lighting model does not incorporate shadows, toevshzast by

the nose or brow will cause problems.

2.7 Summary

The first part of this chapter described the training and test databases umaghthut this thesis.
The major focus however was some methods for segmenting face regions from traiages,
aligning faces with one another, and preprocessing them to improve contrasthdgpier ended



2.7. SUMMARY 27

Face ) d
Inputs: . J
Face

Outputs:

Figure 2.20: Result of using quotient images to correct lighting.

with some speculative results on how to intelligently correct for extrégiging conditions in
images. Together these techniques will be used to generate training data foteitterdeto be
described later.

The next chapter will begin the discussion of face detection itself, by examinengroblem
of detecting upright faces in images.
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Chapter 3

Upright Face Detection

3.1 Introduction

In this chapter, | will present a neural network-based algorithm to detect upirightal views of
faces in gray-scale images. The algorithm works by applying one or more neural nethivedtly
to portions of the input image, and arbitrating their results. Each networairgett to output the
presence or absence of a face.

Training a neural network for the face detection task is challenging because dfficulty in
characterizing prototypical “nonface” images. Unlike fageognition in which the classes to be
discriminated are different faces, the two classes to be discrietdnatfacedetectionare “images
containing faces” and “images not containing faces”. It is easy to get aseedive sample of
images which contain faces, but much harder to get a representative sdrase which do not.
We avoid the problem of using a huge training set for nonfaces by selectively addiggsrto the
training set as training progresde&ng, 1998 This “bootstrap” method reduces the size of the
training set needed. The use of arbitration between multiple networks and iosustlean up
the results significantly improves the accuracy of the detector.

The architecture of the system and training methods for the individual neural netwioids w
make up the detector are presented in Section 3.2. Section 3.3 examines hewndhnadual
networks behave, by measuring their sensitivity to different parts of the inpgggnand measuring
their performance on some test images. Methods to clean up the results abdradeaamong
multiple networks are presented in Section 3.4. The results in Section &ishothe system is
able to detect 90.5% of the faces over a test set of 130 complex images, \aitheptable number
of false positives.

29
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3.2 Individual Face Detection Networks

The system operates in two stages: it first applies a set of neural netwadt-theiectors to an
image, and then uses an arbitrator to combine the outputs. The individual detectonsesgach
location in the image at several scales, looking for locations that might camtace. The arbitra-
tor then merges detections from individual networks and eliminates overlappgidas.

The first component of our system is a neural network that receives as irput 20 pixel
region of the image, and generates an output ranging from 1 to -1, signifying the presence
absence of a face, respectively. To detect faces anywhere in the inpuiettherk is applied
at every location in the image. To detect faces larger than the wind@y thig input image is
repeatedly reduced in size (by subsampling), and the detector is applieth aizacThis network
must have some invariance to position and scale. The amount of invariancaidetethe number
of scales and positions at which it must be applied. For the work presented heapplyehe
network at every pixel position in the image, and scale the image down byaa &dd..2 for each
step in the pyramid. This image pyramid is shown at the left of Figure 3.1.

Input image pyramid Extracted window Corrected lighting Histogram equalized Receptive fields

(20 by 20 pixels) Hidden units
i E ﬁﬁ;/}o 8
o _ g% 0o
Network ﬁ
Input ﬁ ﬁ ﬁ 50 8 2 Output
% A0 % ~0505—=0
o )
— =9 o ® ZObyZ%Q%EG

=~ e s /

Preprocessing Neural network

Figure 3.1: The basic algorithm used for face detection.

After a 20 x 20 pixel window is extracted from a particular location and scale of the input
image pyramid, it is preprocessed using the affine lighting correction and histegraalization
steps described in Section 2.5. The preprocessed window is then passed tal aetsork. The
network has retinal connections to its input layer; the receptive fields of hiddemnaraishown in
Figure 3.1. The input window is broken down into smaller pieces, of fOux 10 pixel regions,
sixteenb x 5 pixel regions, and six overlappirg x 5 pixel regions. Each of these regions will have
complete connections to a hidden unit, as shown in the figure. Although the figure shaowgtea si
hidden unit for each subregion of the input, these units can be replicated. For the expgsrim
which are described later, we use networks with two and three sets ofhldelen units. The
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shapes of these subregions were chosen to allow the hidden units to detect kocakfdeat might

be important for face detection. In particular, the horizontal stripes allevidden units to detect
such features as mouths or pairs of eyes, while the hidden units with squarevestefits might
detect features such as individual eyes, the nose, or corners of the mouth. Othenerfzehave
shown that the exact shapes of these regions do not matter; however it is imguatané input is
broken into smaller pieces instead of using complete connections to the entireSipuar input
connection patterns are commonly used in speech and character recognitidWaitied et al,,
1989, Le Curet al, 1989. The network has a single, real-valued output, which indicates whether
or not the window contains a face.

3.2.1 Face Training Images

In order to use a neural network to classify windows as faces or nonfacesedéraming exam-
ples for each set. For positive examples, we use the techniques presentetdan 38 to align
example face images in which some feature points have been manually laBélexdalignment,
the faces are scaled to a uniform size, position, and orientation witttirx20 pixel window. The
images are scaled by a random factor betwieanl.2 to /1.2, and translated by a random amount
up to 0.5 pixels. This allows the detector to be applied at each pixel ¢ocatid at each scale in
the image pyramid, and still detect faces at intermediate locations esst¢aladdition, to give the
detector some robustness to slight variations in the faces, they araloyaegandom amount (up
to 10° degrees). In our experiments, using larger amounts of rotation to train thécletetwork
yielded too many false positive to be usable. There are a total of 1046 trakxangpées in our
training set, and 15 of these randomized training examples are generatedHarganal face.
The next sections describe methods for collecting negative examples and training.

3.2.2 Non-Face Training Images

We needed a large number of nonface images to train the face detector, becavemgetiieof
nonface images is much greater than the variety of face images. One lasgetimages which
do not contain any faces are pictures of scenery, such as trees, mountaibsjldimgjs. There
is a large collection of images locatedhdtp://wuarchive.wustl.edu/multimedia/
images/gif/ . We selected the images with the keyword “Scenery” in their descriptions fr
the index, and downloaded those images. This, along with a couple other images from other
sources, formed our collection of 120 nonface “scenery” images.
Collecting a “representative” set of nonfaces is difficult. Practcally image can serve as
a nonface example; the space of nonface images is much larger than the spaceirobfpse
The statistical approach to machine learning suggests that we should traguttag networks on
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precisely the same distribution of images which it will see at runtinae. dar face detector, the
number of face examples is 15,000, which is a practical number. However, ourasfates set
of scenery images contains approximately 150,000,000 windows, and training on a datdbgse
size is very difficult. The next two sections describe two approaches tortgavith this amount
of data.

3.2.3 Active Learning

Because of the difficult of training with every possible negative example, Weedtan algorithm
described ifSung, 1998 Instead of collecting the images before training is started, the images
are collected during training, in the following manner:

1. Create an initial set of nonface images by generating 1000 random images. Appigthe
processing steps to each of these images.

2. Train a neural network to produce an output of 1 for the face examples, and -1 for theeonf
examples. On the first iteration of this loop, the network’s weights are iidlrandomly.
After the first iteration, we use the weights computed by training in the previereion as
the starting point.

3. Run the system on an image of scenghych contains no face€ollect subimages in which
the network incorrectly identifies a face (an output activatio).

4. Select up to 250 of these subimages at random, apply the preprocessing steps tahechadd
into the training set as negative examples. Go to Step 2.

The training algorithm used in Step 2 is the standard error backpropogation alguuititnan mo-
mentum tern{Hertzet al, 1991. The neurons use thanh activation function, which gives an
output ranging from-1 to 1, hence the threshold offor the detection of a face. Since we are not
training with all the negative examples, the probabilistic arguments of thequesgection do not
apply for setting the detection threshold.

Since the number of negative examples is much larger than the number of positiveexampl
uniformly sampled batches of training examples would often contain only negaiaraptes,
which would be inappropriate for neural network training. Instead, each batch of 1G%¥¢osi
and negative examples is drawn randomly from the entire training sets, armd patse backpro-
pogation algorithm as a batch. We choose the training batches such that they have 5% posit
examples and 50% negative examples. This ensures that initially, when we hawehdarger
set of positive examples than negative examples, the network will acteally something from
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both sets. Note that this changes the distribution of faces and nonfaces initihegtsts com-
pared with what the network will see at run time. Although theoreticallywtheng thing to do,
[Lawrenceet al, 1999 observes such techniques often work well in practice.

Figure 3.2: During training, the partially-trained system is appliedrmages of scenery

which do not contain faces (like the one on the left). Any oegiin the image detected as
faces (which are expanded and shown on the right) are ewbish can be added into the
set of negative training examples.

Some examples of nonfaces that are collected during training are shown in Bigurdote
that some of the examples resemble faces, although they are not very closedsitive examples
shown in Figure 2.7. The presence of these examples forces the neural netwark théeprecise
boundary between face and nonface images. We used 120 images of scenery fangolégtive
examples in the bootstrap manner described above. A typical training rutssapgeoximately
8000 nonface images from the 146,212,178 subimages that are available at all locatisce@nd
in the training scenery images. A similar training algorithm was destribdDruckeret al,
1993, where at each iteration an entirely new network was trained with<&@ples on which the
previous networks had made mistakes.

3.2.4 Exhaustive Training

Neural network training usually requires training the network many timessdraining images; a
single pass through 150,000,000 scenery windows not only requires a huge amount of storage, but
also takes nearly a day on a four processor SGI supercomputer. Additionally, arkesually
trains on images in batches of about 100 images; by the time we reach the end of 150,000,000
examples, it will have forgotten the characteristics of first images.

As in the previous section, to insure that the the neural network learns about batrafate
nonfaces, we select the batches of negative examples to have approximatelpegbals of
positive and negative examples. However, this changes the apparent dtribugiositive and
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negative examples, so that it no longer matches the real distribution.

It is possible to compensate for this using Bayes’ Theorem, though (see alsodhesds in
[Lawrenceet al, 1999). If we denoteP(facdwindow) as the probability that a given window is
a face, and”' (face) and P’(nonface as the prior probability of faces and nonfaces in the training
sets (both 0.5), then Bayes’ Theorem says:

P(window/face) - P'(face
(window|face) - P’(face) + P(windowjnonface - P’(nonface

NN Output= P'(facgwindow) = B

Neural networks will learn to estimate the left hand side of this equation semg we know
P'(face), P'(nonfaceg, and thatP(window|nonface) = 1 — P(window|face), this equation
simplifies dramatically, giving:

P(window|/face) = NN Output
Let us denoted the true probability of facesi§ace), and nonfaces i®(nonfacg. Then we can
use Bayes’ Theorem in the forward direction to get the true probability of agiaea the image:

NN Output« P(face

P(facewindo®) = NN Output- P(face + (1 — NN Outpuf - P(nonface

We would like to classify a window as a faceff(facgwindow) > 0.5, which is equivalent to
setting a threshold of:
NN Output> 1 — P(face

Since we are using neural networks witimh activation functions, the output ranged to 1, so
this threshold is adjusted as follows:

NN Output> 1 — 2P(face

Thus we need to determine the prior probability of faces, which will be discussgelction 3.3.2.

3.3 Analysis of Individual Networks

This section presents some analysis of the performance of the networks desbobedaginning
with a sensitivity analysis, then examining the performance otJghregght Test Set

3.3.1 Sensitivity Analysis

In order to determine which part of its input image the network uses to decide wiie¢h@put
is a face, we performed a sensitivity analysis using the meth¢Baifija, 199¢. We collected
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a positive test set based on the training database of face images, butfi@terdirandomized
scales, translations, and rotations than were used for training. The negatiget was built from

a set of negative examples collected during the training of other networks. Ede@20f x 20
pixel input images was divided into 1Q0 2 pixel subimages. For each subimage in turn, we went
through the test set, replacing that subimage with random noise, and tested di@matuork. The
resulting root mean square error of the network on the test set is an indicatiowahportant that
portion of the image is for the detection task. Plots of the error rates for twanlet we trained
are shown in Figure 3.3. Network 1 uses two sets of the hidden units illusinefeglire 3.1, while
Network 2 uses three sets.

Network 1 Face at Same Scale Network 2
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o.4 o.4a
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Figure 3.3: Error rates (vertical axis) on a test created by adding rois@rious portions
of the input image (horizontal plane), for two networks. etk 1 has two copies of the
hidden units shown in Figure 3.1 (a total of 58 hidden units 2805 connections), while
Network 2 has three copies (a total of 78 hidden units and 48&rections).

The networks rely most heavily on the eyes, then on the nose, and then on the mouth (Fig-
ure 3.3). Anecdotally, we have seen this behavior on several real test imagesses in which
only one eye is visible, detection of a face is possible, though less reliablewtiemthe entire
face is visible. The system is less sensitive to the occlusion of the nose dn.mout

3.3.2 ROC (Receiver Operator Characteristic) Curves

The outputs from our face detection networks are not binary. The neural networks produce rea
values between 1 and -1, indicating whether or not the input contains a face. A tdreahad

of zero is used duringraining to select the negative examples (if the network outputs a value of
greater than zero for any input from a scenery image, it is considered aka)jistAlthough this

value is intuitively reasonable, by changing this value dutesging we can vary how conserva-

tive the system is. To examine the effect of this threshold value duringdestie measured the
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detection and false positive rates as the threshold was varied froni1Aad a threshold of 1, the
false detection rate is zero, but no faces are detected. As the thresdelkctéased, the number of
correct detections will increase, but so will the number of false detections

ROC Curve for Test Sets A, B, and C
T T ——

Network 1 —
twork 2 ----

es Detected

Fraction of Fac

. . . . .
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Figure 3.4: The detection rate plotted against false positive ratelseadetection threshold
is varied from -1 to 1, for the same networks as Figure 3.3.Jdrormance was measured
over all images from th&lpright Test SetThe points labelled “zero” are the zero threshold

points which are used for all other experiments.

This tradeoff is presented in Figure 3.4, which shows the detection ratedobojtanst the
number of false positives as the threshold is varied, for the two networks pedserhe previous
section. This is measured for the images inltheight Test Setwhich consists 130 images with
507 faces (plus 4 upside-down faces not considered in this chapter), and relg@inetworks to
process 83,099,211 windows. The false positive rate is in terms of the numd@r<o20 pixel
windows that must be examined. This number can be approximated from the number ofrpixels i
the image and the scale factor between different resolutions in the imageigyfa#):

) _ width-height . o7 idth - height

number of windowss width - height- <l§%(1.2 -1.2)7 S
Since the zero threshold locations are close to the “knees” of the curves) he saen from the
figure, we used a zero threshold value throughout testing.

To give an intuitive idea about the meaning of the numbers in Figure 3.4 (with slwestold),
some examples of the output on the two images in Figure 3.5 are shown in Figure 3l& Int
figure, each box represents the position and size of a window to which Networlelagasitive
response. The network has some invariance to position and scale, which resalltitiple boxes
around some faces. Note also that there are quite a few false detectionextlsection presents
some methods to reduce them.

The above analysis can be used with the probabilistic analysis in Section®@datermine the
threshold for detecting faces in that scheme. Suppose that for a true faceywsioe pixel either
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Figure 3.6: Images from Figure 3.5 with all the above threshold detestindicated by
boxes. Note that the circles are drawn for illustration pttigy do not represent detected
eye locations.

side of its location, and windows either side of its scale can be detecteddbbriace contributes
about3-3-3 = 27 face windows. In the training database, there are 1046 fatesl(46 = 28242
face windows) and 592,624,828 x 20 windows, giving a probability of faces equal 1¢20984.
This is the value that will be used later in testing.

3.4 Refinements

The examples in Figure 3.6 showed that the raw output from a single network wilirc@ntam-
ber of false detections. In this section, we present two strategies t@wephne reliability of
the detector: cleaning-up the outputs from an individual network, and arbitrating amdtiglen
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networks.

3.4.1 Clean-Up Heuristics

Note that in Figure 3.6a, the face is detected at multiple nearby positionsles,sadile false
detections often occur with less consistency. The same is true of Figure 3.@ndrithe faces
are smaller the overlapping detections are not visible. These observattbtola heuristic which
can eliminate many false detections. For each detection, the number of dfbetiates within a
specified neighborhood of that detection can be counted. If the number is above a thrésimold, t
that location is classified as a face. The centroid of the nearby detectifomssdbe location of the
detection result, thereby collapsing multiple detections. In the experireeati®n, this heuristic
will be referred to ashresholding(size,levelvheresizeis the size of the neighborhood, in both
pixels and pyramid steps, on either side of the detection in questionewaglds the total number
of detections which must appear in that neighborhood. The result of apphyeghold(4,2}o the
images in Figure 3.6 is shown in Figure 3.7.

(b)
Figure 3.7: Result of applyinghreshold(4,2jo the images in Figure 3.6.

If a particular location is correctly identified as a face, then all otletection locations which
overlap it are likely to be errors, and can therefore be eliminatecedas the above heuristic re-
garding nearby detections, we preserve the location with the higher number ofatetedthin a
small neighborhood, and eliminate locations with fewer detections. In the discugghe exper-
iments, this heuristic is calleaverlap There are relatively few cases in which this heuristic fails;
however, one such case is illustrated by the left two faces in Figure 3l8yevone face partially
occludes another, and so is lost when this heuristic is applied. These aphitratiristics are very
similar to, but computationally less expensive than, those presented in mpus@adpefRowley
etal, 1999.
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(b)

Figure 3.8: Result of applyingverlapto the images in Figure 3.7.

Input image pyramid, "Output" pyramid: Count neighbors in Potential face locations  Final result after removing
detections overlaid centers of detections in x,y, and in scale extended across scale overlapping detections
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Figure 3.9: The framework for merging multiple detections from a singg¢work: A) The
detections are recorded in an “output” pyramid. B) The nunaolbeetections in the neigh-
borhood of each detection are computed. C) The final stepcisdok the proposed face lo-
cations for overlaps, and D) to remove overlapping detastibthey exist. In this example,
removing the overlapping detection eliminates what wotltetowise be a false positive.

The implementation of these two heuristics is illustrated in Figure 3.8h Batection at a par-
ticular location and scale is marked in an image pyramid, called the “oupgudimid. Then, each
detection is replaced by the number of detections within its neighborhood. A threslaplolisd
to these values, and the centroids (in both position and scale) of all aboshdltteetections are
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computed (this step is omitted in Figure 3.9. Each centroid is then exanmioeder, starting from

the ones which had the highest number of detections within the specified neighborhood. If any
other centroid locations represent a face overlapping with the current ckntrey are removed

from the output pyramid. All remaining centroid locations constitute the final detecsult. In

the face detection work described[Burel and Carel, 1994similar observations about the nature

of the outputs were made, resulting in the development of heuristics similapnse described
above.

3.4.2 Arbitration among Multiple Networks

[Sung, 1996 provided some formalization of how a set of identically trained detectarbeaised
together to improve accuracy. He argued that if the errors made by a detectwl@pendent, then
by having a set of networks vote on the result, the number of overall errors wiltheed.[Baker
and Nayar, 1996used the converse idea, that of pattern rejectors, for recognition. Easlifiela
eliminates a set of potential classifications of an example, until only the@ranclass is left.

To further reduce the number of false positives, we can apply multiple networdsyrhitrate
between their outputs to produce the final decision. Each network is trained usisantleealgo-
rithm with the same set of face examples, but with different random imieayhts, random initial
nonface images, and permutations of the order of presentation of the scenery ihageal.be
seen in the next section, the detection and false positive rates of the indimetwairks will be
quite close. However, because of different training conditions and becausd-eéleetion of
negative training examples, the networks will have different biases andvaie different errors.

The arbitration algorithm is illustrated in Figure 3.10. Each detectionparacular position
and scale is recorded in an image pyramid, as was done with the previous heufsteeway to
combine two such pyramids is by ANDing them. This strategy signals a detectignf dxdth
networks detect a face at precisely the same scale and position. Due td¢nendibiases of the
individual networks, they will rarely agree on a false detection of a faces alhows ANDing
to eliminate most false detections. Unfortunately, this heuristic caredse the detection rate
because a face detected by only one network will be thrown out. However, Weewilater that
individual networks can all detect roughly the same set of faces, so that the nunifaee®tost
due to ANDing is small.

Similar heuristics, such as ORing the outputs of two networks, or voting amoregtéteorks,
were also tried. In practice, these arbitration heuristics can athpeemented with variants of the
thresholdalgorithm described above. For instance, ANDing can be implemented by comtiiaing
results of the two networks, and applyitigeshold(0,2) ORing withthreshold(0,1)and voting
by applyingthreshold(0,2}o the results of three networks.
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Figure 3.10: ANDing together the outputs from two networks over diffdrpasitions and
scales can improve detection accuracy.

Each of these arbitration methods can be applied before or after the clean-igti¢geuif
applied afterwards, we combine the centroid locations rather than actuelioletecations, and
require them to be within some neighborhood of one another rather than precisely aligned, by
setting thesizeparameter of théhresholdwhich implements the arbitration to a 4 rather than 0.
These are denotedND(4)andAND(0)in the experiments.

Arbitration strategies such as ANDing, ORing, or voting seem intuitivesonable, but per-
haps there are some less obvious heuristics that could perform better. Tadéstothesis, we
applied a separate neural network to arbitrate among multiple detectioarketwas illustrated in
Figure 3.11. For every location, the arbitration network examines a small neighbatwodnd-
ing that location in the output pyramid of each individual network. For each pyramidowre the
number of detections in@ax 3 pixel region at each of three scales around the location of interest,
resulting in three numbers for each detector, which are fed to the aidnitragtwork. The arbitra-
tion network is trained (using the images from which the positive face examydee extracted)
to produce a positive output for a given set of inputs only if that location contains adaddo
produce a negative output for locations without a face. As will be seen in the nexinserding
an arbitration network in this fashion produced results comparable to (andia cases, slightly
better than) those produced by the heuristics presented earlier, at the expetise afraplexity.



42

Detections from three networks at three

Input image at three scales, with detections from one network

scales around location of interest

Arbitration network

Result of arbitration

CHAPTER 3. UPRIGHT FACE DETECTION
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from one network overlaid  image pyramid
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Output unit
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Figure 3.11: The inputs and architecture of the arbitration network Whitbitrates among
multiple face detection networks.
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3.5 Evaluation

A number of experiments were performed to evaluate the system. We first shanadysis of
which features the neural network is using to detect faces, then presentthetes of the system
over two large test sets, and finally show some example output.

3.5.1 Upright Test Set

The first set of test images is for testing the capabilities of the uprightdeteetor.

One of the first face detection systems with high accuracy in clutterageswas developed at
the MIT Media Lab by Kah-Kay Sung and Tomaso Pod@ang, 1998 To evaluate the accuracy
of their system, they collected a test database of 23 images from varioussowrich we also
use for testing purposes.

In addition to these images, we collected 107 images containing upright faedly.lddese
images were scanned from newspapers, magazines, and photographs, found on the WWW, or
captured with CCD cameras attached to digitizers, or digitized fromdoes television. The
latter images were provided by Michael Smith from the Informedia projeChét.

A number of these images were chosen specifically to test the tolerancdtery ah images,
and did not contain any faces. Others contained large numbers of upright, froes|tatest the
detector’s tolerance of different types of faces. A few example imagesavensin Figure 3.12.
In the following, this test set will be called thdpright Test Set

Figure 3.12: Example images from thepright Test Setused for testing the upright face
detector.

Table 3.13 shows the performance of different versions of the detector dopifight Test
Set The four columns show the number of faces missed (out of 507), the detection ratgathe t
number of false detections, and the false detection rate (compared with theenaf20 x 20
windows examined.
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Table 3.13: Detection and error rates for thipright Test Setwhich consists of 130 images
and contains 507 frontal faces. It requires the system tmimea a total of 83,099,211
20 x 20 pixel windows.
Missed Detect| False False detect
Type System faces rate | detects rate
One 1) Network 1 (2 copies of hidden units (52 total), 44 91.3% 928 1/89546
network, 2905 connections)
no 2) Network 2 (3 copies of hidden units (78 total), 37 92.7% 853 1/97419
heuristics | 4357 connections)
3) Network 3 (2 copies of hidden units (52 total), 47 90.7% 759 1/109485
2905 connections)
4) Network 4 (3 copies of hidden units (78 total), 40 92.1% 820 1/101340
4357 connections)
One 5) Network 1— threshold(4,1)}- overlap 50 90.1% 516 1/161044
network,
with 6) Network 2— threshold(4,1)- overlap 44 91.3% 453 1/183441
heuristics
7) Network 3— threshold(4,1)- overlap 51 89.9% 422 1/196917
8) Network 4— threshold(4,1)- overlap 42 91.7% 452 1/183847
Arbitrating | 9) Networks 1 and 2~ AND(0) 66 87.0% 156 1/532687
among two
networks 10) Networks 1 and 2» AND(0) — threshold(4,3) 92 81.9% 8 1/10387401
— overlap
11) Networks 1 and 2- threshold(4,2)- overlap— 71 86.0% 31 1/2680619
AND(4)
12) Networks 1 and 2~ threshold(4,2)- overlap— 50 90.1% 167 1/497600
OR(4)— threshold(4,1)~ overlap
Arbitrating | 13) Networks 1, 2, 3— voting(0)— overlap 55 89.2% 95 1/874728
among
three 14) Networks 1, 2, 3 network arbitration (5 hidden 85 83.2% 10 1/8309921
networks units)— threshold(4,1)~ overlap
15) Networks 1, 2, 3 network arbitration (10 86 83.0% 10  1/8309921
hidden units)— threshold(4,1)- overlap
16) Networks 1, 2, 3 network arbitration 89 82.4% 9  1/9233245

(perceptron}- threshold(4,1)}- overlap
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The table begins by showing the results for four individual networks. Networks 1 and 2 are
the same as those used in Sections 3.3.1 and 3.3.2. Networks 3 and 4 are idehetaldrks 1
and 2, respectively, except that the negative example images were praseatéifferent order
during training. The results for ANDing and ORing networks were based on Netwakd 2,
while voting and network arbitration were based on Networks 1, 2, and 3. The netwarke
arbitrators were trained using the images from which the face examplesextgacted. Three
different architectures for the network arbitrator were used. The firstubetten units, as shown
in Figure 3.11. The second used two hidden layers of 5 units each, with complete comhect
between each layer, and additional connections between the first hidden layke anddut. The
last architecture was a simple perceptron, with no hidden units.

As discussed earlier, tharesholdheuristic for merging detections requires two parameters,
which specify the size of the neighborhood used in searching for nearby detectiotiss émesh-
old on the number of detections that must be found in that neighborhood. In the table, these two
parameters are shown in parentheses after the woeghold Similarly, the ANDing, ORing,
and voting arbitration methods have a parameter specifying how close twdialesgor detection
centroids) must be in order to be counted as identical.

Systems 1 through 4 in the table show the raw performance of the networks. Systemsfh
8 use the same networks, but include thesholdandoverlapsteps which decrease the number
of false detections significantly, at the expense of a small decrease in #&tialetrate. The
remaining systems all use arbitration among multiple networks. Usingatbrirfurther reduces
the false positive rate, and in some cases increases the detectisligtatg. Note that for systems
using arbitration, the ratio of false detections to windows examined ismagtyelow, ranging
from 1 false detection pei97, 600 windows to down to 1iri0, 387,401, depending on the type of
arbitration used. Systems 10, 11, and 12 show that the detector can be tuned tomuakeoit less
conservative. System 10, which uses ANDing, gives an extremely small nafrfladse positives,
and has a detection rate of about 81.9%. On the other hand, System 12, which is basedgn ORI
has a higher detection rate of 90.1% but also has a larger number of false deteStistesn 11
provides a compromise between the two. The differences in performance of ysesas can be
understood by considering the arbitration strategy. When using ANDing, a falsetidatmade
by only one network is suppressed, leading to a lower false positive rate. ©th#rehand, when
ORIing is used, faces detected correctly by only one network will be presanapdyving the
detection rate.

Systems 14, 15, and 16, all of which use neural network-based arbitration among thiree ne
works, yield detection and false alarm rates between those of Systems 1 arglystem 13,
which uses voting among three networks, has an accuracy between that of Systenas12.
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3.5.2 FERET Test Set

(€) (b) (@) (b) (€)

Figure 3.14: Examples of nearly frontal FERET images: (a) frontal (grtalpelsfa and
fb , (b) 15° from frontal (group labelsb andrc ), and (c)22.5° from frontal (group labels
gl andqr).

The second test set we used was the portion of the FERET da{#i@lips et al., 1996, Phillips

et al, 1997, Phillipset al, 1999 containing roughly frontal faces. The FERET project was run by
the Army Research Lab to perform an uniform comparison of several faogméion algorithms.
As part of this work, the researchers collected a large database of fagesmigor each person,
they collected several images in different sessions, from with @ifteangles of the face relative to
the camera. The images were taken as photographs, using studio lighting conditiaigjtaret]
later. The backgrounds were typically uniform or uncluttered, as can be seen ie Bigdr There
are awide variety of faces in the database, which are taken at anafréetgles. Thus these images
are more useful for checking the angular sensitivity of the detector, and less issgheasuring
the false alarm rate.

We partitioned the images into three groups, based on the nominal angle of the faxespéct
to the camera: frontal faces, faces at an angtefrom the camera, and faces at an angle$°.
The direction of the face varies significantly within these groups. As candrefsem Table 3.15,
the detection rate for systems arbitrating two networks ranges between 98d.%0@.0% for
frontal and15° faces, while for22.5° faces, the detection rate is between 93.1% and 97.1%. This
difference is because the training set contains mostly frontal facesntergsting to note that the
systems generally have a higher detection rate for faces at an angle thlan for frontal faces.
The majority of people whose frontal faces are missed are wearing glabsgs ave reflecting
light into the camera. The detector is not trained on such images, and expexyesteo be darker
than the rest of the face. Thus the detection rate for such faces is lower.
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Table 3.15: Detection and error rates for tiRERET Test Set
Frontal Faces 15° Angle 22.5° Angle
Number of Images 1001 241 378
Number of Faces 1001 241 378
Number of Windows 255129875 61424875 96342750

# miss / Detect rate

# miss/Detect rate

# miss/Detect rate

Type System False detects / Ratg False detects/Ratg False detects/Rate
One 1) Net 1 (2 copies of hidden units, 5 99.5% 1 99.6% 8 97.9%
network, 2905 connections) 1743 1/146373 446 1/137723 812 1/118648
no 2) Net 2 (3 copies of hidden units, 5 99.5% 0 100.0%| 11 97.1%
heuristics | 4357 connections) 1466 1/174031f 489 1/125613 614 1/156910
3) Net 3 (2 copies of hidden units, 4 99.6% 1 99.6% 8 97.9%
2905 connections) 1209 1/211025 365 1/168287 604 1/159507
4) Net 4 (3 copies of hidden units, 6 99.4% 0 100.0%| 15 96.0%
4357 connections) 1618 1/157682 471 1/130413| 733 1/131436
One 5) Network 1— threshold(4,1)-~ 5 99.5% 1 99.6%| 11 97.1%
network, overlap 572 1/446031 127 1/483660 247 1/390051
with 6) Network 2— threshold(4,1)-~ 5 99.5% 0 100.0%| 12 96.8%
heuristics | overlap 433 1/589214 117 1/524998 131 1/735440
7) Network 3— threshold(4,1}-~ 5 99.5% 1 99.6%| 10 97.4%
overlap 379 1/673165 75 1/818998 135 1/713650
8) Network 4— threshold(4,1}-~ 7 99.3% 0 100.0%| 16 95.8%
overlap 514 1/496361| 107 1/574064f 193 1/499185
Arbitrating | 9) Nets 1 and 2-~ AND(0) 13 98.7% 1 99.6%| 20 94.7%
among two 290 1/879758 102 1/602204f 162 1/594708
networks 10) Nets 1 and 2» AND(0) — 19 98.1% 1 99.6%| 26 93.1%
threshold(4,3)- overlap 2 1/127564937 1 1/61424875 2 1/48171375
11) Nets 1 and 2> threshold(4,2)~ 8 99.2% 1 99.6%| 20 94.7%
overlap— AND(2) 9 1/28347763 2 1/30712437, 3 1/32114250
12) Nets1,2»threshold(4,2)}-overlap 3 99.7% 0 100.0%| 11 97.1%
—OR(4)—threshold(4,1)-overlap 125 1/2041039 36  1/1706246| 55 1/1751686
Arbitrating | 13) Nets 1,2,3- voting(0)— 7 99.3% 2 99.2%| 14 96.3%
among overlap 46 1/5546301 10  1/6142487 20  1/4817137
three 14) Nets 1,2,3— NN (5 hidden units) 13 98.7% 1 99.6%| 20 94.7%
networks — threshold(4,1)- overlap 4 1/63782468 2 1/30712437 2 1/48171375
15) Nets 1,2,3— NN (10 hidden 16 98.4% 1 99.6%| 21 94.4%
units)— threshold(4,1)}~ overlap 4 1/63782468 1 1/61424875 2 1/48171375
16) Nets 1,2,3— NN (perceptron}— 16 98.4% 1 99.6%| 23 93.9%
threshold(4,1)- overlap 3 1/85043291 1 1/61424875 2 1/48171375
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3.5.3 Example Output

Based on the results shown in Tables 3.13 and 3.15, both Systems 11 and 15 malkabbrcept
tradeoffs between the number of false detections and the detection rates8&ystem 11 is less
complex than System 15 (using only two networks rather than a total of four), gfierpble. Sys-
tem 11 detects on average 86.0% of the faces, with an average of one falsede®&e, 680, 619

20 x 20 pixel windows examined in thegpright Test SetFigs. 3.16, 3.17, and 3.18 show example
output images from System 11 on images fromltipeight Test Sét

3.5.4 Effect of Exhaustive Training

All of the experiments presented so far have used the active training algasftSection 3.2.3. In
this section, we examine the performance of exhaustively training the algoritrath available
nonface images, as described in Section 3.2.4. As before, | trained two kepand tested them
independently and with arbitration on thipright Test Set The results are shown in Table 3.19.
As can be seen, the results are not as good as those of the active learning al@orithiote 3.13.
The false alarm rate is significantly lower, but it is unable to detechasy faces. This may be
due in part to a poor estimate of the prior probability of faces in images.

An alternative to combining the two outputs using arbitration heuristics as¢oages the two
probability estimates. Assuming that the two algorithms which produced timea¢ss are inde-
pendent and that the two algorithms are unbiased, the average estimator walllbenss variance;
in other words it should be more accurate. The result of averaging the two netwdkse3.19 is
shown in Table 3.20. As can be seen from this table, the accuracy is compaithtitee arbitration
heuristics used earlier.

The results from doing exhaustive training on the scenery data look promising, babtare
yet as good as the active learning method. This may be in part due to insufficiamtgraf the
networks, caused by the large memory and computational requirements of exhanastivey t
Throughout the rest of this thesis, only the active learning scheme will be used.

3.5.5 Effect of Lighting Variation

Section 2.6 discussed methods to use linear lighting models of faces to éxgliciipensate for
variations in lighting conditions before attempting to detect a face. Theselsmatealso be used

LAfter painstakingly trying to arrange these images conipany hand, we decided to use a more systematic
approach. These images were laid out automatically by thke &@imization algorithi{Baluja, 1994. The objective
function tries to pack images as closely as possible, bymiaikig the amount of space left over at the bottom of each

page.
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Figure 3.16: Output from System 11 in Table 3.13. The label in the uppérdefner of
each image (D/T/F) gives the number of faces detected (B)tdtal number of faces in
the image (T), and the number of false detections (F). The lalihe lower right corner of

each image gives its size in pixels.
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1280x1024

Figure 3.17: Output obtained in the same manner as the examples in Figilée 3
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Figure 3.18: Output obtained in the same manner as the examples in Figilée 3
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Table 3.19: Detection and error rates two networks trained exhaugtwelall the scenery
data, for theJpright Test Set

Missed Detectl False False detect
Type System faces rate | detects rate
One network,| 1) Network 1 (2 copies of hidden units (52 total), 86 83.0% 703 1/118206
no heuristics | 2905 connections)
2) Network 2 (3 copies of hidden units (78 total), 97 80.9% 120 1/692493
4357 connections)
One network,| 5) Network 1— threshold(4,1)}- overlap 93 81.7% 312 1/266343
with
heuristics 6) Network 2— threshold(4,1)}- overlap 100 80.3% 68 1/1222047
Arbitrating 9) Networks 1 and 2-» AND(0) 129 74.6% 80 1/1038740
among two
networks 10) Networks 1 and 2- AND(0) — threshold(4,3) 166 67.3% 4 1/20774802
— overlap
11) Networks 1 and 2- threshold(4,2)- overlap— 147 71.0% 5 1/16619842
AND(4)
12) Networks 1 and 2- threshold(4,2)- overlap— 99 80.5% 103 1/806788
OR(4)— threshold(4,1)}~ overlap

Table 3.20: Detection and error rates resulting from averaging theustpf two networks
trained exhaustively on all the scenery data, forlipeight Test Set

Missed Detect False False detect
System faces rate | detects rate
1) Network 1 (2 copies of hidden units (52 total), 122 75.9% 52 1/1598061
2905 connections)
5) Network 1— threshold(4,1)- overlap 123 75.7% 25 1/3323968

to generate training data for a face detector, so that the neural networkgkaitly learn to handle
lighting variation.

Using lighting models of a total af7 faces collected at CMU, | generated a training database
containing 100 examples of each face, with random lighting conditions, in additidre tosual
small variations in the scale, angle, and center location of the face. €éBuét of training two
networks on these images using the active learning scheme, and testindJpmitite Test Setare
shown in Table 3.21. Given the small number of lighting models available, we vesplect that
the performance would not be comparable with the networks trained on a large numbegf fa
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(as in Table 3.13). The fact that this network is able to detect approxim@i&lyof the faces is
quite surprising; it suggests that much of the variation in the appearance otéactbs accounted
for by lighting conditions. Note that thepright Test Setvas not selected specifically to test the
tolerance of lighting variation.

Table 3.21: Detection and error rates two networks trained with imagesegated from
lighting models, for thé&Jpright Test Set

Missed Detectl False False detect
Type System faces rate | detects rate
One network,| 1) Network 1 (2 copies of hidden units (52 total), 142 72.0%| 2656 1/31287
no heuristics | 2905 connections)
2) Network 2 (3 copies of hidden units (78 total), 156 69.2%| 1278 1/65022
4357 connections)
One network,| 5) Network 1— threshold(4,1)}- overlap 156 69.2%| 1521 1/54634
with
heuristics 6) Network 2— threshold(4,1)- overlap 165 67.5% 845 1/98342
Arbitrating 9) Networks 1 and 2-» AND(0) 242 52.3% 116 1/716372
among two
networks 10) Networks 1 and 2- AND(0) — threshold(4,3) 296 41.6% 4 1/20774802
— overlap
11) Networks 1 and 2- threshold(4,2)- overlap— 251 50.5% 20  1/4154960
AND(4)
12) Networks 1 and 2- threshold(4,2)- overlap— 160 68.4% 374 1/222190
OR(4)— threshold(4,1)}~ overlap

For completeness, | also trained two neural networks oreThaghting model faces, but this
time only with frontal lighting for each model. Again, 100 variations of eacle faere generated,
with slightly randomized translation, scale, and orientation. The resultkedpright Test Set
are shown in Table 3.22. As can be seen, the accuracy is much smaller theatvtloeks trained
with lighting variation, again suggesting the importance of lighting variataihe face detection
problem.

3.6 Summary

The algorithm presented in this chapter can detect between 81.9% and 90.1% of éesetsof 130
test images with cluttered backgrounds, with an acceptable number of fadsti@ies. Depending
on the application, the system can be made more or less conservative by varyangitregion

heuristics or thresholds used. The system has been tested on a wide varieages,imith many
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Table 3.22:Detection and error rates two networks trained with imagésfrnontal lighting
only, for theUpright Test Set
Missed Detect False False detect
Type System faces rate | detects rate
One network,| 1) Network 1 (2 copies of hidden units (52 total), 408 19.5% 226 1/367695
no heuristics | 2905 connections)
2) Network 2 (3 copies of hidden units (78 total), 430 15.2% 161 1/516144
4357 connections)
One network,| 5) Network 1— threshold(4,1)}- overlap 408 19.5% 195 1/426149
with
heuristics 6) Network 2— threshold(4,1)- overlap 433 14.6% 134 1/620143
Arbitrating 9) Networks 1 and 2-» AND(0) 463 8.7% 10  1/8309921
among two
networks 10) Networks 1 and 2» AND(0) — threshold(4,3) 487 3.9% 1 1/83099211
— overlap
11) Networks 1 and 2- threshold(4,2)- overlap— 481 5.1% 2 1/41549605
AND(4)
12) Networks 1 and 2~ threshold(4,2)- overlap— 439 13.4% 28  1/2967828
OR(4)— threshold(4,1)~ overlap

faces and unconstrained backgrounds. | have also shown the effects of using anextraushg
algorithm (for negative examples) and the effect of using a lighting model to gergnathetic
positive examples. In the next chapter, this technique is extended to facesashithied in the
image plane. Chapter 6 will return to the algorithm of this chapter, and presgmtitues on how
to make it run faster.



Chapter 4

Tilted Face Detection

4.1 Introduction

In demonstrating the system described in the previous chapter, the people wdtetdegtonstra-
tion would expect faces to be detected at any angle, as shown in Figure 4tiis thapter, we
present some modifications to the upright face detection algorithm to detecilteatheices. This
system efficiently detects frontal faces which can be arbitrarilyedtevithin the image plane.

Figure 4.1: People expect face detection systems to detect rotatesl. fabeerlaid is the
output of the system to be presented in this chapter.

There are many ways to use neural networks for rotated-face detection. Tlestimould be
to employ the upright face detection, by repeatedly rotating the input image ihisaraments and
applying the detector to each rotated image. However, this would be an ekfreomputationally
expensive procedure. The system described in the previous chapter is invagpptagimately
10° of tilt from upright (both clockwise and counterclockwise). Therefore, the edgtection
procedure would need to be appliatileast18 times to each image, with the image rotated in
increments oR0°.

An alternate, significantly faster procedure is described in this chaptiemding some early
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results in[Baluja, 1997. This procedure uses a separate neural network, termed a “derotation
network”, to analyze the input window before it is processed by the face detett®dérotation
network’s input is the same region that the detector network will receive as. iriptite input
contains a face, the derotation network returns the angle of the face. The windawerabe
“derotated” to make the face upright. Note that the derotation netdoeks notrequire a face as
input. If a nonface is encountered, the derotator will return a meaningless rotdtamver, since
a rotation of a nonface will yield another nonface, the detector network wilhstildetect a face.
On the other hand, a rotated face, which would not have been detected by the detéetok
alone, will be rotated to an upright position, and subsequently detected as aBecause the
detector network is only applied once at each image location, this approach fcaigty faster
than exhaustively trying all orientations.

Detailed descriptions of the algorithm are given in Section 4.2. We then antigzperfor-
mance of each part of the system separately in Section 4.3, and test theteasgptem on three
large test sets in Section 4.4. We will see that the system is able t @8té€% of the faces over
theUpright Test SeandTilted Test Setwith a very small number of false positives.

4.2 Algorithm

The overall structure of the algorithm, shown in Figure 4.2, is quite sinoléne one presented in
the previous chapter. Starting from the input image, an image pyramid is bufitsealing steps
of 1.2. 20 x 20 pixel windows are extracted from every position and scale in this input pgrami
and passed to a classifier.

Input Image Pyramid Extracted Window Histogram Derotated Corrected Histogram Receptlve Fields .
(20 by 20 pixels) Equalized Window Lighting Equalized Hidden Units

mﬁ o
FoO BB = Z
e OBRE& -

Hidden Angle
Input Units Output

Preprocessing Detection Network Architecture
Router Network

Figure 4.2: Overview of the algorithm.

First, the window is preprocessed using histogram equalization (Sectiora@dbjhen given
to aderotation network The tilt angle returned by the derotation network is then used to rotate
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the window with the potential face to an upright position. Finally,deeotated windowis prepro-
cessed with linear lighting correction and histogram equalization, and tlsseg# one or more
upright face detection network, like those in the previous chapter, which decide wbetia the
window contains a face.

The system as presented so far could easily signal that there are tvgoofaeery different
orientations at adjacent pixel locations in the image. To counter such ananaaliet® reinforce
correct detections, clean up heuristics and multiple detection networlengoyed. The de-
sign of the derotation network and the heuristic arbitration scheme are @méserthe following
subsections.

4.2.1 Derotation Network

The first step in processing a window of the input image is to apply the derotationketThis
network assumes that its input window contains a face, and is trained tagsiisiorientation.
The inputs to the network are the intensity values 9 a 20 pixel window of the image (which
have been preprocessed by histogram equalization, Section 2.5). The output anglaaf iota
represented by an array of 36 output units, in which eachiugjresents an angle o 10°. To
signal that a face is at an angle @feach output is trained to have a valuecof(f — i x 10°).
This approach is closely related to the Gaussian weighted outputs used utdheraous driving
domain[Pomerleau, 1992 Examples of the training data are given in Figure 4.3.

WMOZ2OEO0OB0OE0
ROROSORmONEO
HOROBOMORO

Figure 4.3: Example inputs and outputs for training the derotation oekw

Previous algorithms using Gaussian weighted outputs inferred a single valueheombty
computing an average of the positions of the outputs, weighted by their activationangles,
which have a periodic domain, a weighted sum of angles is insufficient. Insteadt{emgret each
output as a weight for a vector in the direction indicated by the output numbed compute a
weighted sum as follows:

35 35
(Z output; * cos(i * 10°), Y _ output; * sin(i * 10°)>
i=0 i=0

The direction of this average vector is interpreted as the angle of the face.
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As with the upright face detector, the training examples are generated fretroraanually
labelled example images containing 1048 faces. After each face is aligried same position,
orientation, and scale, they are rotated to a random known orientation to tgetiexdraining
example. Note that the training examples for the upright detector had small randiatons in
scale and position for robustness; the derotation network performed betteuttitese variations.

The architecture for the derotation network consists of four layers: an inputdé¢e0 units,
two hidden layers of 15 units each, and an output layer of 36 units. Each layer isdotigcted to
the next. Each unit uses a hyperbolic tangent activation function, and the netweaikedtusing
the standard error backpropogation algorithm.

4.2.2 Detector Network

After the derotation network has been applied to a window of the input, the windowatatkd to
make any face that may be present upright. Because the input window for the denoéhiuonk
and detection network are boftd x 20 square windows, and are an angle with respect to one
another, their edges may not overlap. Thus the derotation must resample the argihahage.

The remaining task is to decide whether or not the window contains an upright facthig-or
step, we used the algorithm presented in the previous chapter.The resamgledapaeprocessed
using the linear lighting correction and histogram equalization procedurestzsoriSection 2.5.
The window is then passed to the detector, which is trained to prodémefaces, and-1 for
nonfaces. The detector has two sets of training examples: images whiclcese dad images
which are not. The positive examples are generated in a manner similat tf tha derotation
network; however, the amount of rotation of the training images is limited toahge—10° to
10°.

Some examples of nonfaces that are collected during training were shown i BigurAt
runtime, the detector network will be applied to images which have been dstptd it may
be advantageous to collect negative training examples from the set of derotatadenioméges,
rather than only nonface images in their original orientations. In Section 4.4pbetibilities are
explored.

4.2.3 Arbitration Scheme

As mentioned earlier, it is possible for the system described so far td $ages of very different
orientations at adjacent pixel locations. As with the upright detector, we use somple clean-
up and arbitration heuristics to improve the results. These heuriseagstiated below, with the
changes necessary for handling rotation angles in addition to positions and &zalksletection
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is first placed in a 4-dimensional space, where the dimensions are ahdy positions of the
center of the face, the scale in the image pyramid at which the face wadedktand the angle
of the face, quantized in increments 8f°. For each detection, we count the number of detec-
tions within 4 units along each dimension (4 pixels, 4 pyramid scale$)°9r This number can
be interpreted as a confidence measure, and a threshold is applied. As befdneuttssc is
denotedthreshold(distance,levelXOnce a detection passes the threshold, any other detections in
the 4-dimensional space which would overlap it are discarded. This stelpeid aaerlapin the
experiments section.

To further reduce the number of false detections, and reinforce correct datgatie arbitrate
between two independently trained detector networks. To use the outputs of thesethweoks,
the postprocessing heuristics of the previous paragraph are applied to the outputsiofizatual
network, and then the detections from the two networks are ANDed. The specifiogeeping
thresholds used in the experiments will be given in Sections 4.4,

4.3 Analysis of the Networks

In order for the system described above to be accurate, the derotator andrdetest perform

robustly and compatibly. Because the output of the derotator network is used to izerthal

input for the detector, the angular accuracy of the derotator must be compatiblénevingular

invariance of the detector. To measure the accuracy of the derotator, watgehtst example
images based on the training images, with angles betweéh and30° at 1° increments. These
images were given to the derotation network, and the resulting histogram of aegolaris given

in Figure 4.4 (left). As can be seed2% of the errors are within=10°.
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Figure 4.4: Left: Frequency of errors in the derotation network withpes to the angular
error (in degrees). Right: Fraction of faces that are deteby a detection network, as a
function of the angle of the face from upright.
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The detector network was trained with example images having orientationsdmetw@°® and
10°. It is important to determine whether the detector is in fact invarianbtations within this
range. We applied the detector to the same set of test images as the dem¢atrork, and
measured the fraction of faces which were correctly classified ascion of the angle of the
face. Figure 4.4 (right) shows that the detector detects over 90% of the iatese withinl0° of
upright, but the accuracy falls with larger angles.

Since the derotation network’s angular errors are usually witffinand since the detector can
detect most faces which are rotated ug@®, the two networks should be compatible.

Just as we noted in the previous section that the detector network is applied oolyfézes
which have been derotated, the same observation can be made about faces. hiermasattvork
does make some mistakes, but those mistakes maydtematicin this case the detector may be
able to exploit this to produce more accurate results. This idea will be testhd experiments
section.

4.4 Evaluation

4.4.1 Tilted Test Set

In this section, we integrate the pieces of the system, and test it on thseefsmages. The
first set is theUpright Test Setised in the previous chapter. It contains many images with faces
against complex backgrounds and many images without any faces. There are alt8alhoages,

with 511 frontal faces (of which 469 are withir)° of upright), and 83,099,211 windows to be
processed. The second test set iSRRRET Test Separtitioned into three classes based on how
far the face is from frontal.

Figure 4.5: Example images in th&ilted Test Sefior testing the tilted face detector.
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To evaluate a version of the system which could detect faces that ackitilthe image, we
collected a third set of images to exercise this part of the detectore We® collected from the
same variety of sources as tberight Test SetA few examples are shown in Figure 4.5. The test
set contains 50 images, and requires the networks to examine 34,084,6358) pixel windows.

Of the 223 faces in this set, 210 are at angles of more tbarfrom upright. In the following
sections, this test set will be called thidéted Test Set

The Upright Test SeandFERET Test Sedre used as a baseline for comparison with the pre-
vious chapter. They will ensure that the modifications for rotated faces do not hémepsguility
to detect upright faces. ThEIted Test Sewvill demonstrate the new capabilities of our system.
Figure 4.6 shows the distributions of the angles of faces in each test set) && seen, most of
the faces in the first two sets are very close to upright, while the lasiioas tilted faces. The
peak for the tilted test set 80° is due to a large image with 135 upright faces that was rotated to
an angle oB80°, as can be seen in Figure 4.9.
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Figure 4.6: Histograms of the angles of the faces in the three test setstosvaluate the
tilted face detector. The peak for the tilted test sei(atis due to a large image with 135
upright faces that was rotated to an angl@@f, as can be seen in Figure 4.9.

Knowledge of the distribution of faces in particular applications may allwevdetector to be
simplified. In particular, faces rotated more th&fi may be quite rare in images on the WWW,
so the derotation can be customized to a smaller range of angles, and possildyeb&courate.
On the other hand, a digital photograph manager might use face angles to determine whether
photograph was taken with the camera in a horizontal or vertical orientatiothiSs@pplication,
the detector must locate faces at any angle.
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4.4.2 Derotation Network with Upright Face Detectors

The first system we test employs the derotation network to determine the tarraghany po-
tential face, and then applies two upright face detection networks from thepseshapter, Net-
works 1 and 2. Table 4.7 shows the number of faces detected and the number of false ala
generated on the three test sets. We first give the results of the individuetialeteetworks, and
then give the results of the post-processing heuristics (using a threshold of octeodgtd he last
row of the table reports the result of arbitrating the outputs of the two networksy asi AND
heuristic. This is implemented by first post-processing the outputs of each indivielveork,
followed by requiring that both networks signal a detection at the same locatae, and orien-
tation. As can be seen in the table, the post-processing heuristics sighifreahice the number
of false detections, and arbitration helps further. Note that the detectmforaheTilted Test Set
is higher than that for th&pright Test Setdue to differences in the overall difficulty of the two
test sets.

Table 4.7: Results of first applying the derotation network, then apgyhe standard
upright detector networks.

Upright Test Set Tilted Test Set
System Detect % # False Detect % # False
Network 1 89.6% 4835 91.5% 2174
Network 2 87.5% 4111 90.6% 1842
Net 1— threshold(4,1)- overlap 85.7% 2024 89.2% 854
Net 2— threshold(4,1)- overlap 84.1% 1728 87.0% 745
Nets 1,2— threshold(4,1}~ overlap— AND(4) — overlap 81.6% 293| 85.7% 119

4.4.3 Proposed System

Table 4.7 shows a significant number of false detections. This is in part bebaudetéctor net-
works were applied to a different distribution of images than they wereddaon. In particular,
at runtime, the networks only saw images that were derotated. We would liketth hés dis-

tribution as closely as possible during training. The positive examples usedrnimg are already
in upright positions, and barring any systematic errors in the derotator netwark ahaapprox-
imately correct distribution. During training, we can also run the scemaages from which
negative examples are collected through the derotator. We trained two nestode&tworks us-
ing this scheme, and their performance is summarized in Table 4.8. As caembethe use of
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these new networks reduces the number of false detections by at least a factohefd&tdct rate
has also dropped, because now the detector networks must deal with nonfaces diertiateds

much like faces as possible. This makes the detection problem harder, and tt®detetworks
more conservative. Of the systems presented in this chapter, this one hast tined®e off between
the detection rate and the number of false detections. Images with the alete@sulting from
arbitrating between the networks are given in Figure 4.9.

Table 4.8: Results of the proposed tilted face detection system, whishapplies the
derotator network, then applies detector networks traivifiderotated negative examples.

Upright Test Set Tilted Test Set
System Detect % # False Detect % # False
Network 1 81.0% 1012 90.1% 303
Network 2 83.2% 1093 89.2% 386
Network 1— threshold(4,1}~ overlap 80.2% 710] 89.2% 221
Network 2— threshold(4,1)- overlap 82.4% 747, 88.8% 252
Networks 1 and 2- threshold(4,1)}~ overlap— AND(4) 76.9% 44 85.7% 15

This system was also applied to tRERET Test Setised to evaluate the upright face detector
in the previous chapter. The results are shown in Table 4.10. The general patieerresults is
similar to that of the upright detector in Table 3.15, although the detection n&testightly lower.

This idea can be carried a step further, to training the detection networkescerexamples
which have been derotated by the derotation network. If there are any syistemats made by
the derotation network (for example, faces looking slightly to one side might havesstent
error in their angles), the detection network might be able to take advantages,adinidi produce
better detection results. The results of this training procedure are shdvigure 4.11. As can be
seen, the detection rates are somewhat lower, and the false alasramatgnificantly lower.

One hypothesis for why this happens is as follows: For robustness, the previous detector ne
works were trained with face images including small amounts of rotation Jataorsand scaling.
However, since the derotation network was more accurate without suctioasiat was trained
without them. In this experiment, the positive examples had these sourcesaiforaremoved.
The scale and translation was removed when the randomly rotated facgeated, while the ro-
tation variation is removed the the derotation network. This may have madketector somewhat
brittle to small variations in the faces. However, at the same ifirmakes the set of face images
that must be accepted smaller, making it easier to discard nonfaces.

An alternative hypothesis is that the errors made by the derotation network aggstermatic
enough to be useful. Instead, perhaps they introduce more variability into thefages. Because
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12615x1986

Figure 4.9: Result of arbitrating between two networks trained withodeted negative
examples. The label in the upper left corner of each imagé&/f@/gives the number of
faces detected (D), the total number of faces in the imageafid the number of false
detections (F). The label in the lower right corner of eachdmgives its size in pixels.
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Table 4.10: Results of the proposed tilted face detection system, whishapplies the
derotator network, then applies detector networks traivigiderotated negative examples.
These results are for tHEERET Test Set

FERET Frontal FERET15° FERET22.5°

System Detect %f# False Detect %# False Detect %# False
Network 1 97.7% 1567] 99.2% 388 95.2% 620
Network 2 97.7% 1616/ 99.2% 413| 94.1% 671
Net 1 — threshold(4,1)- overlap 97.6% 898 99.2% 209 94.9% 383
Net 2 — threshold(4,1)- overlap 97.7% 867 99.2% 234 93.0% 373

Nets 1,2— threshold(4,1)}~ overlap— 97.2% 17 99.2% 3 92.0% 12
AND(4) — overlap

of the random error in the recovery of the angle, important facial featuremadoager at consistent
locations in the input window, making the detection problem itself harder. This hyp®tieEs not
explain the lower false alarm rate, however. Both of these hypothesese&seher exploration.

Table 4.11: Result of training the detector network on both derotated$aand nonfaces.

Upright Test Set Tilted Test Set
System Detect % # False Detect % # False
Network 1 67.3% 294| 75.8% 109
Network 2 69.9% 341  79.4% 102
Network 1— threshold(4,1}~ overlap 66.9% 245  75.3% 89
Network 2— threshold(4,1)- overlap 69.1% 278 79.4% 88
Networks 1 and 2- threshold(4,1)~ overlap— AND(4) 61.1% 10 71.7% 6

4.4.4 Exhaustive Search of Orientations

To demonstrate the effectiveness of the derotation network for rotationanvaletection, we
applied the two sets of detector networks described above without the derotatvorkieThe
detectors were instead applied at 18 different orientations (in increroé(s) for each image
location. We expect such systems to detect most rotated faces. Hoasstaning that errors occur
independently, we may also expect many more false detections than the systeargted above.
Table 4.12 shows the results using the upright face detection networks from the piEhaptsr,
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and Table 4.13 shows the results using the detection networks trained withteéeroegative
examples.

Table 4.12: Results of applying the upright detector networks from trexjpus chapter at
18 different image orientations.

Upright Test Set Tilted Test Set
System Detect % # False Detect % # False
Network 1 93.7% 17848 96.9% 7872
Network 2 94.7% 15828 95.1% 7328
Network 1— threshold(4,1}- overlap 87.5% 4828, 94.6% 1928
Network 2— threshold(4,1)- overlap 89.8% 4207 91.5% 1719
Networks 1 and 2- threshold(4,1)}~ overlap— AND(4) 85.5% 559 90.6% 259

Table 4.13: Networks trained with derotated examples, but appliedldi@brientations.

Upright Test Set Tilted Test Set
System Detect % # False Detect % # False
Network 1 90.6% 9140, 97.3% 3252
Network 2 93.7% 7186 95.1% 2348
Network 1— threshold(4,1)~ overlap 86.9% 3998, 96.0% 1345
Network 2— threshold(4,1)- overlap 91.8% 3480, 94.2% 1147
Networks 1 and 2- threshold(4,1)}~ overlap— AND(4) 85.3% 195 92.4% 67

Recall that Table 4.7 showed a larger number of false positives compatedabie 4.8, due
to differences in the training and testing distributions. In Table 4.7, thectdeh networks were
trained with false-positives in their original orientations, but westet@ on images that were ro-
tated from their original orientations. Similarly, if we apply these detenetworks to images at
all 18 orientations, we should expect an increase in the number of false pobitiwasse of the
differences in the training and testing distributions (see Tables 4.12 and A8y etection rates
are higher than for systems using the derotation network. This is because aryyg¢hederotator
network will lead to a face being missed, whereas an exhaustive sealtloeéntations may find
it. Thus, the differences in accuracy can be viewed as a tradeoff bethve@etection and false
detection rates, in which better detection rates come at the expense ofmotelsomputation.
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4.4.5 Upright Detection Accuracy

Finally, to check that adding the capability of detecting rotated faces hasonu at the expense
of accuracy in detecting upright faces, in Table 4.14 we present the result girapthie original
detector networks and arbitration method from Chapter 3 to the three teasséis this chapter.
The results for théJpright Test Setre slightly different from those presented in the previous
chapter because we now check for the detection of 4 upside-down faces, whepresent, but
ignored, in the previous chapter. As expected, the upright detector does well Oprigat and
FERET Test Sets, but has a poor detection rate oifittesl Test Set

Table 4.14: Results of applying the upright algorithm and arbitratioathod from the
previous chapter to the test sets.

Upright Test Set Tilted Test Set
System Detect % # False Detect % # False
Network 1 90.6% 928 20.6% 380
Network 2 92.0% 853 19.3% 316
Network 1— threshold(4,1)- overlap 89.4% 516 20.2% 259
Network 2— threshold(4,1)-~ overlap 90.6% 453 17.9% 202
Networks 1 and 2- threshold(4,2)~ overlap— AND(4) 85.3% 31 13.0% 11

Table 4.15 shows a breakdown of the detection rates of the above systems oth&@as
rotated less or more thdin° from upright, in theUpright Test SeandTilted Test SetAs expected,
the upright face detector trained exclusively on upright faces and negative esamgsieir original
orientations gives a high detection rate on upright faces. The tilted facetidatgsystem has a
slightly lower detection rate on upright faces for two reasons. First, ttextide networks cannot
recover from all the errors made by the derotation network. Second, the detdutorksewhich
are trained with derotated negative examples are more conservatigmatliag detections; this
is because the derotation process makes the negative examples look more $ke/facle makes
the classification problem harder.

Another way to breakdown the results of the tilted face detector is to lookvatelach of
the two stages, the derotation stage and the detection stage, contributel&teitteon rate. To
measure this, we extract tRé x 20 windows in the test sets which contain a face, and compute
the derotation angle using two methods: the neural network, and the alignment methdd used
prepare the training data for this network. By comparing the results of these ethmds, we can
see how accurate the derotation network is on an independent test set. Neatethddrotated by
these two methods can be passed to the detection network, whose detecticandtesneasured
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Table 4.15: Breakdown of detection rates for upright and rotated faxm® the test sets.

All Upright Faces| Rotated Faces
System Faces (<10°) (> 10°)
Tilted detector (Table 4.8) | 79.6% 77.2% 84.1%
Upright detector (Chapter 3)63.4% 88.0% 16.3%

for these two cases. The results of these comparisons, fddphght and Tilted Test Setare
shown in Table 4.16.

Table 4.16: Breakdown of the accuracy of the derotation network and #gteaor networks
for the tilted face detector.

Test Sets
Stage Statistic Upright Tilted
Derotation network output Angle withitD° 69.3% 76.7%
Detector output Manual derotation 61.4% 58.7%
Automatic derotation 49.3% 56.5%
Complete system Detection rate 76.9% 85.7%

As can be seen from the table, there is a between 2% and 12% penalty for using tle neur
network to derotate the images, relative to derotating them by hand. Thisyppagly explains
the decrease in the detection rate compared with the upright detector. Taehakls only the
detection rates when applying a single detector network at a single pixeldoeatd scale in the
image. In practice, the detectors are applied at every pixel locatiosaald, giving them more
opportunities to find each face. This explains the higher detection rates of theeterapstem
(the last line in Table 4.16 relative to the earlier lines.

4.5 Summary

This chapter has demonstrated the effectiveness of detecting faced intdte image plane by
using a derotation network in combination with an upright face detector. Thensystable to
detect 79.6% of faces over several large test sets, with a small numbas®fpositives. The
technique is applicable to other template-based object detection schemesextiohapter will
examine some techniques for detecting faces that are rotated out of the image plane



Chapter 5

Non-Frontal Face Detection

5.1 Introduction

The previous chapter presented a two stage face detection algorithm, in whicdmnflyzes the
angle of a potential face, then uses this information to geometrically naenidat part of the
image for the detector itself. The same idea can be applied in the more gay@radt of detecting
faces rotated out of the image plan. There are two ways in which this could be elppdoalhe
first is directly analogous to the approach for tilted faces: by using knowleddeedfhtape and
symmetry of human faces, image processing operations may be able to comavprofe or half-
profile view of a face to a frontal view. A second approach, and the one we have exploneda
detall, is to partition the views of the face, and to train separate teteetworks for each view.
We used five views: left profile, left semi-profile, frontal, right senwfge, and right profile. A
pose estimator is responsible for directing the input window to one of these viewlkspetectors,
similar to the idea presented [idhang and Fulcher, 1996The work presented here only handles
two degrees of freedom of rotation: rotation in the image plane, and rotation lefttbe right out
of the plane. Extending the algorithm to faces rotated up or down should be straigivtiorw

This chapter in Section 5.2 begins with a discussion of how to estimate tleedimensional
pose of a face given an input image, and how to use this pose information to geathyetigtort
the image to synthesize an upright, frontal view. We will see that the resulte gfrocedure are
not good enough for use in a face detector. Section 5.3 uses pose information t@ sktsttor
customized to a particular view of the face. Section 5.4 shows some egaloithe method.

69
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5.2 Geometric Distortion to a Frontal Face

To detect faces which are tilted in the image place, we simply appbeteamage processing
operators to rotate each window to an upright orientation before applying theatetéete have

a 3D model of the head, and information about the orientation of the head in the imaganwe c
use texture mapping to generate an upright, frontal image of the head. Similagigehihiave
been used in the past of generate frontal images of the face from partial prefile far the face
recognition taskVetteret al, 1997, Beymeet al, 1993. These techniques work quite well, but
are quite computationally expensive, requiring an iterative optimizationegroe to align each
face with the model.

Our algorithm must compute the orientation of a potential face for every window afidnge
before running the detector. There is a fairly large literature on this prolohelading approaches
using eigenspacd#layaret al, 1996, Pentlanét al, 1994, and those using three dimensional
geometric models of the fadelorpraseret al, 1997. Because this algorithm must be applied so
many times, a computationally less expensive technique such as a neural netmorle appro-
priate. The following sections describe the training data for this network, bhweag trained, and
finally describe how texture mapping was used to synthesize an upright, frontabibe/face.

5.2.1 Training Images

To train the pose invariant face detector, | used two additional trainiradpdaés beyond the frontal
face images used in the previous two chapters. These two databases abeddsfore.

FERET Images: The FERET image database was used in testing the upright face detector. How-
ever, the database also contains images from a wide variety of out of platenstand so
it is useful for training this detector in this chapter.

NIST Images: The second database used to train the profile face detector is the NIST mugshot
database. These images frontal and full profile mugshots against fairly unifokgrbaods.
The database can be ordered from NIST at this location on the WM/ www.
nist.gov/srd/nistsd18.htm . Henry Schneiderman hand segmented the faces in
these images from their backgrounds for use in his i8dhneiderman and Kanade, 1998
and kindly allowed me to use his segmentation masks to generate training data.

5.2.2 Labelling the 3D Pose of the Training Images

There are several new issues that arise in creating the training datasf@roblem. As before,
we begin by manually labelling important feature points in images. In the previmpears, we
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aligned the faces with one another by performing a two-dimensional alignment, tesiigg¢ation,
rotation, and uniform scaling to minimize the sum of squared distances betweslab¢lled feature
locations.

Figure 5.1: Generic three-dimensional head model used for alignmére.rifodel itself is
based on a 3D head model fitead1.3ds found on the WWW. The white dots are the
labelled 3D feature locations.

Since we are now considering out-of-plane rotations, the faces must be aligheshe/ianother
in three-dimensions. However, we are given only a two-dimensional repatisentf each face,
and two-dimensional feature locations. We begin with a three-dimensional madgéagric face,
shown in Figure 5.1. The feature locations used to label the face imagebealtedan 3D on the
model. Then, we attempt to find the best three-dimensional rotation, scalingaasthtion of the
model which, under an orthographic projection, best matches each face. A peespeajiction
could also be used, but since it has more parameters, their estimatée Wls robust. This is
similar to the alignment strategy presented in Chapter 2, but using a thmesslonal model.
Unlike two-dimensional alignment, this least-squares optimization no longer blased form
solution in terms of an over-constrained linear system. If we denote thiednsaf feature of the
face ast; andy., and the feature locations of the 3D modekasy;, z;, then optimization problem
is to minimizeFE in the following equation:

2
X
E(S, Ty, T, q) = i - R(q) -
( ) ;(y,) (OSOTy) (q) .
1

where S is the scaling factorR(q) is a4 x 4 rotation matrix parameterized by a four dimen-
sional quaternion, and7}, T, are the translation parameters. Eaglandy, gives rise to an term
which contributes to the summation, and depends nonlinearly on the parametacsiigdytthe
guaterniory). A standard method to optimize such a system is the iterative Levenbargulsidt
method Marquardt, 1963, Press al, 1993. For simplicity, the summation above can be rewritten



72 CHAPTER 5. NON-FRONTAL FACE DETECTION

as a matrix equation, as follows:

E=|| v |- f(P)| =X~ ()

whereP is the vector of parametets T, T, ¢, and f is a vector function generating the coordi-
natoes of the 3D head model from the pose specified by those parameters.
The Levenberg-Marquardt method approximates the functidn using a first-order Taylor
expansion, as follows:
0f(h)
0P
Since the error function is quadratic, it can be minimized by setting itvateré to zero using the
above Taylor approximation, as follows:
OE(lh +AP) 0
OAP OAP

X'~ f(Po + AP)]?

a ! 2
= c?A—P|X — (f(R) + JAP)|
= 2J°(X' = (f(R) + JAP))

=0
This is an over-constrained linear system, whose approximate solution is:
AP =~ (JT) T I(X — f(R))

This solution can only be computed when the initial paramdtgi@e near the minimum, and the
Taylor approximation is accurate. Under these conditions, the update to the pasahfetzan be
very accurate.

However, dependences between the parameters may make the invergion ofimerically
unstable. In some cases, a better approach is that of gradient descent, id\fhiglsomputed as
follows:

QE(R) . (0f(P)\" P
AP o =0 ~2< o5 ) (X' = f(R)) =2J" (X' — f(R))

The Levenberg-Marquardt combines these two methods, as follows:

AP = (JTJ 4+ X)JV (X' — f(R))
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A is a weight for the contributions of the two methods. Wheis zero, the method follows the
Taylor expansion method. Whernis large,A P’s value is dominated by the gradient descent value.
The actual update to the parameters is computed fbm P, + kAP, and the method is iterated
until the parameters converge. Although there are methods to adapt the valu&afquardt,
1963, Presst al, 1993, in this work setting\ to a fixed value oft worked well.

To apply the Levenberg-Marquardt method to matching a face in three-dimensmnsged to
know the f(P) andJ functions. Thef(P) function is given by the above equation relatirigy.
andzx;, y;, z;. The only non-linear portion of this equation is in the rotation mafix) which has a
non-linear dependence on the four quaternion paramgt@tss relationship is shown iiGleicher
and Witkin, 1992, which also describes how to compute thenatrix efficiently.

Using the Levenberg-Marquardt method, we can rotate, translate, andrez8le tace model
in three-dimensions to align it with each of the training faces. In thiptetawe use the FERET
database for training, because it contains faces at a variety of angles.céhméges are roughly
categorized according to their angle from frontal, but the actual angles ofdbs €an vary sig-
nificantly within each category. The approximate angle for each categorydstasaitialize the
Levenberg-Marquardt optimization, which is then run until the parameters ig@ve

As with the alignment procedure in Chapter 2, once the faces are all alignethe/BD model,
the positions of the features on the aligned faces can be averaged to updateuteedesitions
in the 3D model. However, since each facial feature contains only two-dioredsnformation,
they cannot be directly averaged.

Instead, we return to the equation relatirjgy; andx;, y;, z;, and write it in the following form:

S 0 0 T, Vi x
- R(q) - =
0S5 0 T, Zi Yi

1

We can see that when the rotation, translation, and scaling parameterdadearae known, this
equation describes a linear relationship between the feature locations 3Dthedel and the
feature locations on each example face. We can make a larger matrixoequaich includes
all the features of all the faces. This equation will be over constrainedcamtbe solved by the
least-squares method to find the vector of feature locations of the 3D model.

With an updated 3D model, we can go back and update the alignment parameters #fighing
model with each face, and iterate the two steps several times unigigence. The resulting 3D
model feature locations are shown in Figure 5.2 and the results of the alignthesitaied by
rendering the original 3D model together with the face, are shown in Figure 5.3.
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Figure 5.2: Refined feature locations (gray) with the original 3D modslttires (white).

Figure 5.3: Rendered 3D model after alignment with several examplesface

5.2.3 Representation of Pose

In the previous section, | used quaternions to represent the angles of the 3D mod&spéhtr
to the face. Quaternions have several nice properties which make theatiadtfar the type of
optimization used to align the models, because they have no singularities.n@argichanges
in the four-dimensional unit-quaternion space result in continuous changes in therrotatirix.
The expense of this representation is redundancy; rather than the minimal threeteasaneeded
to describe an orientation, four are used.

One result of this redundancy in the quaternion representation is that a quaternitcard
responding negative quaternion both represent the same angle. Any attemptcothestepre-
sentation to one of these pairs (say, by restricting the first component tgsab&gpositive) will
lead to singularities in the representation. The redundancy of this form is not a&prdbt an
optimization procedure using gradient descent, but it is a problem if you want todbmlapping
from an input directly to a quaternion using a neural network.

Ideally, we need a representation which has no singularities, and alsoauwrique repre-
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sentation for each rotation. One simple representation is to use two orthogon@ait3ictors,

one pointing from the center of the 3D model to the right ear, the other pointing along its nose.
This representation is clearly unique (any change in the unit vectors changesetitaten of

the head), and also clearly continuous (any small change in the unit vectoragnes| change

of orientation). Again, this improvement of the representation comes at thefcesiundancy,
because we now need to use six parameters to represent the orientation.

5.2.4 Training the Pose Estimator

From the previous two sections, we have example face images which are aligjnexh&another
in three dimensions, and a continuous representation of the angle of each face.aléhanstc
translation components of the alignment are used to normalize the size and pafséizah angle.
The image is rotated by a random amount in-plane, and the orientation parametatjusted
appropriately. This gives example images and outputs like those shown in FiguresShéfoke,
a number of random variations of each example face are used to increase theesbastthe
system. It is also important to balance the number of faces at each opentgtr this purpose,
we quantize the angle of each face from frontal into incremeni®oaind count the number of
faces in each category. The number of random examples for each face iglyyeoportional to
the number of faces in the category, which equalizes the distribution of this angle
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Figure 5.4: Example input images (left) and output orientations for ploge estimation
neural network. The pose is represent by six vectors of awipits (bottom), collectively
representing 6 real values, which are unit vectors poiritorg the center of the head to the
nose and the right ear. Together these two vectors definérée dimensional orientation

of the face. The pose is also illustrated by rendering the 8dehat what same orientation
as the input face (right).
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The outputs from the pose estimation neural network should be two unit vectors ergprgs
the orientation of the head. Each component of these vectors is represented tayaf autput
units. Their values are computed by a weighted sum of the positions of the outputs Wwéhin t
array, weighted by the activation of the output.

With the training examples in hand, a neural network can be trained. The netwodnhas
input retina of20 x 20 pixels, connected to six sets of hidden units, each of which looks at a
5 x 5 sub-window. These hidden units are completely connected to a layer of 40 hidden units,
which is then completely connected to the output layer. The output consists of @ys arfr 31
units, each representing a real value between -1 and 1. The results of tixslheh some test
images are illustrated in Figure 5.5. When applying the network, the output vectagsiitudes
are normalized, and the second unit vector is forced to be perpendicular tothe firs

Figure 5.5: The input images and output orientation from the neural ostywrepresented
by a rendering of the 3D model at the orientation generatetiéyetwork.

5.2.5 Geometric Distortion

The main difficulty in producing a frontal image of a face from a partial profithad parts of the
face in the original image will be occluded. However, if we assume that thard right sides of
the face are symmetric with one another, we can replace the half of the upragitglfview that
contains partial occlusions with a mirror image of the other half.

Some example results are shown in Figure 5.6, for faces which are lirnigedjtes ofl5° from
frontal. As can be seen, when the pose estimation network is accurate amaehs imilar in
overall shape to the 3D model, the resulting upright, frontal view of the face cquiteerealistic.
However, small errors in the pose estimation result in larger atsifia the frontal faces, and large
errors in pose estimation give results that are unrecognizable as facesioAalt), even if the
pose estimation is perfect, errors in the 3D model of the face (which is gesheric model) will
lead to errors. Given these potential problems, we decided to use anotherchpproa
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Figure 5.6: Input windows (left), the estimated orientation of the héeehter), and ge-
ometrically distorted versions of the input windows inteddo look like upright frontal
faces (right).

5.3 View-Based Detector

Instead of trying to geometrically correct the image of the face, we wilta detect the faces
rotated out-of-plane directly. However, we cannot expect a single neural hetabe able to
detect all views of the face by itself. As mentioned in Section 3.2.1, eveneasing the amount
of in-plane rotation for frontal face images dramatically increase theg este. To minimize the
amount of variation in the images the neural network must learn, we partitioetive of the face
into several categories according to their approximate angle from frontal.

As with the tilted face detection in Chapter 4, the idea is to use a poseatistn network to
first compute the in-plane angle of the face and the category, then rotate the nragae to an
upright orientation, and finally to apply the appropriate detector network. Note thdetbetors
for the faces looking to the right are simply mirror images of the networks for tesfimoking to
the left. This algorithm is illustrated in Figure 5.7.

5.3.1 View Categorization and Derotation

We could apply the same pose estimation network as was used in Section 5.2ehthegesults

will not be good. As was found in Chapter 3, the detector networks work by looking for particula
features (mostly the eyes) at particular locations in the input window. Imagimead rotating

in the input window. As it rotates, all the feature locations will shift withine input window,
meaning that none of the feature locations are stable. This would make the defrotabem
much harder. It would be better to apply the two-dimensional alignment procedure fiactdse
within each category. This would allow each view-specific face detéatooncentrate on specific
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Figure 5.7: View-based algorithm for detecting non-frontal and tilfades.

features in specific locations.

We are still left with the question of how to assign faces to specifiegmates. In light of
the observation that the two-dimensional alignment of feature locations is impost& chose to
use a criterion based on how closely the feature locations align with a pratakygxample of
the category. This prototype is constructed from the three-dimensional model, wihathted to
several angles from frontal, as shown in Figure 5.8. Each of the face examsplegmed as well
as possible with all of the category prototypes, and assigned to the categotghesialosest.
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Figure 5.8: Feature locations of the six category prototypes (whitej,tae cloud of feature
locations for the faces in each category (black dots).

As before, the actual alignment could be an iterative process, first aligtlittgeafaces in
the category with the category prototype, then updating the prototype with the averai§éhef
aligned faces in the category, and repeating. However, in my experiméoisid that simply
aligning each faces with the original category prototype allowed the categbnyation network
to work better. This may be because the original prototypes have geometrionglatith one
another (such as the eyes always falling on the same scan line) which apgelisf the prototypes
are adjusted to the training examples.
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Once the faces are aligned with one another, they are rotated to random in-éartations,
and the resulting images are recorded as the training examples, as shogur&3:9. Associated
with each face example is its in-plane orientation and the category lalsgbefdre, we produce
several random variations of each training face, and the number of variaiohesen to balance
the number of examples in each category.

Left Profile Half Left Left Frontal  Right Frontal Half Right Right Profile
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HC B0 RO B0 BC 80
S0 B8O 8O O B0 [0
JC BO Q0O BO W0 F0O
0O &C A0 B0 8O B0
20 QO GO B0 8O 80

Figure 5.9: Training examples for each category, and their orientdtibels, for the cate-
gorization network. Each column of images represents otsgosy.

Next we can train a neural network to produce the categorization and in-plantatioa of an
input window. The architecture used consists of four layers. The input layer carfsistiss which
receive intensities from the input window, a circle of radius 15 pixels. Tis¢Hidden layer has
localized connections to this circular input. The second hidden layer has 40 units;omplete
connections to the first hidden layer and to the output layer. As was done in Chapter 4 pilte out
angle is represented by a circle of output units, each representing a pawitgler Each category
label has an individual output, and the category with the highest output is consideredht® be t
classification of the window. Note that one difference with the previous workasthe input
window is circular; this makes it possible to rotate the input window in-plankawit having to
recompute the preprocessing steps. With a square window, the derotated wirndosydifferent
pixels than the original window, invalidating the histogram equalization thdbne. As a further
optimization, the rotation is done by sampling pixels at integer coordinators rthtdebilinear
interpolation. This causes a slightly pixelated appearance in the output imdgesicd 5.10.
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Figure 5.10: Training examples for the category-specific detection netg; as produced
by the categorization network. The images on the left argg@a@f random in-plane angles
and out-of-plane orientations. The six columns on the raghtthe results of categorizing
each of these images into one of the six categories, andnmgtiéiem to an upright orien-
tation. Note that only three category-specific networks maltrained, because the left and
right categories are symmetric with one another.

5.3.2 View-Specific Face Detection

We can apply this network to all of its training data, which will categodrd derotate the images
into the appropriate categories, as shown in Figure 5.10. These images can tisau lte train
a set of detection networks. Note that we could have created training dathdesgly on the
original images and their categorizations, but by using the view-categorizaiwork to label
the training data, we hope to capitalize on any systematic errors thayitmake. The training
networks are trained in the same way as those used for the tilted facéodetagarticular, the
negative examples are also run through the view categorization network, to unakbesdetectors
are trained on the same type of images they will see at runtime.

As in the previous chapters, two networks are trained for each of three categand their
results are arbitrated to improve the overall accuracy of the sy®ewall that from the discussion
of the arbitration method in Section 3.4, the main technique is to examine aléthetions within
a small neighborhood of a given detection, and the total number is interpreted as aremnfide
measure for that particular detection. For the upright face detection, the neighbora®ddfmed
in terms of the position and scale of the detection. For the tilted detectoexraldimension,
the in-plane orientation of the head, was added. Small changes in each of theseafimersilt
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in small changes in the image seen by the detector, so the neighborhood of a deseetisityi
defined in terms of a neighborhood along each dimension.

For the non-frontal detector, yet another dimension is needed, that of the out-of-plart®orie
or category, of the head. Unlike the previous dimensions, this dimension has distuete Vde
categories place facial features at different locations; see for exatmpl®cation of the point
between the two eyes for each category prototype in Figure 5.8. To decide whetluatagtions
are in the same neighborhood, the offset between the facial feature locatibeswotcategories
must be taken into account. For each pair of categories, the shift of the point betveevo
eyes is computed. The following procedure is then used to decide whether defeci®m the
neighborhood of detectioh); :

1. If Dy and Dy’s categories differ by more than one, retdiatse
2. If the scales o, and D, more than 4 apart, retufalse

3. Traslate the location db, by the offset for the two categories. The translation is along the
direction indicated by the in-plane orientation/of.

4. Scale the location @b, according to the difference in pyramid levels between the two de-
tections.

5. If the adjusted location @b, further than 4 pixels in- andy from Dy, then returrfalse

6. Returntrue .

Using this concept of neighborhood, the actual arbitration procedure used in this chalpéer i
same as that used for the tilted face detector: First, each individualmetamutput is filtered
to remove spatially overlapping detections, keeping those with a higher cordidsnmeasured
by the number of detections within the small neighborhood. Then, the cleaned resultsweb the t
networks are ANDed together, again using the neighborhood concept to locate cooresponding
detections in the outputs of the two networks.

The results of the individual networks and the complete system are reported in tise ctéb.

5.4 Evaluation of the View-Based Detector

This chapter will use thé&Jpright Test Seand Rotated Test Sdtom the previous chapters to
evaluate the detector. Since the system is now expected to locate profileraadppeafile faces,
an additional 10 faces (for a total of 521) have been labelled ingweght Test Setand one
additional face (for a total of 224) has been labelled inThied Test SetNote that the FERET
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Test Set cannot be reused here, because it was used for training. In additiadytdesthe non-
frontal detection capabilities, three new test sets were used. Thewesetseare described briefly
below, before going into the results of the system.

5.4.1 Non-Frontal Test Set

The first set of images consists of pictures collected from the World Wideanglkocally at CMU.
These images are intended to have a variety of poses, from frontal to prefielieas a variety
of in-plane angles. A typical image is shown in Figure 5.11. The set contains 53 inébge36

faces, and requires the network to examine 16,208,022 windows. In the experinuiots, $his

set is referred to as tidon-Frontal Test Set

Figure 5.11: An example image from thBlon-Frontal Test Seused for testing the pose
invariant face detector.

5.4.2 Kodak Test Sets

Kodak provided a large set of images which we intend to use for testing purposestingnsf
typical family snapshots, with poor lighting, poor focus, partial occlusion, and othergmasbl
which challenge the capabilities of a face detector. Although the actual incagest be shown
here, the image shown in Figure 5.11 is typical of the types of images. The subsetafdbase
used in this chapter, which contains mostly partial and full profile faces}®é&sces in 17 images,
which contain a total of 15,365,395 windows. This will be referred to agtdak Test Set

The second database, known askbdak Research Image Databasensists of studio mugshots
of 89 people from 25 angles for each face. The database contains 2225 images ith&R 2@
faces (3 images are blank), and requires processing of 111,893,025 windows. These phstogra
will be used in evaluating the profile face detector. They consist of imakegHose shown in
Figure 5.12 (the actual images cannot be reproduced here).
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Figure 5.12: Images similar to those in th€odak Research Image Databaseigshot
database, used for testing the pose invariant face deteblote that the actual images
cannot be reproduced here.
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5.4.3 Experiments

To evaluate the view detector network, | first applied it totlpright Test SeandRotated Test Set
to test its capabilities compared with the previous two systems. The pefme results are shown
in Figure 5.13. As before, the accuracy of the system will depend on the types chtwbitrsed.
As can be seen from the table, the system has significantly more falses altenmeither of the two
previous systems, and a slightly lower detection rate for these two tesfl$es suggests that for
applications needing the detection of only upright or tilted faces, one of the two preletetors
is a better choice.

Table 5.13: Results of the upright, tilted, and non-frontal detectanstioe Upright and
Tilted Test Sets

Upright Test Set Tilted Test Set
System Detect % # False Detect % # False
Network 1 80.0% 5499 85.7% 2555
Network 2 78.9% 5092 84.8% 2385
Net 1— threshold(4,1)- overlap 73.1% 2273 77.7% 975
Net 2— threshold(4,1}- overlap 73.3% 2134 76.8% 905
Nets 1,2— threshold(4,1}~ overlap— AND(4) — overlap 67.2% 365| 69.6% 189
Upright (Chapter 3) 83.7% 31 12.9% 11
Tilted (Chapter 4) 75.4% 44 85.3% 15

| next tested the system on the two test sets designed specifically tanméasbility to detect
profile faces. Table 5.14 shows the accuracy of the system using a varietytodtaon methods,
along with the results of the other systems on the same data.

The performance of the upright, tilted, and non-frontal face detectors okatiek Research
Image Databasés shown in Figure 5.15. Next to each image are three pairs of numbers. The
top pair gives the detection rate and number of false alarms for the upright fesmale As we
can see, this detector performs best with frontal images, however ittes uoust to changes in
the orientation of the head. The second pair of numbers gives the performance faethétke
detector. As with the upright detector, it has a high detection rate for franages. However,
its accuracy drops off more quickly than the upright detector as the face is retatdfrom
frontal. The last pair of numbers gives the accuracy of the non-frontal detectdrefe tmages.
The detection rate of this detector is quite uniform over the test imagestidgtboth frontal and
profile faces. The lowest detection rates are for faces looking above ov bedacamera, because
this type of rotation is not covered by the non-frontal detector. As the facesowards profiles,
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Table 5.14: Results of the upright, tilted, and non-frontal detectarsteeNon-Frontaland
Kodak Test Setand theKodak Research Image Database

Non-Frontal Test Sef Kodak Test Set
System Detect%  # Falser Detect % # False
Network 1 75.0% 1313 58.7% 1347
Network 2 65.6% 1367 50.0% 1296
Net 1— threshold(4,1}~ overlap 61.5% 617 41.3% 639
Net 2— threshold(4,1}- overlap 60.4% 627 41.3% 617
Nets 1,2-threshold(4,1)-overlap—~AND(4)—overlap 56.2% 118 32.6% 136
Upright (Chapter 3) 21.9% 7 15.2% 6
Tilted (Chapter 4) 16.7% 5 13.0% 4

the detection rate improves. This is because up and down motion becomesnrotadtie image
plane, which the non-frontal detector is able to handle.

The systems do quite well on these images compared witdphight, Tilted, andNon-Frontal
Test SetsWe suspect that this is in part because of the studio conditions under whikloda&
Research Image Databases collected. The majority of the training data for this system came
from the FERET database, whose pictures were taken under similar studio @esdikor fur-
ther robustness, the system should be trained with profile and partial proéedaquired under
more natural conditions, including faces which are looking slightly up or down wéihee to the
camera.

To get a better understanding of why the detection rates are lower for the non-fem@a
detector than the upright or tilted ones, the non-frontal detector can be broken irgtatyes, and
the performance of each stage can be measured independently. The first $stagkerstation and
categorization network. We applied this3ox 30 circular window in the test sets which contains a
face, and the derotation angle and category of the face are computed using twdsnéte neural
network, and the method used to prepare the training data for this network. By cogpai
results of these two methods, we can see how accurate the derotation ayuttizat®n network
is on an independent test set. Next, the faces derotated and categorizeceldythesethods can
be passed to the detection network, whose detection rates can be measunedddnb cases.
The results of these comparisons, for tharight, Tilted, andNon-Frontal Test Setare shown in
Table 5.16.

It is reasonable to assume that the detection rate using the manual @éssifis the best
possible, and that the detectors can only work when given the correct categoaysbe face
in the wrong category would be aligned incorrectly for the erroneous category.d Basthis
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82.0% 65.2% 47.2% 21.3% 7.9%
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Figure 5.15: Images similar to those in th€odak Research Image Databaseigshot
database, used for testing the pose invariant face det&ctioeach view shown here, there
are 89 images in the database. Next to each representatige iane three pairs of numbers.
The top pair gives the detection rate and number of falsenaldrom the upright face
detector of Chapter 3. The second pair gives the performahtee tilted face detector
from Chapter 4, and the last pair contains the numbers fr@syistem described in this
chatper.
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Table 5.16: Breakdown of the accuracy of the derotation and categawizatetwork and
the detector networks for the non-frontal face detector.

Test Sets
Stage Statistic Upright Tilted Non-Frontal
Derotation and Exact category 49.5% 48.7% 38.5%
categorization network Not categorized 25.1% 20.5% 30.2%
output Angle within10° 42.6% 42.4% 21.9%
Detector output Manual categorization 65.3% 65.2% 39.6%
Automatic categorization 34.9% 31.7% 16.7%
Predicted 32.3% 31.8% 15.2%
Complete system Detect rate 67.2% 69.6% 56.2%

assumption, we can predict that the detection rate using automatic catégaraad derotation
will be the product of the detection rate for manual categorization/derotatiomarfchttion of the

faces for which the categorization/derotation network returns the rigtyaate This prediction

is shown in the “Predicted” line of Table 5.16. Since the prediction accuratatghes the actual
detection rate when using the neural network for categorization and derotagoramsee that
improving the categorization performance will directly improve the dveedection rate.

The table shows only the detection rates when applying a single detector netveoskngte
pixel location and scale in the image. In practice, the detectors aredtlevery pixel location
and scale, giving them more opportunities to find each face. This explains the higbetiate
rates of the complete system (the last line in Table 5.16 relative to therdimes.

Some example results from thupright, Tilted, and Non-Frontaltest sets are shown in Fig-
ure 5.17.

5.5 Summary

This chapter has presented an algorithm to detect faces which are rotatddlweitmage plane.
First, by using geometric distortions, it may be possible to transform a fiaggd from a partial
profile to an upright frontal view, thereby enabling the use of an upright, frontal detddow-
ever, in the experiments shown, it was found to be difficult to align a 3D model thtiegprecisely
enough with the image to perform the transformation accurately; this made ithledisadetec-
tion.

The second approach partitions the out-of-plane rotations of the head into seversabwig
uses separate detectors for each view. This approach is accurate enough ktimgrtha views of
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12801024

Figure 5.17: Example outputimages from the pose invariant system. Tded ia the upper

left corner of each image (D/T/F) gives the number of facegsated (D), the total number
of faces in the image (T), and the number of false detectiBhsThe label in the lower
right corner of each image gives its size in pixels.
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the faces to enable detection. The detection rate and false alarmreape®eer than the systems in
the previous two chapters, but when a particular application requires theidetaigprofile faces,
it may be acceptable.
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Chapter 6

Speedups

6.1 Introduction

In this chapter, we briefly discuss some methods to improve the speed of thdetaceors pre-
sented in this thesis. This work is preliminary, and not intended to be an ekieagigbloration of
methods to optimize the execution time.

6.2 Fast Candidate Selection

The dominant factor in the running time of the upright face detection system destirisethr is

the number oR0 x 20 pixel windows which the neural networks must process. Applying two net-
works to a320 x 240 pixel image on a 175 MHz R10000 SGI O2 workstation takes approximately
140 seconds. The computational cost of the arbitration steps is negligible in coonpaaisng

less than one second to combine the results of the two networks over all posittbesnmage of

this size.

6.2.1 Candidate Selection

Recall that the amount of position invariance in the detector networks detehmmenany win-
dows must be processed. In the related task of license plate detectiorashegploited to decrease
the number of windows that must be procesdénhezaki, 1995 The idea was to make the neural
network be invariant to translations of about 25% of the size of the license piateatl of a single
number indicating the existence of a face in the window, the output of Umezaki’'s rikeisvan
image with a peak indicating the location of the license plate. These outpws@amaulated over
the entire image, and peaks are extracted to give candidate locationsigeligiates.

91
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The same idea can be applied to face detection. The original detector weslttaidetect a
20 x 20 face centered in 20 x 20 window. We can make the detector more flexible by allowing
the same0 x 20 face to be off-center by up to 5 pixels in any direction. To make sure the nietwor
can still see the whole face, the window size is increased to 30 pixels. Thus the center of the
face will fall within a10 x 10 pixel region at the center of the window, as shown in Figure 6.1. As
before, the network has a single output, indicating the presence or absence of anfacktdctor
can be moved in steps of 10 pixels across the image, and still deteated|tfaat might be present.
The scanning method is illustrated in Figure 6.2, for the upright face detectionmloffe figure
shows the input image pyramid and thex 10 pixel regions that are classified as containing the
centers of faces. An architecture with an image output was also triedhwielded about the
same detection accuracy, but required more computation. The network vmesltuging the same
active learning procedure procedure described in Chapter 3. The windows are pssprbwith
histogram equalization before they are passed to the candidate selectotknetwor

As can be seen from the figure, the candidate selector has many more faise @ian the
detectors described earlier. To improve the accuracy, we uge the0 detectors described earlier
to verify it. Since the candidate faces are not precisely located, tifecagon network’s20 x 20
window must be scanned over the x 10 pixel region potentially containing the center of the
face. A simple arbitration strategy, ANDing, is used to combine the outputsmf/érification
networks. The heuristic that faces rarely overlap can also be useducereomputation, by first
scanning the image for large faces, and at smaller scales not processtngneéich overlap
with any detections found so far. The results of these verification stepBustrated on the right
side of Figure 6.2.

6.2.2 Candidate Localization

Scanning thé0 x 10 locations within the candidate for faces can still take a significant amount of
time. This can be reduced by introducing another network, whose purpose is to lobealizee
more precisely. In the upright face detection domain, this network takes<a30 input window,

and should produce two outputs, thendy positions of the face. These outputs are represented
using a standard representation. Each output has a range-fiaat, so the output is represented
by a vector of 20 outputs, each having an associated value of in the +age 10. To get the

real valued output, a weighted sum of the values represented by each output is cbmihde
outputs are trained to produce a bell curve with a peak at the desired output. tgenvalues,

the window centered on the face can be extracted and verified. This technigbe g&ewed as
similar to the derotation network used in Chapter 4. As with the derotatiovonletwe must check
that the localization network is accurate enough, and the detection netwovkigint enough, to
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Figure 6.1: Example images used to train the candidate face detectoh &@ample win-
dow is30 x 30 pixels, and the faces are as much as five pixels from beingEhtori-
zontally and vertically.

the location of the face. Figure 6.3 shows an error histogram for the locahzagitwork, and the

sensitivity of the upright face detector networks to how far off-center theia&nce the average
error of the localization network is quite small, the verification networkednenly be applied

once, at the estimated location of the face.

6.2.3 Candidate Selection for Tilted Faces

The same idea can be applied in the tilted face detection domain. We begairbgdra candidate
detector with examples of faces at different locations and orientations inghéwindow. Like
with the upright candidate selector, the idea is that this network should be abtaitta¢e portions
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Input Pyramid Candidate Locations Verified Faces

Figure 6.2: lllustration of the steps in the fast version of the face dete On the left is the
input image pyramid, which is scanned witl3@& x 30 detector that moves in steps of 10
pixels. The center of the figure shows thiex 10 pixel regions (at the center of t136 x 30
detection windows) which th20 x 20 detector believes contain the center of a face. These
candidates are then verified by the detectors describedapt€h3, and the final results are
shown on the right.

of the input from consideration. However, since the set of allowed images ismasvn more
variable, the candidate selector has a harder task, and it cannot elimimasngsreas, so the
speedup will not be as large as in the upright case.

In addition to producing the andy locations of the face, the tilted localization network must
also produce the angle of the face. The angular output is represented in the same thay a
derotation network used in Chapter 4. With these resalisx 20 windows for the detection
networks can be generated. Again, we need to evaluate the accuracy of theatamahetwork, as
shown in Figure 6.4. As we know from earlier, the face needs to be centet@d @aftout 1 pixel
(from Figure 6.3, and within an angle of abauit® (from Figure 4.4) to be detected accurately.
Since the localization of this network is not as accurate as the upright deteetoged to apply
the detectors to verify several candidate locations. Specifically, teetdeis applied at 3 different
x andy values and 5 angles around the estimated location and orientation of the face.
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Histogram of Location Errors

Face Detection vs. Position
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Figure 6.3: Left: Histogram of the errors of the localization networglative to the cor-
rect location of the center of the face. Right: Detectior m@itthe upright face detection
networks, as a function of how far off-center the face is.rBaftthese errors are measured
over the training faces.
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Figure 6.4: Left: Histogram of the translation errors of the localipatinetwork for the
tilted face detector, relative to the correct location of trenter of the face. Right: His-
togram of the angular errors. These errors are measuredh®/gaining faces.
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Background Change Mask

Figure 6.5: Examples of the input image, the background image which iscaylng av-
erage of the input, and the change detection mask, used itahienamount of the image
searched by the neural network. Note that because the pkesobeen stationary in the
image for some time, the background image is beginning todechis face.

6.3 Change Detection

Further performance improvements can be made if one is analyzing many pictkeasby a
stationary camera. By taking a picture of the background scene, one can deteman@artions
of the picture have changed in a newly acquired image, and analyze only those portibes of t
image.

In practice, changes in the environment, lighting, or automatic adjustments astbegain in
the camera can change the intensity of the image. One way to deal with thisses the differences
between consecutive images. However, if a person remains relattitebetween two frames, the
face detector will lose track of the face. We need an intermediate batusing a fixed background
image, and using the previous image, to detect changes.

The intermediate | choose was to use a moving average of the inputimage as thedhadkgr
The background model is initialized from the first input image. For subsequent fraradsck-
ground model is updated according to the rule:

backgrounti= 0.95 - backgroundt 0.05 - input

Then we compute the difference between the background and the input, and apply a threshold
of 20. Before applying the candidate detector to a window, we first check if thexecéstain
number of pixel have changes above the given threshold. This pixel threshold is seloguit
because if a person stays fairly still in the image, the only changing pixelatar border of their
face. An example of the input image, background image, and change detection mdskarens
Figure 6.5.
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6.4 Skin Color Detection

All of the work described thus far has used grayscale images. If color infaymitiavailable, it
may help the detector. Specifically, if there is a fast way to locg®ns of the image containing
skin color, then the search for faces can be restricted to those regionsmoiipe.

A fast technique for locating skin color regions is describeldHunke, 1994, Yang and Waibel,
1994. It first converts the color information to a normalized color space, by divitiaged and
green components by the intensity. These values are then classified by aGampkan classifier,
which has been trained with skin color samples. The researdtiuinke, 1994, Yang and Waibel,
1994 found that, perhaps surprisingly, for constant imaging and lighting conditions, skin colors
for all races form a fairly tight cluster in normalize color space. Rewank described ifJones
and Rehg, 1998using a very large number of images collected from the world wide web showed
there are slightly differences between the races, but that a simple laistdgased model of skin
color can accurately model the distribution of skin color.

For our work, however, we used the Gaussian model. This model has the advantage of not
requiring many training images. We apply the skin color classifier to theageecolor of each
2 x 2 pixel region of the input image. The averaging reduces the noise that is typicadgnpia
the cheap single-CCD color cameras usually provided with workstations. Thieme lag@plying
the candidate selector to a window of the image, the number of skin color pixelsregioa are
computed, and if this number is above a threshold, the region is evaluated by the taselieletor.

Note that the observed color associated with skin will depend strongly on theraamnd the
lighting conditions. One way to make the detector tolerant of this fact is to tha skin color
model with images from a wide variety of conditions. However, this tends teertiae skin color
model so broad that it cannot effectively reduce the search area. A hgtteragh is to model the
skin color as the system is running.

We begin by using a very broad color model. Effectively every region of the imalyaeed
to be processed, but the candidate selection and motion cues can speed thiup. fade has
been detected, pixels from the center of the face (to avoid the eyes, gasdesouth, which are
not skin colored) are extracted and used to update the Gaussian model. Oveh¢irBaussian
model will become more precise, allowing the detector to rule out larges afehe image and
run faster. This process is illustrated in Figure 6.6.

If the lighting conditions change, the skin color model may no longer be accurate, asd face
will be missed. One technique to deal with this is to broaden the skin color model ndfaces
are detected. Eventually, the skin color model will accept skin regions, andecaarrowed down
again once a face is detected.

This method has been used in a real-time demonstration system, and has beequiteind
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Figure 6.6: The inputimages, skin color models in the normalized cgbaice (marked by
the oval), and the resulting skin color masks to limit thegptial face regions. Initially,
the skin color model is quite broad, and classifies much ob#ukground as skin colored.
When the face is detected, skin color samples from the facas®d to refine the model, so

that is gradually focuses only on the face.
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effective at adjusting the skin color model tightly enough to improve the spedtealdtector,
while able to adjust quickly to changes in the environment.

6.5 Evaluation of Optimized Systems

Using the candidate selection method, the upright face detection takes approxiznseéeonds

to process a typical20 x 240 pixel image on an SGI O2 workstation with a 175 MHz R10000
processor. Use of the candidate localization network can reduce this to arfiseéncorporating
the skin color and change detection algorithms brings the processing time to aboutdhfisse
This time depends on the complexity of the scene, the number of candidate regions thahdre f
and the amount of skin color and motion present. Since the original processing tinfielas
seconds, this represents a speedup of about 95 without skin color, and 280 with.

The tilted face detection method can also be made faster using the carshbtiatton tech-
nique, improving the processing time from 247 seconds f82(ax 240 image to 14 seconds.
Using skin color and motion can reduce this further, to about 1.5 seconds. Agairmissviill
depend on images themselves. The speedup in this case is about 17 without skimncdol@5 a
with skin color. These speedups are small than the upright face detector bevausedidate
selector network gives more false alarms, and because the localizateorkes not as accurate,
requiring more effort to verify each face.

To examine the effect of these changes on accuracy, it was applied tdptight Test Set
and Rotated Test Setsed the previous chapters. The results are listed in Table 6.7, along with
the results for the unmodified systems. Note that since these test sets obssisic grayscale
images, the skin color and change detection modules are not being used. The times rawort
for a typical320 x 240 pixel image, when color information is not used. With a color model well-
tuned to the lighting conditions in the image, the fast upright detectors take aboutcOrise
while the tilted detector takes about 1.5 seconds. For comparison, the non-fronttdidetquires
335 seconds on the same image.

As can be seen in the table, the systems utilizing the candidate selethadhhave somewhat
lower detection rates than the original systems. This is to be expectefhlaaynegatives by the
candidate selector, or localization errors by the localization networkiegililt in more faces being
missed. By the same logic, however, the number of false alarm will alseatse

The use of the change and skin color detection techniques will exaggerate thidatieet.
This suggests that the detector itself could be made less conservative (peyregissting the
threshold of the neural network outputs) to improve the detection rate while dorgrble number
of false alarms.
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Table 6.7: The accuracy of the fast upright and tilted detectors coetpaiith the original
versions, for th&JprightandTilted Test Sets

Upright Test Set Rotated Test Set| Time
System Detect % # Falsg Detect% # Falsg (seconds)
Upright candidate selecter verification 74.0% 8 10.8% 6 2
Upright candidate selecter localization— verification 56.9% 0 8.1% 0 15
Tilted candidate selecter localization— verification 40.9% 0 54.7% 1 14
Upright (Chapter 3) 85.3% 31 13.0% 11 140
Tilted (Chapter 4) 76.9% 44 85.7% 15 247
6.6 Summary

This chapter has shown three techniques, candidate selection, change detectiskin aador
detection, for speeding up a face detection algorithm. These techniques takbetbget proven
useful in building an almost real-time version of the system suitable foodstration purposes.
The speedups for upright face detector were 65 and for tilted face detectioWexethe cost of
a small decrease in the detection rate.



Chapter 7

Applications

7.1 Introduction

This chapter introduces a few applications of the face detection work presentki ithesis.
These system actually use the algorithm and implementation of the upright faceodekescribed
in Chapters 3 and 6.

7.2 Image and Video Indexing

Every year, improved technology provides cheaper and more efficient ways ofyséowl retriev-

ing visual information. However, automatic high-level classification ofitifi@rmation content is

very limited. The first class of applications involves indexing of image andovdtigabases, or
providing convenient access to such databases.

7.2.1 Name-It (CMU and NACSIS)

The Name-Itsystem[Satoh and Kanade, 1996, Satoh and Kanade,]18st developed at CMU
as part of thenformediaproject[Wactlaret al, 1994, attempted to automate the labelling of faces
in video sequences such as TV news stories. The face detector was apphketi image in the
video, and the face images and times at which they appeared were recorded.

Automatic speech recognition was applied to the audio, and combined with clapgdnc
information to produce a textual transcript of the video. Using a dictionary of Engishs,
proper names could be extracted from the transcript, along with the times ¢t thlgise names
occurred.

When a name occurred at nearly the same time as a face, a co-occurrercgascomputed
for that pairing of the name and the face. By measuring the similarity of #tat With all other

101
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detected faces, this co-occurrence score could be transferred to albiotiiar detected faces. In
this work, the similarity was measured using the eigenface méthemtlancet al, 1994, although
any face recognition method could be used.

Pairings of faces and names which have high co-occurrences can then be usedédsr goer
instance, the user of the system could ask for “Clinton”, and get faces thatrareanly associated
with the name “Clinton” in the news, perhaps including President Clinton or hidyfanm@mbers.
The system automatically handles special cases such as news show hostast®sppear at
the same time that many names appear in the transcript. It does this byrdptdoen one face is
associated with too many names.

7.2.2 Skim Generation (CMU)

Another application of the face detector in thrdormediaproject was generating summaries of
video [Smith and Kanade, 1996, Smith and Kanade, 19906 generate an understandable and
useful summary of a video, one needs to select the parts of the video that are imporpamtant
images might include those immediately after a scene break, those that certathdse that are
associated with important keywords in the transcript, or those that contaas, fas detected by
the upright face detector. By combining these cues, the researchers were@blduce summary
videos which effectively captured the main content of longer videos.

7.2.3 WebSeer (University of Chicago)

The WebSeeproject attempted to build an index of images on the World Wide Y¥ehnkelet
al., 1994. Each image that it collected from the web was associated with keywelelstead from
the Web page containing the image and from the file name itself. These keywordseeras the
main search terms.

In addition, each image was classified according to a number of criteriat, Ehe image
was classified as either black and white or color, as a real image ociaftyfigenerated with a
painting program. Then, the face detector was applied, to measure the numbereaoiifaces
which appeared. This allows the image to be classified as a “crowd sa@rieéad and shoulders
portrait”, “close up portrait”. These classification criteria couldntii® used to limit the search
results.

Although thewebSeeprogram did not try this, one could imagine applying Name-Itsystem
to the face and associated text found on the World Wide Web, and automaieatyassociations
of names and faces there.
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7.2.4 WWW Demo (CMU)

An interactive demonstration of the upright face detector described in Cliastexailable on the
World Wide Web athttp://www.cs.cmu.edu/"har/faces.html . This demonstration
allows anyone to submit images for processing by the face detector, and e skxtdction results
for pictures submitted by other people.

7.3 User Interaction

The second class of applications involves allowing a computer to intertitavgerson in a more
natural way. These include systems such as security cameras whichtfezpabple who enter a
building without requiring such things as sign-in sheets, allowing robots to know aperson is
present, or for amusement.

7.3.1 Security Cameras (JPRC and CMU)

A number of other researchers have obtained copies of the system for use as pareatadgni-
tion project. One group which has actually built a system around the detectdhes &istsystem
Pittsburgh Research Cen{&ukthankar and Stockton, 1999, Satal., 1999. Researchers there
set up a security camera at the door, and used the fast version of the uprigtargetesented in
Chapter 6 to locate the faces before feeding them to the recognizer.

Another “security” camera was set up at the entrance of a building on the CaMetign
Campus. It only ran the face detector, and showed the results in a monitor ribet tamera,
to entertain the people who visited the building. During nearly a year of operaliergystem
detected nearly 25,000 faces, of which approximately 10% were false aldimesraw images
were not recorded, so the false negative rate is hard to estimate.

7.3.2 Minerva Robot (CMU and the University of Bonn)

Researchers and companies have begun developing mobile robotic tour guides which antong othe
technologies use computer vision to observe their environment and their audience. Baseof
systems, Minvera, was deployed at the Smithsonian Institution’s NationaWusf American
History in Washington D.C[Thrunet al, 1999. It applied the face detector to images from its
vision system, and displayed pictures of the people it was talking to on its weldihough the

output of the face detector was not used in controlling the robot, one could imagine using it t
enhance the interaction between the audience and the robot in a number of ways, caortipieme

the other sensors. The robot could first notice when people are present, and lookingbabthe r
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to gauge interest, either in the robot or in the exhibits. If the robot has a “fdeeTate detector
can be used to make the robot “look” at a particular person when explaining an exhibit.

7.3.3 Magic Morphin’ Mirror (Interval Research)

Researchers at Interval Corporation built an interactive art exhibleccghe Magic Morphin’
Mirror‘ [Darrell et al, 1999. The goal of this project was to capture images, locate the faces,
distort them in interesting ways, and present the image to the user all tinneato give the ap-
pearance of a mirror which distorted faces. To achieve this goal, they usecety of techniques

to locate and track faces in real time, including skin color detection, chdetgetion, and the
upright face detector presented in this thesis. The exhibit was presentedaGGRAPH 1997
conference.

7.4 Summary

This chapter has given a summary of the published applications of the face detechamues
presented in this thesis. In general, the reactions from the authors of thesasyss been quite
positive.

However, some general problems have been noted, and should be addressed in future wor
First, even with the techniques presented in Chapter 6, the system is m@neint fast enough
for real applications. In particular, security systems and robots must epenag¢ar real time, and
systems which process video or images from the WWW must deal with large gesnfitmages,
so high speed is important.

Secondly, these projects have pointed out the limitations of being able to detectpoigijt
frontal faces. Unfortunately, the current approaches for detecting tilbes e somewhat slower,
and for detecting profile faces are too inaccurate for use in other applications.



Chapter 8

Related Work

Compared with face recognition, the topic of face detection for its own sakerglatively un-
explored until the early 1990s. Since then, however, partly due to the well known lwork
Sung[Sung, 199§ the field has become more developed. In this chapter, | will discuss some
of this research. It can be broadly broken into two categories: The first categes a template-
based approach, in which statistics of the pixel intensities of a window ofntlage are used
directly to detect the face. The second approach uses geometric informatidetdnying the
presence of particular geometric configurations of smaller features of thelfadéalso briefly
mention some commercial systems which include face detection compondmsigalinot much
technical information is available about how they work.

In some cases, the authors of these systems have tested their algorithmsameftest sets |
have used. Where possible, | will present performance comparisons among théalgohtost
of the algorithms in the literature have focused on detection of upright facespsioof the com-
parisons will use th&pright Test Seand theFERET Test Set

In this thesis, a number of specific issues needed to be addressed, such asipat®mrest
synthesizing face images, and feature selection, came up. The end of thig enfigtescribe
some related approaches to these subproblems.

8.1 Geometric Methods for Face Detection

When computer vision was in its infancy, many researchers explored algenithinh extracted
features from images, and used geometric constraints to understand theraeatsgef these fea-
tures. This was in part because of limited computational resources. Theioedadnhformation
from feature extraction made computer vision feasible on early computers.

It is natural then that some of the first face processing algorithms used thesaappand some
of them are described in the following sections. Although this approach wadlinimotivated by
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limited computational resources, it remains valuable to this day.

8.1.1 Linear Features

One of the earliest projects on face recognition is describédanade, 197B In order to detect
and localize the face, the image (which was generally a mugshot) was aaht@en edge image,
and then projected onto the horizontal and vertical axes. By looking for partigatterns of
peaks and valleys in these projections, the program could recognize the locationsya&theose,
mouth, borders of the face, and the hairline. If the patterns did not match the ekpalttes, then
the image was rejected as a nonface. Although the focus here was on recognitiorgrtsone
of the first attempts to detect whether a face was present in an image.

The detector described [Yang and Huang, 1994ises an approach quite different from the
ones presented above. Rather than having the computer learn the face patberdstected, the
authors manually coded rules and feature detectors for face detection. Someteaseof the
rules were then tuned based on a set of training images. Their algorithm pratded® phases.
The first phase applies simple rules such as “the eyes should be darker than tfdlresace”
to pixels in very low resolution windowsl{4 pixels) covering each potential faces. All windows
that pass phase one are evaluted by phase two, which applies similar (but nadexiyietles to
higher resolutior8 x 8 pixel windows. Finally, all surviving candidates are passed to phase three,
which used edge-based features to classify the full-resolution windoithas a face or a nonface.
The test set consisted of 60 digitized television images and photographs, eaghiogrine face.
Their system was able to detect 50 of these faces, with 28 false detections

8.1.2 Local Frequency or Template Features

Other researchers have located at the detection of more localized suteseaf the face[Yow
and Cippola, 199%aused elongated Gaussian filters (about 3 pixels wide) which were able th dete
features like the corners of the eyes or the mouth. By looking for specific arrangeohémse
features, they were able to detect faces in an office environment. Smcetner features are so
small, they are relatively invariant to the orientation of the facakimg their detector reasonably
robust to out of plane rotations.

The work presented ifLeunget al,, 1995, Burl and Perona, 19P@sed correlation in the local
frequency domain to locate sub-features of the face like the eyes, nose, andofénéemouth.
Each of these features was not very robust, and gave a large number of faise. dtbowever,
using a random graph matching technique, they were able to locate specific areatgefithese
features which are present in faces. They use a statistical model ofHeopositions of each
feature vary with respect to the others, built from real face imagesaisse the individual feature
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detectors and the graph matching algorithm are invariant to in-plane rotdteoyérall detector
is also invariant to in-plane rotation, like the work presented in Chapter 4.

8.2 Template-Based Face Detection

Many face detection systems are template-based; they encode fagaisimiaectly in terms of
pixel intensities or colors. These images can be characterized by prot@mlisiels of the set of
face images, or implicitly by neural networks or other mechanisms. The parenhatthese mod-
els are adjusted either automatically from example images or by hand. Theifg/lsubsections
describe these methods in more detail.

8.2.1 Skin Color

One of the simplest methods to locate faces in images is to look for oval shegieds of skin
color. Many researchers have used this technique, includingke, 1994, Yang and Waibel,
1996, Jones and Rehg, 1998, Choudretrgl., 1999. In this work, skin color was characterized
in a normalized color space by a Gaussian distribution. This is the same rhatiélused for
locating skin color regions in the Chapter 6 when speeding up my algorithm. Skin caled ba
algorithms have two main advantages. First, they can be implemented &i frame rate on
normal workstations. Second, because they do not use specific facial featuyesmetinebust to
changes in the orientation of the head both in and out of plane.

8.2.2 Simple Templates

The disadvantages of skin color based methods is that if other skin color is prefeatnmage
(such as hands or arms), then these regions may be tracked by mistake. S@reheesdave
tried to use simple templates to complement the results of skin color mg{dirchfield, 1998.
These templates have ranged some ovals correlated with the edge imag@piithe correlation
patterns for the skin-colored and non-skin-colored regions (like the eyes, hairpaind Tihese
techniques are able to improve the robustness of the color based detectorghbutxaiense of
speed. However, generally these trackers still need to be initiakzbdhe starting location of the
face.

8.2.3 Clustering of Faces and Non-Faces

Sung and Poggio developed a face detection system based on clustering teciBugqged 996
Their system, like ours, passes a small window over all portions of the imagdegdetermines
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whether a face exists in each window. Their system uses a supervisedictustethod with six

face and six nonface clusters. Two distance metrics measure the distarcaput image to the
prototype clusters, the first measuring the distance between the test @attethe cluster's 75
most significant eigenvectors, and the second measuring the Euclidean distaneen the test
pattern and its projection in the 75 dimensional subspace. These distanceendesar close ties
with Principal Components Analysis (PCA), as describefSung, 1996 The last step in their
system is to use either a perceptron or a neural network with a hidden layeedtta classify

points using the two distances to each of the clusters. Their system igitraitiie4000 positive

examples and nearly 47500 negative examples collected in a bootstrap manoarparison, our

system uses approximately 16000 positive examples and 9000 negative examples.

Table 8.2 shows the accuracy of their system on a set of 23 images (a portionlgright
Test St along with the results of our system using the heuristics employed by Systems 10, 11,
and 12 from Table 3.13. IfSung, 1998 149 faces were labelled in this test set, while we labelled
155 upright faces. Some of these faces are difficult for either system to.détestiming that
Sung and Poggio were unable to detect any of the six additional faces we labdetiedimhber of
faces missed by their system is six more than listed in their papere Bablshows that for equal
numbers of false detections, we can achieve slightly higher detection rates.

Table 8.1: Comparison of several face detectors on a subset diphnight Test Setwhich
contains 23 images with 155 faces.

Detection  False
System Rate Alarms
10) Networks 1 and 2» AND(0) — threshold(4,3)~ overlap 81.3% 3
11) Networks 1 and 2> threshold(4,2)- overlap— AND(4) 83.9% 8
12) Networks 1 and 2~ threshold(4,2)- overlap— OR(4)— threshold(4,1)- overlap 90.3% 38
Detector using a multi-layer netwolBung, 1996 76.8% 5
Detector using perceptrd®ung, 1996 81.9% 13
Support Vector MachingOsunaet al., 1997 H 74.2% 20

The main computational cost for the system describd®img, 1996is computing the two
distance measures from each new window to the 12 clusters. We estimati@sr@mputation
requires fifty times as many floating point operations as are needed tdyclkasgindow in our
system, where the main costs are in preprocessing and applying neural netwbeka/itodow.
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8.2.4 Statistical Representations

In recent work, Colmenarez and Huang presented a statistically baseddfer face detec-
tion [Colmenarez and Huang, 199Their system builds probabilistic models of the sets of faces
and nonfaces, and compares how well each input window compares with thesetégories.
When applied to th&Jpright Test Settheir system achieves a detection rate between 86.8% and
98.0%, with between 6133 and 12758 false detections, respectively, depending oshalthre
These numbers should be compared to Systems 1 through 4 in Table 3.13, which hawendetect
rates between 90.7% and 92.7%, with between 759 and 928 false detections. Althoufgisthe
alarm rate is significantly higher, their system is quite fast. It would beresting to use this
system as a replacement for the candidate detector described in Chapter 6.

Another related system is described Pentlandet al, 1994. This system uses PCA to de-
scribe face patterns (as well as smaller patterns like eyes) withexddimensional space than the
image space. Rather than detecting faces, the main goal of this work idyaeimages of faces,
to determine head orientation or to recognize individual people. Howeversogassible to use
this lower-dimensional space for detection. A window of the input image can be faojeto
the face space and then projected back into the image space. The differemeerbte original
and reconstructed images is a measure of how close the image is to being Althoeigh the
results reported are quite good, it is unlikely that this system is as rob[8tag, 1998 because
Pentland’s classifier is a special case of Sung and Poggio’s system, usingegpsisifjive cluster
rather than six positive and six negative clusters.

In more recent work, Moghoddam and Pentland’s approach uses a two component distance
measure (likdSung, 199§, but combines the two distances in a principled way based on the
assumption that the distribution of each cluster is Gauddioghaddam and Pentland, 1995b,
Moghaddam and Pentland, 1995&he clusters are used together as a multi-modal Gaussian dis-
tribution, giving a probability distribution for all face images. Faces ateaed by measuring how
well each window of the input image fits the distribution, and setting a threshabiid. detection
technique has been applied to faces, and to the detection of smaller fdkizitbe eyes, nose,
and mouth. In the latter case, the authors were able to get significantly ietppevformance by
not requiring that all the smaller features be detected.

Moghaddam and Pentland’s system, along with several others, was teste6FERE& evalu-
ation of face recognition methodBhillips et al, 1996, Phillipset al,, 1997, Phillipset al, 1999.
Although the actual detection error rates are not reported, an upper bound can be fienve
the recognition error rates. The recognition error rate, averaged ovitreaiésted systems, for
frontal photographs taken in the same sitting is less than 2% (see the rank 3 iresidjure 4
of [Phillips et al, 1997, Phillipset al, 1999). This means that the number of images containing
detection errors, either false alarms or missing faces, was las@%af all images. Anecdotally,
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the actual error rate is significantly less than 2%. As shown in Table 3.15yst@ns using the
configuration of System 11 achieves a 2% error rate on frontal faces. Givesrgjeedifferences

in performance of our system dJpright Test Seand the FERET images, it is clear that these two
test sets exercise different portions of the system. The FERET imagesnexdma coverage of

a broad range of face types under good lighting with uncluttered backgrounds, whiJetigéat
Test Setests the robustness to variable lighting and cluttered backgrounds.

Another statistical representation was used by Schneiderman in his wardrtalfand profile
face detectiodSchneiderman and Kanade, 1998tarting with the idea of building a complete
model of the distribution of face images, he simplified the model by making a numbsswha-
tions, until the model was tractable. These assumptions included quantizingrspaations of
the input image to fixed set ef 10° patterns, and modelling the frequency and location of those
patterns in the image. Using a set of face images, a histogram of the faeepaihd their loca-
tions could be built. The same general histogram model was used to model all theenomdges
in a set of scenery images. Unlike the work presented in this thesis, higlafgaloes not require
iterative training; each example can be presented once. The results shdalle 8.2 are quite
good, in fact slightly more accurate than the results of Chapter 3. Currentipaimedisadvantage
of his system is the speed, in part because it Gdes 64 pixel windows to detect the faces, but
ongoing work is addressing the issue of speed.

Table 8.2: Comparison of two face detectors on tpright Test SetThe first three lines
are results from Table 3.13 in Chapter 3, while the last tlarefrom[Schneiderman and
Kanade, 1998 Note that the latter results exclude 5 images (24 faces) mand-drawn

faces from the complete set of 507 upright faces, because# more of the context like
the head and shoulders which are missing from these faces.

Detection  False
System Rate Alarms
10) Networks 1 and 2» AND(0) — threshold(4,3)~ overlap 81.9% 8
11) Networks 1 and 2> threshold(4,2)- overlap— AND(4) 86.0% 31
12) Networks 1 and 2~ threshold(4,2)- overlap— OR(4)— threshold(4,1)-~ overlap 90.1% 167
Histogram modelSchneiderman and Kanade, 1998 77.0% 1
Histogram modelSchneiderman and Kanade, 1998 90.5% 33
Histogram modelSchneiderman and Kanade, 1998 93.0% 88
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8.2.5 Neural Networks

The candidate verification process used to speed up our system, describepter 6his similar to

the detection technique presentedVAillant et al, 1994. In that work, two networks were used.
The first network has a single output, and like our system it is trained to produceiggaaitie for
centered faces, and a negative value for nonfaces. Unlike our system, fotifatare not perfectly
centered, the network is trained to produce an intermediate value redatedtfar off-center the
face is. This network scans over the image to produce candidate face loc@hensetwork must

be applied at every pixel position, but it runs quickly because of the its aralniéeaising retinal
connections and shared weights, much of the computation required for one applicatien of t
detector can be reused at the adjacent pixel position. This optimization retherpreprocessing

to have a restricted form, such that it takes as input the entire image, @thacess as output a new
image. The nonlinear window-by-window preprocessing used in our system cannot be used. A
second network is used for precise localization: it is trained to produce apasisponse for an
exactly centered face, and a negative response for faces which are noédetités not trained

at all on nonfaces. All candidates which produce a positive response from the setootkrage
output as detections. One possible problem with this work is that the negativegraxamples

are selected manually from a small set of images (indoor scenes, dimnilarsse used for testing
the system). It may be possible to make the detectors more robust using the paoéstiag
technigue described here in this thesis anSinng, 1996

8.2.6 Support Vector Machines

Osuna, Freund, and GirogDsunaet al, 1997 have recently investigated face detection using a
framework similar to that used {'sung, 1996and in our own work. However, they use a “support
vector machine” to classify images, rather than a clustering-basdtbchet a neural network.
The support vector machine has a number of interesting properties, including thHeatactrtakes
the boundary between face and nonface images more e{figityes, 199 The result of their
system on the same 23 images usefbinng, 1996is given in Table 8.1; the accuracy is currently
slightly poorer than the other two systems for this small test set.

8.3 Commercial Face Recognition Systems

In the last few years, a number of commercial face recognition systems haxedbeeloped,
and most include some type of face detection capaljNigfasco, 1998, Johnson, 1997, Wilson,
199d. Not much has been published about how these systems work, apart from the dntivies a
although all of the companies claim to have excellent results.
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8.3.1 Visionics

Visionics (ttp://www.visionics.com/ ) produces a face recognition toolkit called Facelt.
Anecdotally, this system has good recognition performance (much more robust thbhasthe
eigenface system described Pentlancet al, 1994). In the FERET evaluation, it achieved recog-
nition rates of recognition scores of over 98% on images taken at the samg, itttting an upper
bound on the false negative error rate of about 2%.

The only information on the algorithm | could find published on the system were in a nggrspa
article[Velasco, 199B In that article, it is stated that the algorithm uses a variant of thentzige
technique, but one that concentrates on smaller features of the face (like sha@se, and mouth)
rather than the entire face. It is not clear whether this describes thelédeetion component as

well, or only the recognition component.

Table 8.3: Results of the upright face detector from Chapter 3 and ticelEdetectors for
a subset of th&pright Test Setvhich contains 57 faces in 70 images.

Detection  False
System Rate Alarms
Facelt 61.4% 0
Upright Face Detector 86.0% 6

Table 8.4: Results of the upright face detector from Chapter 3 and tleelFdetectors on

theFERET Test Set
Frontal Faces 15° Angle 22.5° Angle

Number of Images 1001 241 378

Number of Faces 1001 241 378
Detection False Detection False Detection False

System Rate Alarms Rate Alarms Rate Alarms
Facelt Detector 98.7% 3 99.6% 0 96.0% 1
Upright Face Detectofr| 99.2% 9 99.6% 2 94.7% 3

To better evaluate the accuracy of the system, the Facelt system waslapgi subset of the
images used to evaluate the upright face detector of Chapter 3. Although the dysteth has a
mode which detects all faces in an image, the recommended mode for the highescgads a
single face-per-image mode. To perform a fair evaluation in this mode, omgaesmwith one (or
zero) faces were used in the evaluation. The results for this subsetdibtignt Test Setontaining
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70 images with 57 faces are presented in Table 8.3, and fdfERET Test Sah Table 8.4. As
can be seen, the results of the two detectors are comparable f6ERIET Test Setvhile for the
Upright Test SeFacelt detects signicantly fewer faces. This difference in perforesasieggests
that not only are the cleaenr faces images in FEERET Test Setasier to detect, but perhaps
that the Facelt detector is specifically tuned for such faces. It would beesting to run the
Facelt software in the mode where it detects all faces, applied to swaigfe more than one face.
Detecting a single face in an image can be significantly easier thartidgtatt faces, one could
simply detect all faces and only return the one with the highest confidence.

8.3.2 Miros

Miros produces another commercial face recognition system. Accord[ivgl@sco, 1998 it uses
neural networks looking at smaller features of the face for recognition. No infamma available
about the recognition techniques or the system’s accuracy.

8.3.3 Eyematic

The company Eyematidtp://www.eyematic.com/ )is producing a face recognition prod-
uct based on the work presented[Wiskott et al, 1994. Although the work presented in that
paper does not mention the problem of face detection, the measurement technique thbg desc
should be able to distinguish faces from nonfaces. However, since the technigbe mate com-
putationally expensive, they presumably use a simpler first pass to locatelatnfdices. Their
webpage states that the system uses color, depth, motion, and intensity pattdetedbon, but
does not say how it works.

8.3.4 \Viisage

Viisage fttp://www.viisage.com/ ) also produces face recognition software. Their web-
site states that their recognition system is based on the eigenface woldqel/at MIT; presum-
ably their face detection system also uses eigenfaces.

8.4 Related Algorithms

In this section, | will describe a number of algorithms related to problems isethe this thesis,
and justify the algorithms | chose to use.
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8.4.1 Pose Estimation

Researchers have looked at the problem of how to recognize many poses of an abjeffirient
way. One useful approach has been to compute eigenfeatures from the set of intagesbpdct
under different poses, thus reducing the dimensionality of the space so that a-neagkkbr
search can be effectid@ayaret al, 1996, Neibercet al, 1994. These techniques have been
applied to object and pose recognition rather than object detection; in mars) tasebject is
already extracted from the background. Also, these systems have no explicit medelatibn
other than that caused by changes in object pose, making them brittle to such sbwesestion.

Some work on eigenfaces has also included a simple pose estimatiofPstetandet al.,
1994. In this work, training images from a number of poses were collected, and sep@y@tspace
were built for each pose. To classify a new image as a given pose, the distgoastruction error
between the input and each eigenspace was measured. The eigenspace withiebedistance
was considered the correct orientation. Although the accuracy and robustnesstettmique
might be appropriate for determining the overall pose, it is quite computationgdBnsive; the
cost of projecting the image into a single eigenspace is almost the same as thlenetwork
evaluation used in Chapters 4 and 5.

8.4.2 Synthesizing Face Images

The work of[ Vetteret al., 1994 suggests that for bilaterally symmetric objects (such as faces and
cars), a large number of views of the object can be generated from a single viewjformation
about which points in the image are symmetric points on the object. This may providg &ow
synthesize example images if real examples are scarce.

All of these techniques may provide ways to synthesize training images of diffeoen a few
examples. Although they might also be of use in synthesizing a frontal image from raipbte
face in a partial profile (like the approach in Section 5.2, these methods waydedurther
development. They all require optical flow computation or other dense correspondetveesroe
the input image and the standard images in the database, which is quite compuyagiqreaisive
to produce. This would be prohibitive for an algorithm must be run for windows at eveey pi
location in an image.
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Conclusions and Future Work

9.1 Conclusions

This thesis has demonstrated the effectiveness of detecting faces usieqy Based approach
implemented with neural networks. Chapter 2 showed how to align trainingm&amwith one
another, preprocess them to remove variation caused by lighting and cameerefes. To detect
faces, each potential face region is classified according to its posemagd plane normalizations
are applied rotate the region to an upright orientation and improve contrastedibes are passed
through several neural networks which classify it as a face or nonface, arlg fieatesults from
these networks are arbitrated to give the final detection result.

The thesis has shown a series of face detectors, with varying degreesitiisgtsthe orien-
tation of the faces. Chapter 3 presented an upright frontal face detectoh wascable to detect
between 77.9% and 90.3% of faces in a set of 130 test images, with an acceptabér ntifalse
detections. Depending on the application, the system can be made more or lessatvaseyv
varying the arbitration heuristics or thresholds used. The system has bedotestevide variety
of images, with many faces and unconstrained backgrounds. A fast version ofj¢iighath can
process a 320x240 pixel image in about 1 second on an SGI O2 with a 175 MHz R10000 processor.

Chapter 4 described a version able to detect tilted faces, that is fat@ed in the image
plane. The approach was to detect such faces by using a derotation network im&iombivith
an upright face detector. This system is able to detect 85.7% of faces in édstrgath tilted faces,
with a small number of false positives. The capability of detecting tiiéegs comes with a small
expense in the detection rate. The technique is applicable to other templatkebgesct detection
schemes. A fast version of this system takes about 14 seconds to process a2ypicall0 pixel
image on an SGI 02, and use of skin color and change detection provides an additiodapspee

Finally, Chapter 5 presented a generalization of the algorithm to handlertaeésd out of the
image plane. This system is somewhat less accurate that the upright antéettectors, but in

115



116 CHAPTER 9. CONCLUSIONS AND FUTURE WORK

some applications its additional capabilities may be useful. Chapter 7 dentedshat these face
detectors have been useful in practice, as evidenced by the number of other sgstepwating
the upright face detector and applying it to real world data.

An additional contribution of this thesis is the methodology for building and trainirecea f
detector, beginning with suggestions for collecting and aligning training exantptesigh parti-
tioning the examples into views, to training the classifier itself. In pple¢ the same techniques
should apply to other objects.

9.2 Future Work

There are a number of directions for future exploration. The active learning &lgontroduced
in Chapter 3 and used throughout this thesis could be refined in a number of ways, at the expens
of more computation. Just as additional negative examples are chosen in amestiver during
training, so could the positive examples. In particular, the small randamzat the position,
orientation, and scale of the faces in the input windows could be performed durimigdraand
new examples should be added only when the network misclassifies them. Thislowayhal
system to be trained with a smaller number of face examples than is cymueat.

In Chapter 5, it was stated that uniform backgrounds in example face images shmatskde
during training, to prevent the detector from learning to expect such backgroundss thehis,
the backgrounds were set randomly at the time the training set was built. Instepaould be
randomized during training. Also, the replacement backgrounds should be selected keindioml
the scenery images rather than synthesized, which would improve thegmeahlthough these
modifications are quite straightforward, they were not implemented in thissthwesk simply
because the additional computational expense would be too large.

Another training option to explore is to do away with active learning altogethewas men-
tioned in Section 3.2.3, active learning is essentially a speed optionizabince it changes the
distribution of nonface examples seen by the network, it is not the “correct” thiratp t but it
works well in practice. Training exhaustively on all the negative exampleatigrincreases the
computational cost of training the system, but in the future it may be a feasilié@ophe prelim-
inary experiment on this option in Section 3.5.4 gave slightly poorer results ttiae &earning,
perhaps due to the computationally limited amount of training. Training on the truédigin
should improve the accuracy, assuming that enough training time and traininglesaawailable.

These points reveal that one of the limitations of the system is the iterediveéng required
by the neural network used for pattern recognition. A number of statistical moesisaned in
Chapter 8 on related work only require a single pass through the training datada ustogram
of the face and nonface images. Unfortunately, the fast statistical magelsoa particularly
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accurate[Colmenarez and Huang, 1997and the accurate methods are (at the moment) quite
slow [Schneiderman and Kanade, 1998-urther work on such models may uncover a simple
model of face images which can be trained quickly.

Another aspect of training that can be examined is the way that the training esaemel
aligned with one another. Throughout the work on this thesis, proper alignment of the $eature
of the training examples was critical to the performance of the system. ri@lyrrhis is done by
aligning manually labelled feature points. However, the neural networks do ethase feature
locations directly; rather they see the intensity images. The right wayigo #dlem is to align
the examples in image space. Given the amount of variability in the images¢hess, this is a
difficult problem, but one worthy of attention.

This work has focused as much as possible on using real example images, bothn@dces
nonfaces, to train the detector. This approach requires large amounts of tdaténglrhere has
been some research on building synthetic images of faces using three-dimeosmthar types
of models which may be applicabl¥etter and Blanz, 1998, Vettet al, 1997. Recent work
has also examined the problem of synthesizing realistic textures, which migid@a systematic
way to generate background imagBsnet, 1997.

All of the work in this thesis, with the exception of a few experiments to spgethe system
in Chapter 6, have used static grayscale images. When color or motion ebéd@aihere may be
more information available for improving the accuracy of the detector. Whemage sequence
is available, temporal coherence can focus attention on particular portidnsioiages. As a face
moves about, its location in one frame is a strong predictor of its locationxirfraane. Standard
tracking methods, as well as expectation-based metligalgja, 1998, can be applied to focus
the detector’s attention. In addition, when a face cannot be detected in one¢ liecaase of pose,
lighting, or occlusion, it may be detectable in other frames.

Color information was used in Chapter 6 to speed up the algorithm, but it maynatsove
the accuracy. In particular, the detection network could be trained witr odbrmation. In this
thesis, | avoided the use of color for two reasons. First, humans can easily faces in grayscale
images, so it was interesting to see if a computer could do the same. A nagmaic reason is
that color would increase the number of inputs to the neural networks, making thenn, sdlode
requiring more training examples to train and generalize correctly. Hewnvgiven appropriate
training data, this additional data source might be valuable.

Although this thesis has concentrated on the detection of faces, there are otuts Ot
one might want to detect. Most of the algorithm is general and could be applied ty@npit
object which has a relatively consistent appearance. Some preliminaryomodietecting cars
(specifically car tires) and eyes using the same techniques yielded promasuilgs, but more
domains should be explored.
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