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STUDIES ON SENSITIVITY OF FACE RECOGNITION PERFORMANCE TO
EYE LOCATION ACCURACY

Abstract

by
Haoshu Wang

Face recognition systems generally require location of &atandmarks (often eyes)
as an essential preprocessing step. Eye location estimatas be assessed in absolute
terms (e.g., proximity to known eye location) and also in apation-speci ¢ terms
(e.g., performance of a system that employs the location). his thesis assesses an
automatic commercial eye- nding system in both absolute ah application-speci c
terms, using two face recognition systems and a database bdbusands of images.
Experimental results highlight the sensitivity of both sysems to accurate eye location
estimation as well as quality face lighting. Time-lapse ed is also investigated in this
study, and the results suggest that the face recognition 9gsn performance degrades

with elapsed time.
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CHAPTER 1

INTRODUCTION

\The three most important problems in face recognition areegistration, registra-

tion, and registration!" - T. Kanade, invited lecture at AVBPA 2003 (paraphrase)

Face recognition approaches can be divided coarsely intopsarance-based and
geometry-based techniques. Regardless of the approach¢umate registration is a
crucial issue. In most cases, eyes can be the most reliablatdees for the image
registration. First, eye positions are not easily a ected ¥ other face changes, such
as mouth location which can be a ected by the expression or Hgcial hair. Second,
the interocular distance is relatively constant, and can based to normalize the face
image for registration. Poorly registered faces yield nompresentative prototypes
in projection spaces, and fail to accurately capture locaa€ial features in geometric
approaches. Third, the orientation of the interocular linecan be used to correct the
head pose, which is crucial to some face recognition systepgsformance. The eye is
often viewed as the most important feature of the face. Hjelas et al. [8] proposed
a face recognition system which employed eyes as the onlyid&éeature to recognize
the face, and this approach obtained a surprisingly high caact classi cation rate of
85%.

Early studies of the eye in digital images gave some basic agefor eye measure-
ments. Nixon [15] proposed a method to measure the eye spaciin his study, the

eye was modeled as a circle for the iris and an ellipse for thelesa boundary. The



critical problem is that the edge of the iris may be covered bthe eyelid when taking
the face picture. Since a Hough transformation can extract@rcle pattern even when
it is partly occluded, it is used to detect the iris boundary.Experiments with a set of
6 face images under similar lighting conditions yielded srthali erences between the
true eye positions and the estimated ones.

Based on those studies, many novel automatic eye extractiasr eye location
detection algorithms have been developed during the last émty years, such as
eigenfeature-based method [17], deformable template-bdsnethod [4] [5] [10], Gabor
wavelet Iter method [9], variance projection function algrithm [6], neural network
[17] and so on. We now give a brief description of the appligab and performance
of those algorithms.

Ryu and Oh (2001) proposed a facial feature location algohitn based on eigen-
features and a neural network [17]. Eigenfeatures are dexd/from eigenvalues and
eigenvectors of a binary edge dataset constructed from eyedamouth elds, and can
locate eye and mouth e ciently. Those extracted eigenfeates are used to train a
multilayer perceptron, and the output indicates the degre¢o which a speci c image
window contains an eye or a mouth. This study also shows thabttrain the neural
network, only a small number of frontally presented face inges are needed. The
experiment results showed a recognition rate on 61 facial ages of 14 people with
varying facial size and pose of 96.8% for the eyes and 100%tfa@ mouth.

Deformable template methods have been used in eye detectifam a long time.
Yuille et al. proposed the use of a deformable template to extract the ey@indary
in 1989 [21]. Deformable templates consist of a parametertk template of simple
geometric primitives and an energy function. The energy fution is de ned according
to a priori knowledge about the expected shape of features and is usedjtode the

contour deformation process using geometrical constragt



However, there are two major weaknesses for the deformab&iplate method.
First, the algorithm tends to be computationally intensiveand slow. Secondly, its
convergence is highly dependent on the initial position ohe template.

Chen et al. [4] proposed a simpli ed deformable template model, whicheduced
the processing time while sacri cing some precision of thexteacted contours. How-
ever, the degraded precision contour is still of su cient gality for recognition pur-
poses, as demonstrated in their work.

Chow et al. [5] used the deformable template to extract eye features aftestimat-
ing the approximate position of eyes, which can help to aceeate the convergence of
the deformable template tting process. The Hough transfan was used for the eye
location estimation.

Later, Lam and Yan [10] introduced an eye corner detection lseme to this de-
formable template approach. Once the eye corner is detectetie template can be
initialized accurately, which reduces most of the time needl to process the template.
Experiments showed that 40% of execution time was saved anthetter eye boundary
was located due to the use of the eye corner information.

Xue et al. (2003) [20] introduced a facial feature extraction algoititm using a
Bayesian Shape Mode{BSM) and an a ne invariant deformable model. A full face
model, consisting of the contour points and the control pots, is developed to describe
the face shape. The BSM is used to match and extract the contopoints of a face.
The ane invariant deformable model is to describe the localshape deformations
between the prototype contour in the shape domain and the daimable contour in
the image domain. Experiments veri ed that the BSM is more eective and accurate
than an Active Shape Model

Huang and Wechsler (1999) [9] implemented optimal waveletpkets for eye rep-

resentation and radial basis functions for the subsequentassi cation of the facial



area, such as eye vs. non-eye regions. Experimental resdtowed 85% accuracy
when detecting eye regions on a database of 45 images from BERET collection.

Besides the ways to locate or detect the eye directly, manyeyetection methods
locate the rough face or eye windows rst, and then process ae-scale eye detection
technique on these face or eye windows. Feng and Yuen (20@&])droposed a method
to locate the eye window by usinghree cuesfrom the face. The rst cue is the eye's
relatively low intensity compared to the whole face. The sead cue is the direction of
the interocular line determined by PCA and the third cue is tle result of convolving
their proposed eye variance Iter with the image. Based on thse three cues, cross
validation is applied and a list of possible eye window pairs generated. In most
cases, the number of such pairs produced is 1 or 2. For eachgiole eye window, the
Variance Projection Function (VPF) is used for eye detection and veri cation. They
document eye detection accuracy of 92.5% with 930 face imagem the MIT Al lab
database with di erent poses and hairstyles.

Lin et al. [11] proposed a new way to locate eyes based on valley eld egion
and measurement of fractal dimensions. Firstly valley ledletection is used to extract
the possible eye candidates from the complex backgroundetihthe local properties
of these eye candidates are checked (such as roughness aiht@tion represented by
fractal dimensions), and nally the possible eye pairs arerguped. The possible eye
pairs are then further veri ed by comparing estimated fracal dimensions of the eye-
pair window and the corresponding face region with the respiaze means of the fractal
dimensions of the eye-pair window and the face regions. Thager also proposed a
modi ed method to estimate the fractal dimension, which isdss sensitive to the
lighting condition. Experiments on the MIT face database stw that the proposed
approach can achieve an overall rank 1 correct rate of 100%thaut head tilt and

head-on lighting, and 90.6% with head tilt. When the light sarce deviation to the



faces is 45 degrees to frontal, the rank 1 correct rates foretlupright and tilted faces

are 87.5% and 85.9%, respectively. The experiment resultsing the ORL database
show that the overall rank 1 correct rate for upright faces i192.9%, and for the face
subjected to a slight perspective variation is 82.4%. It wasoncluded that this method

could be robust to locate eyes under di erent scales, oriations, lighting conditions

and slight perspective variations.

Camus and Wides [3] proposed a method to localize the iris apdpil boundary of
a human eye in close-up images. The pupil and iris' diametereaapproximately 130
to 160 pixels in a 640 480 image. This work used anulti-resolution coarse-to- ne
search approach to maximize gradient strengths and uniformities sasured across
rays radiating from a candidate iris or a pupil's central pait. Experiments with 670
eye images, which included very low contrast, specular reegon and oblique views,
yielded 98% localization accuracy.

Miao et al. [13] used a human facgravity-center templatefor face location, which
also provided position information for the eyebrows, eyesiose and mouth. First,
the original image is processed to produce a binary edge ineagrhen, based on the
face organs' location information obtained from the grawt-center template match,
the regions around the organ such as eyes are scanned and 4 fkewts, which can
determine the size of the organs, are located. Once these kmjints are located, the
shape of organs is characterized by curve tting. The expemental results were good.
The main advantages of this approach are simplicity, speeda robustness. It took
0.28 seconds for each image on average on a Pentium-550 P@, iamworked well with
a complex background.

All the algorithms we reviewed above tried to locate eye pdsins as accurately
as possible, which will a ect the face recognition systemiserformance signi cantly.

However, there is little understanding of the e ect of eye lecation on a face recognition



system's performance. Marquest al. [12] conducted a study on eigenface-based face
recognition scoring. Their experimental results suggeshat the eigenface algorithm

iS more sensitive to eye positions that deviate above or beldhe enrolled reference
than those that deviate left or right from the enrolled refeence.

In this thesis, we examine the e ect of eye location accuragyn face recognition
systems' performance and the sensitivities of di erent facrecognition systems to eye
location accuracy. We test two di erent face recognition sstems: an open source
PCA based system developed at Colorado State University [@hd the Facelt system
[1] from Identix. For Facelt, both their older version G3 andthe newer version G5
are tested. G5 was claimed to have a much better performancean G3 for both
automatic face- nding function and face recognition. In tke rest of the thesis, we will
denote the older version G3 as Facelt-G3 and the newer versiG5 as Facelt-G5. In
this study, facial image data is drawn from a database of ov&3,000 high-resolution
color images collected at the University of Notre Dame [7] tsupport longitudinal face
recognition studies. Each image in the database is accompeth by \ground truth
writing" of eye locations selected by a trained human. Eye oodinates were also
extracted using the face- nding function (eye locater) inluded in the Facelt suite,
and both versions, G3 and G5, are employed. Then, face recdgm experiments are
performed with the PCA system, Facelt-G3 and Facelt-G5 usmall three sets of eye
coordinates.

The remainder of this thesis is organized as follows. Chapt2 will provide details
on the data collection. Chapter 3 describes the eye locatidechniques employed and
assesses the performance of the automatic system againsnmal eye location mark-
ing. Chapter 4 brie y described the two face recognition sysm used in this study.
Chapter 5 describes experiments and results for face reciigm trials using manual

and automatic eye location. Chapter 6 addresses situatiomghere the automatic eye



location technique provides poor or no results. Chapter 7 gvides comments and

conclusions.



CHAPTER 2

DATA COLLECTION

The database used in these experiments was collected betwé&pring 2002 and
Spring 2003 at the University of Notre Dame, and forms a compent of a large
database that supports longitudinal (time-lapse) studie®f the face recognition sys-
tems' performance [7]. Approximately 200 experimental sydxcts were photographed
weekly with a high-resolution color digital camera under iar controlled lighting and
expression conditions. In addition, two additional pictues were acquired under un-
controlled lighting at each visit. Many subjects participded the image acquisition
weekly over a period of one and half years. Following is a bridescriptions of the
image acquisition, and terms we will use later. We will be caerned primarily about
the lighting conditions, the facial expression of the subgts, and image quality.

All references to brand names and models are intented to ed@breplication of

results and not to endorse a particular vendor or product.

2.1 Image Log Information

All the images used in this study were collected from 3 sectis, Spring 2002, Fall

2002 and Spring 2003. Table 2.1 provides detailed image imf@tion for each section.



Table 2.1: IMAGE LOG INFORMATION

Camera Resolution Image Number
Spring2002 | Sony MVC-95 1600 1200 3379
Fall2002 Canon G2 | 1600 12000r 1704 2272 12014
Spring 2003| Canon G2 1704 2272 17856

2.2 Lighting Conditions
2.2.1 Controlled Lighting

Three Smith-Victor A120 studio lights with Sylvania Photo-ECA bulbs provided
the studio light. The lights were located 8 feet in front of tle subject. One was
approximately four feet to the right of subject, one was ceeted in front of the
subject and the third one was about 4 feet to the left. All thre lights were trained
on the subject's face. When the central light turned o, and wo sides on, the light
condition is denoted \LF" (FERET-style lighting), after Ph ilips et al. [16]. When all

three lights are on, the light condition is denoted \LM" (mugshot lighting).

2.2.2 Uncontrolled Lighting

In addition to images taken image under well controlled liging, we also acquired
images under uncontrolled lighting conditions at the samecguisition session. Those
images were taken either under sunlight, or in a hallway wheruorescent tube light-
ing was the main lighting source. No special care was taken &range the lighting

or position the subject in these images.

2.3 Expressions

For each lighting condition, photographs were taken with tw facial expressions.
One is a neutral expression, which is denoted \FA", the otheone is a smiling expres-
sion denoted \FB". Hence, for every acquisition, six di erat photos were acquired.

Figure 2.1 is one sample of such an acquisition.



(a) UncontrolledjFA (b) UncontrolledjFB

(c) LMjFA (d) LM jFB

(e) LFjFA (f) LF jFB

Figure 2.1: Six images captured for one subject in one imageqaisition session.
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CHAPTER 3

EYE LOCATION: TECHNIQUES AND ACCURACY

The eye serves as an anchor in many face recognition systenrsthis study, we
will examine how eye location accuracy a ects face recogiah systems' performance.
Two di erent systems are tested. One is the PCA-based systedeveloped at CSU
[2] and the other one is the Facelt system from Identix [1], aoenmercial biometric
software vendor. For Facelt, both the older version Facelt3 and the new version
Facelt-G5 are examined. A more detailed description of the @A system and the
Facelt software will be given in the next chapter. In this chpter, the eye location
generation techniques and the metrics to examine the accusaof eye location are

the primary focus.

3.1 Eye Location Generation

Since we need to investigate the accuracy of eye location @té recognition sys-
tems' performance, we should have dierent sets of eye logat coordinates with
di erent degrees of accuracy for each probe and gallery imagin this study, we will
use two di erent ways to generate eye locations. One is to late eye positions manu-
ally using trained human annotators, which is calledsround Truth Writing , and the
other one is to automatically locate eyes using the Facelt fovare. Automatic eye
location is itself performed using two techniques (Facel&3 and Facelt-G5), yielding

three techniques totally.

11



3.1.1 Ground Truth Writing

In ground truth writing, the operator manually marks the eyepupil centers along
with the nose tip and the center of the mouth. In this study, tte location of the
nose tip and the center of the mouth are not used. Eye coordites obtained in this
way are calledTruth Writing (TW) coordinates. We employed this ground truth
writing process on each image in our dataset, and we treat TWoordinates as the
most accurate eye coordinates possible. Figure 3.1 depitite user interface we used
for this manual processing, and the pin points of the centelf pupil, the nose tip and
the mouth center. The nose tip and mouth center are marked fdristorical reasons,

but are not used in the experiments in this thesis.

Figure 3.1: Ground truth writing user interface.

12



Table 3.1: PROPERTIES ASSOCIATED WITH THE FACE FINDING FUNC TION
OF FACEIT-G3

Properties Functions

AutoEyeSpacing If enabled, an automatic value will be used

for eye spacing, and the value for
MinEyeSpacing and MaxEyeSpacing will be
ignored. This option is enabled by default.
HighReslmage | When this option set on, it will help

locate the center of eye in a high resolution
images. It's turned on by default.
MinEyeSpacing| It speci es the x axis position of the eyes
must be at least this distance apart, in

pixels. This constraint is applied after
shrinking.

MaxEyeSpacing It speci es the x axis position of the eyes
must be at most this distance apart, in

pixels. This constraint is applied after
shrinking.

NumEyeSpacing This option speci es the number of
interpolated steps considered the range
between MinEyeSpacing and MaxEyeSpacing.
The default value is 12. Decreasing

this value can speed up the process.
ShrinkFactor This option is used to make large source image
more manageable. A value of 2 means the image
is scaled down by half both vertically and
horizontally. Default value is 4.

SearchDepth | This option e ects the depth of the search in
the image by controlling how many \candidate"
faces are sought and the method used to nd
those faces. The values range from 0 to 10.
The default value is 8.

13



Figure 3.2: Eye locations generated by Facelt software.

3.1.2 Automatic Eye Locating: Facelt-G3 and Facelt-G5

The Facelt-G3 software suite provides a face- nding funatin which can generate
eye locations for the subject image automatically. There arsome parameters associ-
ated with the face- nding function that can be tuned to allowusers to control settings
for their own applications, as shown in Table 3.1. We used th@efault values for
all parameters exceptShrinkFactor. There are three reasons for this decision. First,
all the images we used are of high resolution, so the defaulilve for HighReslmage
is chosen. Second, we hope to make the whole process automeato we keep the
default setting for AutoEyeSpacing instead of specifying values foMinEyeSpacing
and MaxEyeSpacing Third, for the properties of NumEyeSpacingand SearchDepth
we are not willing to decrease their values to speed up the medure while sacri cing

the accuracy of the results. So we keep those default values.
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The only parameter we tuned isShrinkFactor. We applied three di erent Shrink-
Factors to nd the face. Values of 2, 4 and 8 are used. As a result, we ethree sets
of automatic eye locations, which should be of di erent aceacy. Figure 3.2 shows
the result of automatic eye location by Facelt-G3 withShrinkFactor of 4.

For Facelt-G5, we employed the \auto-face- nding functiofl. This function per-
forms the face nding on the image using default and automatisettings. This method
operates similarly to the face- nd function, except all theproperties are always auto-
matically determined. In Facelt-G5, the setting forShrinkFactor is not needed. The
properties needed to tune for the face- nding function arélinHeadSizePercentand
MaxHeadSizePercentIn order to keep the eye locating process automatic, we crsmo

auto-face- nding in this experiment.

3.2 Quality Evaluation Measures for Automatic Eye Location

A companion face-checking function in the Facelt package @rides several quality
metrics that can be used to qualify the results of the eye lota. This function is
available in both Facelt-G3 and Facelt-G5. The summary meic has a value between

-1 and 10 (inclusive).

1. A value of -1 means the image is not suitable for the test. Thsituation does not
OCcCur in our experiments.

2. A value of 0 means the eye locater failed completely to geat eye locations for
the processing image. Images with this score are labelediMal".

3. A value of 10 means the eye positions are located with fulbredence. Images
with this resulting score are labeled \good".

4. A value between 0 and 10 means the eye location is obtainedhout full con -

dence. The function provides scores of 2.5, 5.0 and 7.5. Aualof 2.5 indicates the
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located eye positions are guessed, a value of 5.0 means theseyre located with low
con dence and a value of 7.5 means the eyes are located withdugn con dence.
In our experiment, we treat all images yielding scores in thiinterval the same, and

label them \bad".

3.3 Quality Checking Results for Automatically Generated e Locations

We wrapped the Facelt face nding function into an executald program and ran
it on our image dataset. Both Facelt-G3 and Facelt-G5 are tésd.

In Facelt-G3, we tuned the ShrinkFactor and values of (2,4 ,8) are used. The
statistics of the automatic eye location generation resudtare tabulated in Tables
3.2, 3.3and 3.4. In those tables, the results for images uma®ntrolled lighting and
uncontrolled lighting are separated. The rows for \good", bad" and \failed" means
guality checking results returned by face-checking funan of Facelt packages for the
processing images. The results show that witBhrinkFactor increasing, the number
of \good" images under controlled lighting increases, whalthe number of \good" im-
ages under uncontrolled lighting decreases. According tbhe Facelt documentation,
the ideal eye separation, after image size is decreased SiyrinkFactor, is 25 pixels
in Facelt-G3. For images in our dataset, eye separation digtutions are shown in
Figures 3.3 and 3.4. The eye separation is measured as theatise between the
two eyes located by truth writing. Histograms of eye separain for images under
controlled lighting and uncontrolled lighting are shown inFigures 3.3 and 3.4, re-
spectively. From those two histograms, we can see that imageken under controlled
lighting have larger eye separations than images taken undencontrolled lighting.
As the result of this, a largeShrinkFactor is preferred for images taken under con-

trolled lighting.
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For Facelt-G5, the results are shown in Table 3.5. The numbef \good" images
is greater than the number in G3, and the number of \bad" image drops. This
implies better performance for G5 than for G3.

We will use the images labeled \good" eye locations for theda recognition exper-
iments described in Chapter 5. The images labeled \bad" or &fled" will be studied

further in Chapter 6.

Histogram of Eye Separation for Controlled Lighting
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Figure 3.3: Histogram for eye separation (in pixels) of im&g taken under controlled
lighting.

3.4 Metrics of Eye Location Accuracy Measurement

In order to investigate the sensitivity of face recognitiorsystems' performance to

eye location accuracy, we should rst have measured the errfor the eye location
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Table 3.2: STATISTICS FOR AUTOMATIC EYE LOCATIONS USING SHR INK
FACTOR OF 2 BY FACEIT-G3.

Controlled | Uncontrolled | Sum | Percentage
Good 22,308 6,790| 29,098 87.52%
Bad 375 3,691| 4,066 12.23%
Failed 78 5 83 0.25%
Total 22,761 10,486| 33,247| 100.00%

Table 3.3: STATISTICS FOR AUTOMATIC EYE LOCATIONS USING SHR INK
FACTOR OF 4 BY FACEIT-GS.

Controlled | Uncontrolled | Sum | Percentage
Good 22,580 6,654 | 29,234 88.05%
Bad 145 3,827| 3,972 11.95%
Failed 36 5 41 0.12%
Total 22,761 10,486| 33,247 100.00%

Table 3.4: STATISTICS FOR AUTOMATIC EYE LOCATIONS USING SHR INK
FACTOR OF 8 BY FACEIT-G3.

Controlled | Uncontrolled | Sum | Percentage
Good 22,670 6,385| 29,055 87.39%
Bad 88 4,084 4,172 12.55%
Failed 3 17 20 0.06%
Total 22,761 10,486| 33,247| 100.00%

Table 3.5: STATISTICS FOR AUTOMATIC EYE LOCATIONS USING AUT O-
MATIC SETTINGS BY FACEIT-G5.

Controlled | Uncontrolled | Sum | Percentage
Good 22,727 9,225| 31,952 96.10%
Bad 32 883 915 2.75%
Failed 2 378 380 1.15%
Total 22,761 10,486 33247 100.00%
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Histogram of Eye Separation for Uncontrolled Lighting
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Figure 3.4: Histogram for eye separation (in pixel) of imagaaken under uncontrolled
lighting.

generated automatically. By checking the results of autontia eye location labeled
with \good", we found out that some of those eye locations wernot as accurate as
TW eye coordinates. Figure 3.5 shows examples of incorrectt@matic eye locations.
As the result of this, we decided to treat TW eye coordinatessathe accurate standard,
and the disparities of automatic eye locations will be caltated compared to TW

coordinates as follows.

3.4.1 Metric1

Erwms , the average of twoRoot Mean Squarg(RMS) values,Egrus .. and Erus r,
is used to indicate the disparities between Facelt coordites and TW coordinates.
Erms L IS the disparity of two sets of coordinates for the left eye ,ral Egys g IS for

the right eyes. Erys can be expressed as
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(a) Images under controlled lighting

(b) Images under uncontrolled lighting

Figure 3.5: Sample images show the disparities of automagge locations.

Erus = %(ERMS;L + Ervsr) »
where
1 PN . . 2 : )2
Ervsit =  § iz ((Xiier Xia)?2+((Yie.et  Yiea)?d)
P
Ermsr = Nl iN=1 ((Xirier  Xira)?2+((YricT  YiRiA)?)

and where & .c1;ViL.e1) and (Xir.cT; Vir:cT) are the left eye and right eye's GT co-
ordinates, i .a;VYiL:a) and (Xir:a;VYir:a) are the left eye and right eye's coordinates

generated automatically.

3.4.2 Metric 2

Erms max IS the RMS error for the automatically located eye coordinat with

larger error comparing two eye coordinates on a facial imagehich is measured as
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the disparity of TW eye coordinates and Facelt eye coordinas:

Erms max = ; < P N argmax(Distance ; Distanceg) ,
where
Distance, = (XiL.ect  XiL:a)2+(Yii.aotr  YiL:a)?,
Distancer = (Xir:at  Xir:a)?+(Yir:aT  Yir:A)? .
3.4.3 Metric 3

Erms :mia 1S the RMS error of the midpoint disparity, which is determired by the
distance between the TW midpoint and Facelt midpoint. The TWmidpoint is the
middle of the interocular line with two endpoints decided bylT'W eye locations, and
the Facelt midpoint is the middle of the interocular line with two endpoints decided

by automatic eye locations.

q P
Ervsimid = & =1 ((Ximid ot Xigmid :4)2 + ((Vimid ;o1 Yimid :4)2)
where
X — XiL ;6T *XiR ;6T
imid :.GT — 2 —
- — YiL ;6T Y ViR GT
Yi:mid :GT = - 2

The summary of the error measurements on our dataset appearsthe following

tables. We tabulate the errors for images under controlleeghting shown in Table 3.6,
and uncontrolled lighting shown in Table 3.7. In each tablethe error measurements
of the three metrics are tabulated for every eye coordinatets, ShrinkF actor s of 2, 4,
and 8 for Facelt-G3 face- nding function respectively, andhe coordinates computed
by auto-face- nding function of Facelt-G5. Results show tht the automatic face-

nding function works much more poorly when images are takeander uncontrolled
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lighting condition, especially for Facelt-G3. For Facelts5, the di erence between
the controlled lighting and uncontrolled lighting is much snaller. And the results
also suggest that the performance of Facelt-G5's face- nay function is much better
than the corresponding function in Facelt-G3.

Combining the error measurements for both controlled ligimg and uncontrolled
lighting of eye locations generated by Facelt-G3, we summae results in Figure 3.6.
For controlled lighting, the eye- nding function gets bestresults when aShrinkFactor
of 8 is used, while for uncontrolled lighting, eéShrinkFactor of 4 is best. This result
is consistent with the suggestion of Facelt-G3 documentatn that the best image for
processing is the image with eye separations around 25 pselReferring to gures
3.3 and 3.4, most of the eye separations for images under goiied lighting are
around 200 300 pixels, and for uncontrolled lighting the eye separatis are around
100 150 pixels. Hence the propeshrinkFactor should be 208625 = 8 for controlled

lighting, and 100=25 = 4 for uncontrolled lighting.

Table 3.6: STATISTICS OF DISPARITY MEASUREMENTS FOR AUTOMA TIC
EYE LOCATIONS UNDER CONTROLLED LIGHTING.

G3-2 G3-4 G3-8 G5-Auto
Ermvs 23.99 | 18.142 | 15.1122| 13.2324
Ermvs :max | 25.4713| 20.1364| 17.1374| 15.5133
Ervs mid | 22.125 | 16.2989| 12.5416| 10.0622

Table 3.7: STATISTICS OF DISPARITIES MEASUREMENT FOR AUTOM ATIC
EYE LOCATIONS UNDER UNCONTROLLED LIGHTING.

G3-2 G3-4 G3-8 G5-Auto
Ervs 148.003| 143.376| 126.499| 22.782
Ervs :max | 125.399| 119.648| 133.85 | 25.2086
Ervs mia | 119.518| 114.715| 125.568| 21.583
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Accuracy Analysis for Automatic Eye Location of Facelt-G3
with Different Shrink Factors
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Figure 3.6: RMS errors for automatic eye locations of Face®3 with di erent shrink
factors.

3.5 Eye Disparity Analysis

Based on previous error measurement studies, we observedttthe uncontrolled
lighting a ects the accuracy of automatic eye location funiton a lot. In the following
analysis, we will focus on investigating the di erence of iages taken under controlled
and uncontrolled lighting. All the analysis in this sectionis based on the eye locations
generated with ShrinkF actor of 4 by Facelt-G3. With reference to Figure 3.6, for
uncontrolled lighting the best ShrinkFactor is 4, and for controlled lighting, the
di erence betweenShrinkFactor of 8 and ShrinkFactor of 4 is very small. So eye
locations generated withShrinkF actor of 4 are studied.

Firstly, Figure 3.7 shows the scatter plot of both the left ad right eye deviations
in x and y coordinates. The number of images taken under controlledghting is

22,580, and the number of images taken under uncontrolledytiting is 6,654. It's
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obvious that under controlled lighting condition, the autanatic eye locater works

much better than under uncontrolled lighting.

Eye Locating Inaccuracy Study Comparing Controlled/Uncontrolled Lighting
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Figure 3.7. Scatter plot of estimated 2D eye Location devimns from TW eye coor-
dinates.

We also checked images for which the deviation distance isdar than 100 pixels
compared to TW coordinates, even though Facelt-G3 labeleché¢m as \good" eye
locations. Figure 3.8 and 3.9 show sample images whose eyations are clearly
wrong but were labeled \good" by Facelt-G3.

Figure 3.10 shows a histogram of the eye midpoint deviatiororf photographs
under controlled lighting. Figure 3.11 shows a similar grdpfor uncontrolled lighting.
Both graphs suggest that there seems to be no systematic biasye location errors,
and most \good" estimates are clustered within about 50 pixe of the correct values.
This value also suggests that the lighting condition as wedls overall face size in pixels

is a critical issue for accurate eye location.
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(a) Glasses are one possible reason to cause inaccurate ienatiic eye locations

(b) Mouth corners are sometimes mistaken for eye locations.

(c) Eyebrows can be treated as eyes improperly.

(d) Nostrils sometimes are mistaken for eye locations.

Figure 3.8: Eye location results for images taken under caontled lighting, and
Ervs > 100 pixels. o5



Figure 3.9: Eye location results for images under unconttet lighting, and Egrys >
100 Pixels.
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Histogram of Eye Midpoint Deviation for Controlled Lighting
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Figure 3.10: Histogram of midpoint deviations for images t@n under controlled
lighting.

Histogram of Eye Midpoint Deviation for Uncontroled Lighting
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Figure 3.11: Histogram of midpoint deviations for images t@n under uncontrolled
lighting.
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CHAPTER 4

FACE RECOGNITION SYSTEM PERFORMANCE

In this study, we used two di erent face recognition systemsOne is a PCA-based
system, implemented by Colorado State University Face Idércation Evaluation
System [2]. The other one is the commercial software Face#cke identi cation suite,
which is a Local Feature Analysis (LFA) based system [1]. Weake two versions of

Facelt: Facelt-G3 and Facelt-G5. Descriptions of these twsystems follow.

4.1 PCA-Based System

In this section, the basic idea of eigenspace-based faceoggttion system and the
implementation of PCA are described. Briey, the objective of PCA are to discover or
to reduce the dimensionality of the data set and to identify ew meaningful underlying

variables [19].

4.1.1 Eigenspace-based Method

The eigenspace-based method is one of the most successfpr@gches for face
recognition. The basic idea is to perform face recognitiorymearest-neighbor search
in a low-dimension face space. The input image is a point in agxtremely high
dimensional image space. Before recognition, this point lwbe projected to a face
space of much lower dimension, which is de ned by the face feee vectors, called

eigenfaces.
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In order to obtain the eigenfaces, we rst need to obtain the nojection axes
in which there exists the largest variance of the projectechte images. Then this
procedure is repeated in the orthogonal space which is stilhcovered, until all the
discovered variation has been captured. The theoretical lstion for this problem is

to obtain the eigensystem of the covariance matriR 2 RN N:
R=Ef(X X)X X)g,

whereX represents the normalized image vector¥, is the mean of the image vectors,
and N is the original vector image dimension.

The eigenvectors oR are the projection axes or eigenfaces, and the eigenvalues
represent the variance of the face data in the correspondirapordinate. If we sort
the eigenfaces in descending order of eigenvalues, the sasive projection axes are
obtained. After we have these projection axes, we can projabe images into the
eigenspace, and apply a selected similarity function to géte recognition result via
nearest neighbor search.

However, the computational complexity is the major problenof this eigensystem,

R 2 RV N, So the dimensionality of the data set needs to be reduced.

4.1.2 PCA Implementation

PCA is a general method to reduce the dimensionality of a datet. Given a train-
ing set of NT imagesf x1; Xo; ::;; Xyt g, all in RV, taking values in aN dimensional
image, PCA nds a linear transformationW T mapping the originalN  dimensional
image space to &M dimensional feature space, whem®l < N . The coordinates of

the new feature vectors are,

Ve = WX k=1;2:NT
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whereW 2 <" is a matrix with orthonormal columns. We de ne the total scater

matrix St as:
Sr=1f(x1s X)(X2 X)::(Xnt X)g,

where the vectorx is the sample mean of the training vectors:

Clearly, Rank(R) min(NT;N).
After applying the linear transformation WT, the scatter of the transformed fea-
ture vectors fys;yo; 5 ynt g is WTStW. In PCA, the projection W, is chosen to

maximize the determinant of the total scatter matrix of the pojected samples, i.e.
Wopt = argmaxy jW T StWj = [wiw,iiwy ],

wherew; =1;2;::;; M is the set ofN dimensional eigenvectors obr corresponding
to the M largest eigenvalues [18].

Also the dimensionality reduction can be performed by diseding some eigenvec-
tors with very large or small eigenvalues. It is often assurdehat the eigenvectors
with large eigenvalues correspond to lighting variation, red eigenvectors with small
eigenvalues correspond to noise. If none of the basis vestare dropped, it is possible
to reconstruct perfectly each sample of the training data aa linear combination as

of the eigenvectors.

4.1.3 Similarity Measurements

Once the eigenspace is constructed, new images can be pitegtanto it and the
relative distance between any two images can be measured I fprojection space by

selected metrics. Two metrics are described here.
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Euclidean Distance

The Euclidean distance between two points< = (X1;::5; Xp) and 'y = (y1; 5 Yp) in

a p-dimensional spacedrP is de ned as:

Ge(iy)= " 0 YEF e (e W= X VT ),

qg —— .
de(x;0) =k x ko= (x§+ 1+ x2) = prx :

So all the points with the same distance of the origik x k.= cwill satisfy x2+ :::+ xg =
¢, which is the equation of a spheroid. This means that all theotnponents ofx

contribute equally to the Euclidean distance ofx from the center.

Mahalanobis SpacdBased Distance Measures

Mahalanobis spaces the space where the sample variance along each dimension
is unity. Therefore, the transformation of a vector from imge space to feature space
is performed by dividing each coe cient in the vector by its ©rresponding standard
deviation. This transformation yields a dimensionless féare space with unit variance
in each dimension. Hence the distance Mahalanobisspace normalizes the scaling of
the variables. This means that components with high variarwill receive less weight
than components with low variance, which is di erent from the Euclidean distance
mentioned above.

In our experiments,Mahalanobis cosinametric is used. Two images and v, after
being projected to the eigenspace and normalized to unit vance in each dimension,
yield imagesm and n. The Mahalanobis cosineof imagesu and v, with corresponding

projections m and n in Mahalanobisspace, is given by:

. N— :jmjjnjcosmn: m n
SMahCosme (U,V) COS( mn) ] m ” nj ] m ” nj
D mancosine (U; V) = SmahCosine (U; V)
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This essentially measures the angle between the vector frahe origin to the two

images in theMahalanobisspace.

4.1.4 PCA System Working Steps

The main steps, provided by the CSU identi cation system, tgoerform the face

recognition follow.

Preprocessing

The purpose of the preprocessing is to minimize the in uenaef various sources
of noise on face recognition. Those noises include the backgqd, some possible
transformations of the face (scaling, rotation and transkons) and sensor-dependent
variations (for example, automatic gain control calibraton and bad lens points). The
CSU software provides ve steps for the normalization.

1. Integer to oat conversion. Convert 256 grey levels intooating point equiva-
lents.

2. Geometric normalization. Normalize the facial image bad on eye locations.

3. Marking. Crops the face region using an elliptical mask.

4. Histogram equalization. Equalizes the histogram of therumasked part of the
image.

5. Pixel normalization. Scales the pixel values to have a meaf zero and a

standard deviation of one.

Subspace Construction

The CSU system implements PCA to construct the eigenspace. tiining images

set is used to produce a basis for the eigenspaces and thereigkles.
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Distance Computation

When provided a image list, the code projects the feature ecs of the testing
images onto the basis, and computes the distance betweenirs of images in the
list. So the distance from each image to all other images indHist are obtained. The
distance metrics include city block Euclidean Correlation, Covariance,Mahalanobis

Cosine (PCA only).

Analysis Curve Creation

Once the probe and gallery lists are provided, the code canrfegm the nearest

neighbor search, recognize the subject, and generate the CMnalysis curve.

4.2 Facelt Commercial Software: LFA

Facelt uses Local Feature Analysis (LFA), which is another igdely used technique
in face recognition. The advantage of LFA is that it is more rbust to facial expression,
including blinking, frowning, and smiling, or other extrirsic variation such as lighting
changes. The following description is based on the documatibn in the Facelt user
manual [1].

LFA uses statistical techniques to encode facial featuresterms of building blocks,
which are derived from a representative ensemble of faceshely span multiple pixels,
but are still local, and they are chosen to represent all faai shapes well. These
building elements are not exactly the same as the known fatigeatures. In the
implementation, there are more facial building elements #n there are facial parts,
and by synthesizing the facial building elements togethehe actual facial image can
be given. As the result of this, using di erent amounts of buding elements, the facial
image of di erent precision will be obtained. Experiments lsowed that to obtain a
facial image of high precision, only a small subset (12 40 characteristic elements)

of the total available set will be required.
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Facelt provides several sizes of templates, which are usedstore the facial build-
ing blocks for the subject image. The template of di erent gie stores di erent number
of building elements. The template of large size stores mardormation of the facial
image.

In Facelt's implementation of LFA, two factors are examinedto determine the
identity of a subject in their system. First, the system selets characteristic elements
of the face. Then the geometric combination of those elemanisuch as their relative

position against stored templates, is examined and compalréor identi cation.

4.2.1 Image Preprocessing

The main purpose of preprocessing is to speed up the recogmitprocess. The
Facelt face recognition system employs large database s#wng. In our experiments,
every image contains millions of pixels. If the system is foed to search against raw
images directly, the recognition speed will be extremelyast. In order to achieve the
best speed, preprocessing steps are required. Face ndinglademplate creation are

the two major preprocessing steps.

Face Finding

To create a facial template for every enrolled image, the aal face position should
be located correctly rst, and there are two options availalke. The eye locations for
each image can be supplied by the user manually, or eye locais can be detected
by the automatic face nding function provided by Facelt. This face nding function
uses a combination of geometrical queues and pattern mateito nd heads and
facial features. Once the face is located, the eye positioasd the size of the face in

the image will be returned.
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Template Creation

Face recognition is a 1 N matching process. To be e cient, the eye location
and a facial template must be created and stored for all the iages enrolled (the
gallery). Once eye positions are located rst in the gallerymages, the templates can
be created for them. Facelt uses two types of templates forddti cation.

a. Vector template. A small template of 88 bytes is used for $& searching over
the entire query restricted sub-database.

b. Full template. A large template of size 3.5kb is used for amtensive search

over the top 5% (or less) ordered matches during 1:N matching

4.2.2 Matching

The matching process is performed between the probe imageao$ubject to be
identi ed and gallery images. For the subject, only eye lo¢ens need to be provided
or computed. All gallery images have been already stored asiplates. The matching
process will return a score for each gallery template givirtge matching quality. The
template with the highest score is the recognized result. Ehperformance of the

system can be graphed using a CMC pilot.
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CHAPTER 5

FACE RECOGNITION EXPERIMENTS

5.1 Introduction

In this chapter, we will examine the e ect of eye location aagacy on face recog-
nition system performance, and the sensitivities of two derent systems, the PCA
system and Facelt software suites. Our implementation of PLis the Colorado
State University Identi cation Evaluation System version5.0 [2]. The CSU code pro-
vides several proximity measurement algorithm to produce @istance matrix for both
gallery and probe images, such dsuclidean Mahalanobis cosingYambor angleand
SO0 on. Based on our previous experimental experience, we stdhe Mahalanobis
cosine measurement,MahCosine because of its superior performance over the other

metrics implemented.

5.2 Experiment Design

5.2.1 Experiment 1

This experiment is to explore the e ect of eye location accacy and lighting on
face recognition system performance, and the relative sénsgty of the two di erent
systems. It includes two sub-experiments, experiment 1A dnexperiment 1B, and
each of them is conducted under dierent lighting conditios. Experiment 1A is
to test images under controlled lighting and experiment 1Bsito test images under
uncontrolled lighting. A dierent probe set is used for eachsub-experiment. For

experiment 1A, probe images are the alternate-expressiaide-lit \FB jLF") images
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taken from fall 2002 to spring 2003 (1325 images total). In prriment 1B, probe
images are all images taken under uncontrolled lighting dimg fall 2002 and spring
2003 (1765 images total). For both sub-experiments, the ¢gly set is the same, and
consists of the neutral-expression, side-lit \FALF") images taken in the rst week of
fall 2002 (72 images total). There are 72 subjects in the gaill set, and one image per
subject. For both sub-experiments, there is exactly one agect match in the gallery
for each probe.

Both the PCA system and Facelt, which includes Facelt-G3 anéacelt-G5, are
examined in this experiment. The training data for the PCA sgtem is a subset of
the FERET data, and includes 1115 images of 697 individual Bjects. The basis
eigenvector set was chosen to retain 60% of the total variati in the face space with
no additional pruning of high variance or low variance eigemctors. The Facelt-G3
and Facelt-G5 systems require no additional training datarém the user.

Figure 5.1 shows the cumulative match characteristic (CMCplot for experiment
1A. From the plot, we can observe that the presence of inac@aay in the eye location
did negatively a ect the performance of both face recognibn systems. For both the
PCA system and Facelt (G3&G5), the use of TW eye locations yigs better perfor-
mance than the use of automatically detected eye location§ince the performance
drop experienced by the Facelt G3&G5 matchers is not as larges that experienced
by the PCA system, we have empirical evidence that the PCA stg&n is more sensi-
tive to the accuracy of the eye location. Also the results sggst that Facelt-G5 has
the best performance.

CMC plots for experiment 1B appear in Figure 5.2. We observdtie same trend
as that seen in experiment 1A. For both PCA and Facelt (G3&G5)eye locations of
higher accuracy yield better FR performance. The result aéssupports our hypothesis

regarding sensitivity of the PCA techniques to eye locatioestimate accuracy.
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Figure 5.1: Face recognition systems' performance compson for using eye locations
of di erent accuracies: both gallery and probe images empled controlled lighting.

We also noted that performance of face recognition for bothGA and Facelt drops
dramatically when probe images were acquired under uncoatied lighting conditions.
Figure 5.3 documents this behavior using CMC performance mes appearing in
Figures 5.1 and 5.2 for recognition experiments that emplegd TW eye locations.
Even for Facelt-G5, there is still a big performance drop wimephotos are acquired

using uncontrolled lighting.

5.2.2 Experiment 2

Since we observed from the last experiment that PCA is more regtive than
Facelt-G3 to eye location accuracy, we tried more experimenfor di erent degrees
of accuracy of eye locations. As noted in Chapter 3, we gent@ three di erent sets
of automatically computed eye locations by using the di enet ShrinkFactor (2, 4

and 8) in Facelt-G3. And according to Facelt-G3 documentatin, the best images
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Figure 5.2: Face recognition systems' performance compson for using eye locations
of di erent accuracies: gallery images employed controtldighting and probe images
employed uncontrolled lighting.

for their system should have an eye separation around 25 pxeafter subsampling
by ShrinkFactor. Therefore we generate an eye location set which is consteat
with eye locations of dierent shrink factors and those shnk factors are chosen
to ensure that the eye separations of subject images is arau5 pixels. Table
5.1 shows the con guration of this special eye location setThe leftmost column
indicates the di erent image set. \Probe-Con" refers the pobe image set for the
control lighting experiment, and \Probe-Uncon" refers theprobe image set for the
uncontrolled lighting experiment. The rst row speci es the ShrinkF actor used. For
example, \SF-2" means theShrinkF actor of 2 used.

So far, we have ve dierent sets of eye locations. Four of the are automatic
eye locations, and another one is TW coordinates. We desigh&is experiment

to investigate the sensitivity of di erent face recognition systems' performance to
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Figure 5.3: Face recognition systems' performance comgsn using di erent lighting
conditions.

the accuracy of eye coordinates. The PCA system and FacelB3Gre examined on
those ve eye coordinate sets. The gallery and probe sets ihi$ experiment are
the same as experiments 1A and 1B. The only dierence is thatevuse dierent
sets of eye coordinates (TW coordinates and automatic eyecitions computed from
ShrinkFactor of 2,4,8 and mixed). The results are shown in Figures 5.4 and.55
From both gures, we can conclude that PCA is more sensitiveot the eye location

accuracy.

Table 5.1: CONFIGURATION OF MIXED SHRINK FACTOR

SF-2 | SF-4 | SF-8| Total
Gallery 0 0 72 72
0
6

Probe-Con 0 1301| 1301
Probe-Uncon 908 | 334 | 1248
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Figure 5.4: First rank of face recognition for images takenndler controlled Lighting.

5.2.3 Experiment 3

This experiment has two goals. One is to examine the time lap® ect on di er-
ent face recognition systems, and the other is to examine tlsensitivity of the face
recognition system performance to eye location accuracy. h& performance of the
PCA system, Facelt-G3 and Facelt-G5 are compared. For PCA stems, the training
dataset we used here is a 600-image training set developedNin et al. [14] that
produced the overall best performance in a time lapse facecognition study.

In this experiment, we only deal with FALF images from Spring 2002 to Spring
2003. Di erent face recognition systems are combined withi drent eye location sets
in 7 ways, as shown in Table 5.2. All the combinations are runithh both the xed
gallery and running gallery test (explained below). In the table, \FR SYSTEM"
speci es the face recognition system used for current testhe PCA system, Facelt-

G3 and Facelt-G5 are the candidates. \EYE LOCATIONS" indicdes the eye location
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Figure 5.5: First rank of face recognition for images takemader uncontrolled lighting.

set implemented. Three sets are provided: TW coordinatesy@amatic eye locations
generated by Facelt-G3, and automatic eye location provideby Facelt-G5. \IN-
ACCURACY" denotes the inaccuracy of the corresponding eyetations. Metric 1
mentioned in Chapter 3.4 is implemented to examine the inagacy. TW coordinates
are assumed correct.

For the xed gallery test, the gallery contains the earliestacquired images of 250
subjects, and the probe consists all the remaining images tbbse 250 subjects. So
each probe is an image of a subject which is acquired ve or neodays after the day
the gallery image of the same subject was acquired.

In the running gallery test, the gallery contains multiple @llery sets of di erent
time lapses and the experiment results for each di erent gaky set will be collected
to make the overall performance result. The data set con gation is described as

follows. The rst gallery consists of the earliest images a250 subjects, and the

42



Table 5.2: CONFIGURATIONS FOR ALL TESTS IN EXPERIMENT 3

FR SYSTEM | EYE LOCATIONS | INACCURACY
PCA W 0.0
PCA FACEIT-G5 12.7839
PCA FACEIT-G5 12.9706
FACEIT-G5 W 0.0
FACEIT-G5 FACEIT-G5 12.7839
FACEIT-G3 FACEIT-G3 12.9706
FACEIT-G3 W 0.0

corresponding probe set consists of all the rest of imagestodse 250 subjects. Then
the second gallery consists of the second earliest images260 subjects, and the
corresponding second probe set consists of all the imageshaoflse 250 subjects taken
after the time stamp for images in the second gallery. The resf gallery sets and

probe sets are con gured in the similar manner as these rsto, until there are too

few images to create a latest gallery of 250 subjects. In tbtave have 9 gallery sets
and also the corresponding 9 probe sets, and 9 sets of resitismake one overall
performance result. By using a running gallery, we have moiignages to test the
time-lapse e ect.

All the results are shown in following plots. Figures 5.6 and5.8 compare the
performance of those three face recognition systems when Taordinates are used.
Figure 5.6 is for the xed gallery test, and gure 5.8 is for tle running gallery test.
The results suggest that Facelt-G5 has the best performanoghile the performances
of PCA and Facelt-G3 are much poorer. Also, the results shovihat time lapse does
a ect system performance, and the trend is that the system'performance decreases
as time lapse grows larger, especially for time lapse from® 250 days. The evidence

of the time lapse e ect is more obvious in the running galleryest, because more
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probe images are used. The numbers of images used in both thed gallery test
and the running gallery test appear in gures 5.7 and 5.9, regctively.

Results are also presented in Figures 5.10 and 5.11, whichmpare the perfor-
mance of Facelt-G3 and Facelt-G5. For each face recogniti@mgine, both the TW
coordinates and automatic eye locations generated by theroesponding the face-
nding function are examined. For example, in Facelt-G3 testhe automatic eye
locations generated by the face- nding function of FacelG3 are used. Both plots
illustrate that Facelt technology is robust to the eye locabn accuracy, and recogni-
tion with TW coordinates has a slight advantage over using aamatic eye locations,
because of the highest accuracy of TW coordinates. The resublso reveal that
Facelt-G5 has a large improvement on face recognition oveadelt-G3.

The e ect of eye location accuracy on the PCA system is studie and results ap-
pearin gures 5.12 and 5.13. Both gures suggest that the PCAystem is much more
sensitive to the eye location accuracy than both Facelt-G3nal Facelt-G5. Tested
with three di erent sets of eye locations, the PCA system shes large di erences
in the rank 1 rate. When TW coordinates are employed, the PCAystem's perfor-
mance is highest. The second highest performance is assedavith the automatic
eye locations generated by Facelt-G3, and the lowest one @& the automatic eye
locations of Facelt-G5. We examined th&rys for both automatic eye location sets.
Results show that they are of the same accuracy, and for botli them, Erys = 13
pixels. So we suspect that eye locations generated by Fae&b might have bias at
some direction, which is the way the automatic eye locationdeviate from the TW
coordinates. And this might be the reason for the big perforamce di erences when
two di erent eye coordinate sets are used. We will investiga this issue in our future

work.
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Figure 5.6: Performance plot for the xed gallery test showras rst rank correct
match percentage to time lapse e ect. Three dierent FR sysgms are tested with
TW eye coordinates.

220

Frequency
= =
(2] e ) o N
o o o o
Il Il Il Il

IS
S
|

N
=)
L

o

0 50 100 150 200 250 300 350 400 450
Time Lapse (day)

Figure 5.7: The frequency of probe images at di erent time [@se for the xed gallery
test.

45



100

90 -

801 -

60| . . . . 4

50 B . . : : 8 . . -

401 .

Rank 1 correct match (%)

30 N

10l & Facelt(G5)-Eye(TW)

—&- PCA -Eye(TW)
—*— Facelt(G3)-Eye(TW)
0 T T T Il Il Il Il Il
0 50 100 150 200 250 300 350 400 450

Time Lapse (day)

Figure 5.8: Performance plot for the running gallery test sbwn as rst rank correct
match percentage to time lapse e ect. Three dierent FR sysgms are tested with
TW eye coordinates.

1600

Frequency

0 50 100 150 200 250 300 350 400 450
Time Lapse (day)

Figure 5.9: The frequency of probe images at di erent time [@se for the running
gallery test.

46



10

90 - b

80 -

0r- 1

60 -

50 1

Rank 1 correct match (%)

20 B

—o— Facelt(G5)-Eye(TW)

1ol & Facelt(G5)-Eye(G5) B

—#— Facelt(G3)-Eye(TW)

—o— Facelt(G3)-Eye(G3)
T

L L
0 50 100 150 200 250
Time Lapse (day)

Figure 5.10: Performance plot for the xed gallery test show as rst rank correct
match percentage to time lapse e ect. Both the Facelt-G5 andrFacelt-G3 systems
are tested.

40t 4

Rank 1 correct match (%)

20+ B

—©— Facelt(G5)-Eye(TW)

10 & Facelt(G5)-Eye(G5)) B

—*— Facelt(G3)-Eye(TW)

—o— Facelt(G3)-Eye(G3) ‘ ‘ ‘ ‘ ‘
T T T

0 50 100 150 200 250 300 350 400 450
Time Lapse (day)

Figure 5.11: Performance plot for the running gallery testr®wn as rst rank correct
match percentage to time lapse e ect. Both the Facelt-G5 andracelt-G3 systems
are tested.

47



10

90 b

80 -

70 1

60 —

50 o

40t E

Rank 1 correct match (%)

20 -

10l{ & PCA-Eye(TW) B
—8- PCA-Eye(G5)

—#— PCA-Eye(G3)
T L L L

0 50 100 150 200 250
Time Lapse (day)

Figure 5.12: Performance plot for the xed gallery test show as rst rank correct
match percentage to time lapse e ect. The PCA system is teddewith the three
di erent eye coordinate sets.

100G

807 b

701 =

60| . . 4

50 =

40 R

Rank 1 correct match (%)

20 1

101l &= PCA-Eye(TW) i
-8~ PCA-Eye(G5)

—#— PCA-Eye(G3)
T T

L L L L L L
0 50 100 150 200 250 300 350 400 450
Time Lapse (day)

Figure 5.13: Performance plot for the running gallery testrown as rst rank correct
match percentage to time lapse e ect. The PCA system is tesdewith the three
di erent eye coordinate sets.

48



CHAPTER 6

ANALYSIS OF AUTOMATIC EYE LOCATION FAILURES

Our eye location experiment is conducted on a large database&hich contains
more than 33,000 images. As noted in Chapter 3, we classi elddse images into three
categories (good, bad and failed) by using face- nding, faechecking functions and
quality check metrics provided by the Facelt. For Facelt-G3three ShrinkFactors (2,
4, 8) are employed by the face- nding function. For Facelt-G, the auto-face- nding
function is employed to locate positions. Referring to tabs 3.2, 3.3 and 3.4 in
Chapter 3, results showed that there are small di erences \&h di erent ShrinkFactors
are used for Facelt-G3. Overall, it yields about 10% \bad" ey locations, a few
\failed" eye locations, and nearly 90% \good" ones. HoweveFacelt-G5 has much
better performance to locate eyes, and 96.1% of images carcharacterized as having
\good" eye locations. In Chapter 3, we have discussed thosgdod" images, and we

will analyze the \bad" and \failed" images in this chapter.

6.1 Statistics of \Bad" Eye Locations

We tabulate the statistics of \bad" eye locations for both Faelt-G3 and Facelt-
G5. Table 6.1 shows the statistics for images taken under doolled lighting and
under uncontrolled lighting. Clearly, images taken under antrolled lighting yield
much fewer \bad" eye locations than under uncontrolled ligting for both Facelt-
G3 and Facelt-G5. Facelt-G5 generates fewer \bad" eye logans for both lighting

conditions than Facelt-G3. Table 6.2 shows the statisticof images taken under two
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di erent types of controlled lighting conditions (LF and LM), and reveals that there
IS no signi cant di erence for eye locater when di erent types of controlled lightings
are employed. Table 6.3 shows the statistics for images ofadlent facial expressions,

and it suggests that there is no obvious di erence in perforance for facial images

with di erent expression.

Table 6.1: STATISTICS OF BAD AUTOMATIC EYE LOCATIONS FOR DIF FER-
ENT LIGHTING CONDITIONS.

G3-2 | G3-4| G3-8| G5-Auto
Controlled 375 | 145 88 32
Uncontrolled | 3692 | 3829 | 4085 883
Total 4067 | 3974 | 4173 915

Table 6.2: STATISTICS OF BAD AUTOMATIC EYE LOCATIONS FOR TWO
DIFFERENT TYPES OF CONTROLLED LIGHTING.

G3-2| G3-4| G3-8 | G5-Auto
LF 196 | 68 41 21
LM 170 | 77 44 11
Total | 366 | 145 | 85 32

Table 6.3: STATISTIC OF BAD AUTOMATIC EYE LOCATIONS FOR FACI AL
EXPRESSION CHANGES.

G3-2| G3-4| G3-8 | G5-Auto
FA 2245\ 2261 | 2357 464
FB 1822 | 1713| 1816 451
Total | 4067 | 3974 | 4173 915

Figures 6.1 and 6.2 show the examples of the located eye piosis by Facelt-G3
when ShrinkF actor of 4 was applied. Most of the images taken under controlled
lighting, which yield \bad" eye locations, can be classi ednto one of the four cate-

gories, shown in Figure 6.1. First, the subjects wear glasseSecond, the subject in
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the image wears a grid or patterned shirt, which can misleadé eye locater. Third,
the boundary of the chin is located as eyes incorrectly. Faiw;, the mouth corners
are located as eyes incorrectly. However, this trend doestrapply for the images
taken under uncontrolled lighting, shown in Figure 6.2. Thevrong eye positions are
usually randomly located somewhere in the image.

Figures 6.3 and 6.4 compare the \bad" automatic eye positisriocated by Facelt-
G3 and Facelt-G5. All images, shown in these two gures, wet@ken under uncon-
trolled lighting. Figure 6.3 is for images taken under natwal sunlight, and Figure
6.4 is for images taken in a hallway where the uorescent tub@hting was the main
light source. Both gures illustrate that Facelt-G5 face- nding function works much
better than Facelt-G3's. They also suggest that the face-elgking function of Facelt-
G5 is somewhat more forgiving than that in Facelt-G3 (half othe images labeled
\bad" in Facelt-G3 are actually located with good eye positins).

Figure 6.5 shows the automatic eye locations of Facelt-G5rfthe images taken
under controlled lighting. Images in Figure 6.5(a) shows thtruly \bad" eye locations
generated by Facelt-G5; images in Figure 6.5(b) shows thedd" eye locations, which

are not bad at all.

6.2 Statistics of \Failed" Eye Locations

The statistics of images with \failed" eye location are tabiated in tables 6.4,
6.5 and 6.6. From those statistics, we can see that for Facé€l3, when applying
the proper ShrinkFactor, the number of \failed" images for either controlled or
uncontrolled lighting is lowest. For Facelt-G5, all the \faled" images taken under
controlled lighting are shown in gure 6.7(a). The auto-fae-checking of Facelt-G5
works well for controlled lighting. However, it yields 378 failed" eye locations for
uncontrolled lighting. Figure 6.7(b) shows four samples dhe \failed" images under

uncontrolled lighting. We suspect, for those images, if weuhe the Facelt-G5 eye
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nder parameters manually, we might be able to get a better agome. This will be

investigated in our future work.

Table 6.4: STATISTICS OF FAILED AUTOMATIC EYE LOCATIONS FOR DIF-
FERENT LIGHTING CONDITIONS.

G3-2 | G3-4 | G3-8| G5-Auto
Controlled 78 36 3 2
Uncontrolled 5 5 17 378
Total 83 41 20 380

Table 6.5: STATISTICS OF FAILED AUTOMATIC EYE LOCATIONS FOR DIF-
FERENT CONTROLLED LIGHTING.

G3-2| G3-4| G3-8 | G5-Auto
LF 41 19 19 1
LM 36 17 17 1
Total | 77 36 36 2

Table 6.6: STATISTICS OF FAILED AUTOMATIC EYE LOCATIONS FOR FA-
CIAL EXPRESSION CHANGES.

G3-2| G3-4| G3-8 | G5-Auto
FA 44 18 17 215
FB 39 23 3 165
Total | 83 41 20 380
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(a) Facial images with glasses

(b) Facial images with background of grid shirts

(c) Chin is treated as eye locations incorrectly

(d) Mouth Corners are treated as eye locations incorrectly

Figure 6.1: Images taken under controlled lighting conditin labeled \bad" by Facelt-
G3.
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Figure 6.2: Images taken under uncontrolled lighting labet \bad" by Facelt-G3.
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(&) The rst set: rst row is for Facelt-G3, and the second rowis for Facelt-G5

(b) The second set: rst row is for Facelt-G3, and the secondow is for Facelt-G5

(c) The third set: rst row is for Facelt-G3, and the second rav is for Facelt-G5

Figure 6.3: Comparison of eye locations generated by Fac&8 and Facelt-G5. Im-
ages are all taken under natural sunshine lighting and lakes \bad".
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(&) The rst set: rst row is for Facelt-G3, and the second rowis for Facelt-G5

(b) The rst set: First row is for Facelt-G3, and the second rev is for Facelt-G5

(c) The rst set: First row is for Facelt-G3, and the second rw is for Facelt-G5

Figure 6.4: Comparison of eye locations generated by Fac&8 and Facelt-G5. Im-
ages are all taken under hallway lighting and labeled \bad".
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(a) Images with bad eye locations

(b) Images with reasonably good eye locations

Figure 6.5: Images are taken under controlled lighting corttbn and labeled \bad"
by Facelt-G5.
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(a) Images taken under controlled lighting

(b) Images taken under uncontrolled lighting

Figure 6.6: Sample images with \failed" eye locations geraed by Facelt-G3.

(a) All \failed" images taken under uncontrolled lighting

(b) Samples \failed" images taken under uncontrolled lighhg

Figure 6.7: Sample images with \failed" eye locations geraed by Facelt-G5.
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CHAPTER 7

CONCLUSIONS AND FUTURE WORK

In this study, we examined the sensitivity of face recognitn system performance
to eye location accuracy. Experimental results showed thaye location accuracy is
one of the factors to a ect the system's performance, and thaegree of the sensitivity
from di erent face recognition system can vary. Compared wh both Facelt-G3 and
Facelt-G5, the PCA-based system is more sensitive to the acacy of eye location.
This e ect was veri ed under both the controlled and uncontolled lighting conditions.
The lighting condition seems to be the primary determinant brecognition system
accuracy as well as automatic eye location success; chanfiexpression does not
degrade performance as signi cantly. The experiment regalhighly suggested that
Facelt-G5 have a much higher performance for both the facexding function and face
recognition than Facelt-G3. We can also conclude that therme-lapse does a ect the
face recognition performance, which is veri ed on the expienent for two di erent
face recognition systems, the PCA system and the Facelt sgst, which includes
Facelt-G3 and Facelt-G5.

For the future work, more investigation of Facelt-G5 will beconducted. Once get
more understandings of current eye detection algorithms,enmight aim to develop a
more accurate eye locater, which can be suitable for both ¢asiled lighting and un-
controlled lighting. Also the color images might be studiedor both the eye detection

and face recognition.
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