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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 face landmarks (often eyes)

as an essential preprocessing step. Eye location estimatescan be assessed in absolute

terms (e.g., proximity to known eye location) and also in application-speci�c terms

(e.g., performance of a system that employs the location). This thesis assesses an

automatic commercial eye-�nding system in both absolute and application-speci�c

terms, using two face recognition systems and a database of thousands of images.

Experimental results highlight the sensitivity of both systems to accurate eye location

estimation as well as quality face lighting. Time-lapse e�ect is also investigated in this

study, and the results suggest that the face recognition system performance degrades

with elapsed time.
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CHAPTER 1

INTRODUCTION

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

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

Face recognition approaches can be divided coarsely into appearance-based and

geometry-based techniques. Regardless of the approach, accurate registration is a

crucial issue. In most cases, eyes can be the most reliable features for the image

registration. First, eye positions are not easily a�ected by other face changes, such

as mouth location which can be a�ected by the expression or byfacial hair. Second,

the interocular distance is relatively constant, and can beused to normalize the face

image for registration. Poorly registered faces yield non-representative prototypes

in projection spaces, and fail to accurately capture local facial 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 systemsperformance. The eye is

often viewed as the most important feature of the face. Hjelmas et al. [8] proposed

a face recognition system which employed eyes as the only facial feature to recognize

the face, and this approach obtained a surprisingly high correct classi�cation rate of

85%.

Early studies of the eye in digital images gave some basic ideas for eye measure-

ments. Nixon [15] proposed a method to measure the eye spacing. In his study, the

eye was modeled as a circle for the iris and an ellipse for the sclera boundary. The
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critical problem is that the edge of the iris may be covered bythe eyelid when taking

the face picture. Since a Hough transformation can extract acircle 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 small di�erences between the

true eye positions and the estimated ones.

Based on those studies, many novel automatic eye extractionor eye location

detection algorithms have been developed during the last twenty years, such as

eigenfeature-based method [17], deformable template-based method [4] [5] [10], Gabor

wavelet �lter method [9], variance projection function algorithm [6], neural network

[17] and so on. We now give a brief description of the application and performance

of those algorithms.

Ryu and Oh (2001) proposed a facial feature location algorithm based on eigen-

features and a neural network [17]. Eigenfeatures are derived from eigenvalues and

eigenvectors of a binary edge dataset constructed from eye and mouth �elds, and can

locate eye and mouth e�ciently. Those extracted eigenfeatures are used to train a

multilayer perceptron, and the output indicates the degreeto which a speci�c image

window contains an eye or a mouth. This study also shows that to train the neural

network, only a small number of frontally presented face images are needed. The

experiment results showed a recognition rate on 61 facial images of 14 people with

varying facial size and pose of 96.8% for the eyes and 100% forthe mouth.

Deformable template methods have been used in eye detectionfor a long time.

Yuille et al. proposed the use of a deformable template to extract the eye boundary

in 1989 [21]. Deformable templates consist of a parameterized template of simple

geometric primitives and an energy function. The energy function is de�ned according

to a priori knowledge about the expected shape of features and is used toguide the

contour deformation process using geometrical constraints.
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However, there are two major weaknesses for the deformable template method.

First, the algorithm tends to be computationally intensiveand slow. Secondly, its

convergence is highly dependent on the initial position of the template.

Chen et al. [4] proposed a simpli�ed deformable template model, which reduced

the processing time while sacri�cing some precision of the extracted contours. How-

ever, the degraded precision contour is still of su�cient quality for recognition pur-

poses, as demonstrated in their work.

Chow et al. [5] used the deformable template to extract eye features after estimat-

ing the approximate position of eyes, which can help to accelerate the convergence of

the deformable template �tting process. The Hough transform was used for the eye

location estimation.

Later, Lam and Yan [10] introduced an eye corner detection scheme to this de-

formable template approach. Once the eye corner is detected, the template can be

initialized accurately, which reduces most of the time needed to process the template.

Experiments showed that 40% of execution time was saved and abetter eye boundary

was located due to the use of the eye corner information.

Xue et al. (2003) [20] introduced a facial feature extraction algorithm using a

Bayesian Shape Model(BSM) and an a�ne invariant deformable model. A full face

model, consisting of the contour points and the control points, is developed to describe

the face shape. The BSM is used to match and extract the contour points of a face.

The a�ne invariant deformable model is to describe the localshape deformations

between the prototype contour in the shape domain and the deformable contour in

the image domain. Experiments veri�ed that the BSM is more e�ective and accurate

than an Active Shape Model.

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

resentation and radial basis functions for the subsequent classi�cation of the facial
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area, such as eye vs. non-eye regions. Experimental resultsshowed 85% accuracy

when detecting eye regions on a database of 45 images from theFERET collection.

Besides the ways to locate or detect the eye directly, many eye detection methods

locate the rough face or eye windows �rst, and then process a �ne-scale eye detection

technique on these face or eye windows. Feng and Yuen (2001) [6] proposed a method

to locate the eye window by usingthree cuesfrom the face. The �rst cue is the eye's

relatively low intensity compared to the whole face. The second cue is the direction of

the interocular line determined by PCA and the third cue is the result of convolving

their proposed eye variance �lter with the image. Based on those three cues, cross

validation is applied and a list of possible eye window pairsis generated. In most

cases, the number of such pairs produced is 1 or 2. For each possible 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 images from the MIT AI lab

database with di�erent poses and hairstyles.

Lin et al. [11] proposed a new way to locate eyes based on valley �eld detection

and measurement of fractal dimensions. Firstly valley �leddetection is used to extract

the possible eye candidates from the complex background, then the local properties

of these eye candidates are checked (such as roughness and orientation represented by

fractal dimensions), and �nally the possible eye pairs are grouped. The possible eye

pairs are then further veri�ed by comparing estimated fractal dimensions of the eye-

pair window and the corresponding face region with the respective means of the fractal

dimensions of the eye-pair window and the face regions. The paper also proposed a

modi�ed method to estimate the fractal dimension, which is less sensitive to the

lighting condition. Experiments on the MIT face database show that the proposed

approach can achieve an overall rank 1 correct rate of 100% without head tilt and

head-on lighting, and 90.6% with head tilt. When the light source deviation to the
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faces is 45 degrees to frontal, the rank 1 correct rates for the upright and tilted faces

are 87.5% and 85.9%, respectively. The experiment results using the ORL database

show that the overall rank 1 correct rate for upright faces is92.9%, and for the face

subjected to a slight perspective variation is 82.4%. It wasconcluded that this method

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

and slight perspective variations.

Camus and Wides [3] proposed a method to localize the iris andpupil boundary of

a human eye in close-up images. The pupil and iris' diameter are approximately 130

to 160 pixels in a 640� 480 image. This work used amulti-resolution coarse-to-�ne

search approach to maximize gradient strengths and uniformities measured across

rays radiating from a candidate iris or a pupil's central point. Experiments with 670

eye images, which included very low contrast, specular re
ection and oblique views,

yielded 98% localization accuracy.

Miao et al. [13] used a human facegravity-center templatefor face location, which

also provided position information for the eyebrows, eyes,nose and mouth. First,

the original image is processed to produce a binary edge image. Then, based on the

face organs' location information obtained from the gravity-center template match,

the regions around the organ such as eyes are scanned and 4 keypoints, which can

determine the size of the organs, are located. Once these keypoints are located, the

shape of organs is characterized by curve �tting. The experimental results were good.

The main advantages of this approach are simplicity, speed and robustness. It took

0.28 seconds for each image on average on a Pentium-550 PC, and it worked well with

a complex background.

All the algorithms we reviewed above tried to locate eye positions as accurately

as possible, which will a�ect the face recognition system'sperformance signi�cantly.

However, there is little understanding of the e�ect of eye location on a face recognition
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system's performance. Marqueset al. [12] conducted a study on eigenface-based face

recognition scoring. Their experimental results suggest that the eigenface algorithm

is more sensitive to eye positions that deviate above or below the enrolled reference

than those that deviate left or right from the enrolled reference.

In this thesis, we examine the e�ect of eye location accuracyon face recognition

systems' performance and the sensitivities of di�erent face recognition systems to eye

location accuracy. We test two di�erent face recognition systems: an open source

PCA based system developed at Colorado State University [2]and the FaceIt system

[1] from Identix. For FaceIt, both their older version G3 andthe newer version G5

are tested. G5 was claimed to have a much better performance than G3 for both

automatic face-�nding function and face recognition. In the rest of the thesis, we will

denote the older version G3 as FaceIt-G3 and the newer version G5 as FaceIt-G5. In

this study, facial image data is drawn from a database of over33,000 high-resolution

color images collected at the University of Notre Dame [7] tosupport longitudinal face

recognition studies. Each image in the database is accompanied by \ground truth

writing" of eye locations selected by a trained human. Eye coordinates were also

extracted using the face-�nding function (eye locater) included in the FaceIt suite,

and both versions, G3 and G5, are employed. Then, face recognition experiments are

performed with the PCA system, FaceIt-G3 and FaceIt-G5 using all three sets of eye

coordinates.

The remainder of this thesis is organized as follows. Chapter 2 will provide details

on the data collection. Chapter 3 describes the eye locationtechniques employed and

assesses the performance of the automatic system against manual eye location mark-

ing. Chapter 4 brie
y described the two face recognition system used in this study.

Chapter 5 describes experiments and results for face recognition trials using manual

and automatic eye location. Chapter 6 addresses situationswhere the automatic eye
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location technique provides poor or no results. Chapter 7 provides comments and

conclusions.
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CHAPTER 2

DATA COLLECTION

The database used in these experiments was collected between Spring 2002 and

Spring 2003 at the University of Notre Dame, and forms a component of a large

database that supports longitudinal (time-lapse) studiesof the face recognition sys-

tems' performance [7]. Approximately 200 experimental subjects were photographed

weekly with a high-resolution color digital camera under four controlled lighting and

expression conditions. In addition, two additional pictures were acquired under un-

controlled lighting at each visit. Many subjects participated the image acquisition

weekly over a period of one and half years. Following is a brief descriptions of the

image acquisition, and terms we will use later. We will be concerned primarily about

the lighting conditions, the facial expression of the subjects, and image quality.

All references to brand names and models are intented to enable replication 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 sections, Spring 2002, Fall

2002 and Spring 2003. Table 2.1 provides detailed image information for each section.
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Table 2.1: IMAGE LOG INFORMATION

Camera Resolution Image Number
Spring2002 Sony MVC-95 1600� 1200 3379
Fall2002 Canon G2 1600� 1200or 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 the subject. One was

approximately four feet to the right of subject, one was centered in front of the

subject and the third one was about 4 feet to the left. All three lights were trained

on the subject's face. When the central light turned o�, and two 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 lighting, we also acquired

images under uncontrolled lighting conditions at the same acquisition session. Those

images were taken either under sunlight, or in a hallway where 
uorescent tube light-

ing was the main lighting source. No special care was taken toarrange the lighting

or position the subject in these images.

2.3 Expressions

For each lighting condition, photographs were taken with two facial expressions.

One is a neutral expression, which is denoted \FA", the otherone is a smiling expres-

sion denoted \FB". Hence, for every acquisition, six di�erent photos were acquired.

Figure 2.1 is one sample of such an acquisition.
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(a) UncontrolledjFA (b) UncontrolledjFB

(c) LM jFA (d) LM jFB

(e) LFjFA (f) LF jFB

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

EYE LOCATION: TECHNIQUES AND ACCURACY

The eye serves as an anchor in many face recognition systems.In this study, we

will examine how eye location accuracy a�ects face recognition systems' performance.

Two di�erent systems are tested. One is the PCA-based systemdeveloped at CSU

[2] and the other one is the FaceIt system from Identix [1], a commercial biometric

software vendor. For FaceIt, both the older version FaceIt-G3 and the new version

FaceIt-G5 are examined. A more detailed description of the PCA system and the

FaceIt software will be given in the next chapter. In this chapter, the eye location

generation techniques and the metrics to examine the accuracy of eye location are

the primary focus.

3.1 Eye Location Generation

Since we need to investigate the accuracy of eye location on face recognition sys-

tems' performance, we should have di�erent sets of eye location coordinates with

di�erent degrees of accuracy for each probe and gallery image. In this study, we will

use two di�erent ways to generate eye locations. One is to locate eye positions manu-

ally using trained human annotators, which is calledGround Truth Writing , and the

other one is to automatically locate eyes using the FaceIt software. Automatic eye

location is itself performed using two techniques (FaceIt-G3 and FaceIt-G5), yielding

three techniques totally.
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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, the location of the

nose tip and the center of the mouth are not used. Eye coordinates 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 TW coordinates as the

most accurate eye coordinates possible. Figure 3.1 depictsthe user interface we used

for this manual processing, and the pin points of the center of pupil, the nose tip and

the mouth center. The nose tip and mouth center are marked forhistorical reasons,

but are not used in the experiments in this thesis.

Figure 3.1: Ground truth writing user interface.
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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.

HighResImage 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.
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Figure 3.2: Eye locations generated by FaceIt software.

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

The FaceIt-G3 software suite provides a face-�nding function which can generate

eye locations for the subject image automatically. There are some 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 thedefault values for

all parameters exceptShrinkFactor. There are three reasons for this decision. First,

all the images we used are of high resolution, so the default value for HighResImage

is chosen. Second, we hope to make the whole process automatic, so we keep the

default setting for AutoEyeSpacing, instead of specifying values forMinEyeSpacing

and MaxEyeSpacing. Third, for the properties of NumEyeSpacingand SearchDepth,

we are not willing to decrease their values to speed up the procedure 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 have three sets

of automatic eye locations, which should be of di�erent accuracy. Figure 3.2 shows

the result of automatic eye location by FaceIt-G3 withShrinkFactor of 4.

For FaceIt-G5, we employed the \auto-face-�nding function". This function per-

forms the face �nding on the image using default and automatic settings. This method

operates similarly to the face-�nd function, except all theproperties are always auto-

matically determined. In FaceIt-G5, the setting forShrinkFactor is not needed. The

properties needed to tune for the face-�nding function areMinHeadSizePercentand

MaxHeadSizePercent. In order to keep the eye locating process automatic, we choose

auto-face-�nding in this experiment.

3.2 Quality Evaluation Measures for Automatic Eye Location

A companion face-checking function in the FaceIt package provides several quality

metrics that can be used to qualify the results of the eye locater. This function is

available in both FaceIt-G3 and FaceIt-G5. The summary metric has a value between

-1 and 10 (inclusive).

1. A value of -1 means the image is not suitable for the test. This situation does not

occur in our experiments.

2. A value of 0 means the eye locater failed completely to generate eye locations for

the processing image. Images with this score are labeled \failed".

3. A value of 10 means the eye positions are located with full con�dence. Images

with this resulting score are labeled \good".

4. A value between 0 and 10 means the eye location is obtained without full con�-

dence. The function provides scores of 2.5, 5.0 and 7.5. A value of 2.5 indicates the

15



located eye positions are guessed, a value of 5.0 means the eyes are located with low

con�dence and a value of 7.5 means the eyes are located with medium con�dence.

In our experiment, we treat all images yielding scores in this interval the same, and

label them \bad".

3.3 Quality Checking Results for Automatically Generated Eye Locations

We wrapped the FaceIt face �nding function into an executable program and ran

it on our image dataset. Both FaceIt-G3 and FaceIt-G5 are tested.

In FaceIt-G3, we tuned theShrinkFactor and values of (2,4 ,8) are used. The

statistics of the automatic eye location generation results are tabulated in Tables

3.2, 3.3 and 3.4. In those tables, the results for images under controlled lighting and

uncontrolled lighting are separated. The rows for \good", \bad" and \failed" means

quality checking results returned by face-checking function of FaceIt packages for the

processing images. The results show that withShrinkFactor increasing, the number

of \good" images under controlled lighting increases, while the number of \good" im-

ages under uncontrolled lighting decreases. According to the FaceIt documentation,

the ideal eye separation, after image size is decreased byShrinkFactor, is 25 pixels

in FaceIt-G3. For images in our dataset, eye separation distributions are shown in

Figures 3.3 and 3.4. The eye separation is measured as the distance between the

two eyes located by truth writing. Histograms of eye separation 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 images taken under controlled

lighting have larger eye separations than images taken under uncontrolled lighting.

As the result of this, a largeShrinkFactor is preferred for images taken under con-

trolled lighting.
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For FaceIt-G5, the results are shown in Table 3.5. The numberof \good" images

is greater than the number in G3, and the number of \bad" images drops. This

implies better performance for G5 than for G3.

We will use the images labeled \good" eye locations for the face recognition exper-

iments described in Chapter 5. The images labeled \bad" or \failed" will be studied

further in Chapter 6.
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Figure 3.3: Histogram for eye separation (in pixels) of images taken under controlled
lighting.

3.4 Metrics of Eye Location Accuracy Measurement

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

eye location accuracy, we should �rst have measured the error for 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-G3.

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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Figure 3.4: Histogram for eye separation (in pixel) of images taken under uncontrolled
lighting.

generated automatically. By checking the results of automatic eye location labeled

with \good", we found out that some of those eye locations were not as accurate as

TW eye coordinates. Figure 3.5 shows examples of incorrect automatic eye locations.

As the result of this, we decided to treat TW eye coordinates as the accurate standard,

and the disparities of automatic eye locations will be calculated compared to TW

coordinates as follows.

3.4.1 Metric 1

ERMS , the average of twoRoot Mean Square(RMS) values,ERMS ;L and ERMS ;R ,

is used to indicate the disparities between FaceIt coordinates and TW coordinates.

ERMS ;L is the disparity of two sets of coordinates for the left eye , and ERMS ;R is for

the right eyes. ERMS 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 automaticeye locations.

ERMS = 1
2(ERMS ;L + ERMS ;R ) ,

where

ERMS ;L =
q

1
N

P N
i =1 ((x iL ;GT � x iL ;A )2 + (( yiL ;GT � yiL ;A )2) ,

ERMS ;R =
q

1
N

P N
i =1 ((x iR ;GT � x iR ;A )2 + (( yiR ;GT � yiR ;A )2) ,

and where (x iL ;GT ; yiL ;GT ) and (x iR ;GT ; yiR ;GT ) are the left eye and right eye's GT co-

ordinates, (x iL ;A ; yiL ;A ) and (x iR ;A ; yiR ;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 coordinate with

larger error comparing two eye coordinates on a facial image, which is measured as
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the disparity of TW eye coordinates and FaceIt eye coordinates:

ERMS ;max =
q

1
N

P N
i =1 argmax(DistanceL ; DistanceR ) ,

where

DistanceL = ( x iL ;GT � x iL ;A )2 + ( yiL ;GT � yiL ;A )2 ,

DistanceR = ( x iR ;GT � x iR ;A )2 + ( yiR ;GT � yiR ;A )2 .

3.4.3 Metric 3

ERMS ;mid is the RMS error of the midpoint disparity, which is determined by the

distance between the TW midpoint and FaceIt midpoint. The TWmidpoint is the

middle of the interocular line with two endpoints decided byTW eye locations, and

the FaceIt midpoint is the middle of the interocular line with two endpoints decided

by automatic eye locations.

ERMS ;mid =
q

1
N

P N
i =1 ((x i;mid ;GT � x i;mid ;A )2 + (( yi;mid ;GT � yi;mid ;A )2) ,

where

x i;mid :GT = x iL ;GT + x iR ;GT

2 ,

yi;mid :GT = yiL ;GT + yiR ;GT

2 .

The summary of the error measurements on our dataset appearsin the following

tables. We tabulate the errors for images under controlled lighting shown in Table 3.6,

and uncontrolled lighting shown in Table 3.7. In each table,the error measurements

of the three metrics are tabulated for every eye coordinate sets,ShrinkF actor s of 2, 4,

and 8 for FaceIt-G3 face-�nding function respectively, andthe coordinates computed

by auto-face-�nding function of FaceIt-G5. Results show that the automatic face-

�nding function works much more poorly when images are takenunder uncontrolled
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lighting condition, especially for FaceIt-G3. For FaceIt-G5, the di�erence between

the controlled lighting and uncontrolled lighting is much smaller. And the results

also suggest that the performance of FaceIt-G5's face-�nding function is much better

than the corresponding function in FaceIt-G3.

Combining the error measurements for both controlled lighting and uncontrolled

lighting of eye locations generated by FaceIt-G3, we summarize results in Figure 3.6.

For controlled lighting, the eye-�nding function gets bestresults when aShrinkFactor

of 8 is used, while for uncontrolled lighting, aShrinkFactor of 4 is best. This result

is consistent with the suggestion of FaceIt-G3 documentation that the best image for

processing is the image with eye separations around 25 pixels. Referring to �gures

3.3 and 3.4, most of the eye separations for images under controlled lighting are

around 200� 300 pixels, and for uncontrolled lighting the eye separations are around

100� 150 pixels. Hence the properShrinkFactor should be 200=25 = 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
ERMS 23.99 18.142 15.1122 13.2324
ERMS ;max 25.4713 20.1364 17.1374 15.5133
ERMS ;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
ERMS 148.003 143.376 126.499 22.782
ERMS ;max 125.399 119.648 133.85 25.2086
ERMS ;mid 119.518 114.715 125.568 21.583
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Figure 3.6: RMS errors for automatic eye locations of FaceIt-G3 with di�erent shrink
factors.

3.5 Eye Disparity Analysis

Based on previous error measurement studies, we observed that the uncontrolled

lighting a�ects the accuracy of automatic eye location function a lot. In the following

analysis, we will focus on investigating the di�erence of images taken under controlled

and uncontrolled lighting. All the analysis in this sectionis based on the eye locations

generated withShrinkF actor of 4 by FaceIt-G3. With reference to Figure 3.6, for

uncontrolled lighting the best ShrinkF actor is 4, and for controlled lighting, the

di�erence betweenShrinkF actor of 8 and ShrinkF actor 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 and right eye deviations

in x and y coordinates. The number of images taken under controlled lighting is

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

much better than under uncontrolled lighting.
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Figure 3.7: Scatter plot of estimated 2D eye Location deviations from TW eye coor-
dinates.

We also checked images for which the deviation distance is larger than 100 pixels

compared to TW coordinates, even though FaceIt-G3 labeled them as \good" eye

locations. Figure 3.8 and 3.9 show sample images whose eye locations are clearly

wrong but were labeled \good" by FaceIt-G3.

Figure 3.10 shows a histogram of the eye midpoint deviation for photographs

under controlled lighting. Figure 3.11 shows a similar graph for uncontrolled lighting.

Both graphs suggest that there seems to be no systematic biasin eye location errors,

and most \good" estimates are clustered within about 50 pixels of the correct values.

This value also suggests that the lighting condition as wellas 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 automatic 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 controlled lighting, and
ERMS > 100 pixels. 25



Figure 3.9: Eye location results for images under uncontrolled lighting, and ERMS >
100 Pixels.
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Figure 3.10: Histogram of midpoint deviations for images taken under controlled
lighting.
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Figure 3.11: Histogram of midpoint deviations for images taken under uncontrolled
lighting.
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CHAPTER 4

FACE RECOGNITION SYSTEM PERFORMANCE

In this study, we used two di�erent face recognition systems. One is a PCA-based

system, implemented by Colorado State University Face Identi�cation Evaluation

System [2]. The other one is the commercial software FaceIt face identi�cation suite,

which is a Local Feature Analysis (LFA) based system [1]. We have two versions of

FaceIt: FaceIt-G3 and FaceIt-G5. Descriptions of these twosystems follow.

4.1 PCA-Based System

In this section, the basic idea of eigenspace-based face recognition system and the

implementation of PCA are described. Brie
y, the objectives of PCA are to discover or

to reduce the dimensionality of the data set and to identify new meaningful underlying

variables [19].

4.1.1 Eigenspace-based Method

The eigenspace-based method is one of the most successful approaches for face

recognition. The basic idea is to perform face recognition by nearest-neighbor search

in a low-dimension face space. The input image is a point in anextremely high

dimensional image space. Before recognition, this point will be projected to a face

space of much lower dimension, which is de�ned by the face feature vectors, called

eigenfaces.

28



In order to obtain the eigenfaces, we �rst need to obtain the projection axes

in which there exists the largest variance of the projected face images. Then this

procedure is repeated in the orthogonal space which is stilluncovered, until all the

discovered variation has been captured. The theoretical solution for this problem is

to obtain the eigensystem of the covariance matrixR 2 RN � N :

R = Ef (X � X )(X � X )tg ,

whereX represents the normalized image vectors,X is the mean of the image vectors,

and N is the original vector image dimension.

The eigenvectors ofR are the projection axes or eigenfaces, and the eigenvalues

represent the variance of the face data in the correspondingcoordinate. If we sort

the eigenfaces in descending order of eigenvalues, the successive projection axes are

obtained. After we have these projection axes, we can project the images into the

eigenspace, and apply a selected similarity function to getthe recognition result via

nearest neighbor search.

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

R 2 RN � 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 dataset. Given a train-

ing set ofNT imagesf x1; x2; :::; xNT g, all in RN , taking values in aN � dimensional

image, PCA �nds a linear transformationW T mapping the originalN � dimensional

image space to aM � dimensional feature space, whereM < N . The coordinates of

the new feature vectors are,

yk = W T xk ; k = 1; 2; :::; NT ,
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where W 2 < n is a matrix with orthonormal columns. We de�ne the total scatter

matrix ST as:

ST = f (x1 � x)(x2 � x):::(xNT � x)g ,

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

x = 1
NT

P NT
i =1 x i .

Clearly, Rank(R) � min (NT; N ).

After applying the linear transformation W T , the scatter of the transformed fea-

ture vectors f y1; y2; :::; yNT g is W T ST W. In PCA, the projection Wopt is chosen to

maximize the determinant of the total scatter matrix of the projected samples, i.e.

Wopt = argmaxW jW T ST Wj = [ w1w2:::wM ] ,

wherewi = 1; 2; :::; M is the set ofN � dimensional eigenvectors ofST corresponding

to the M largest eigenvalues [18].

Also the dimensionality reduction can be performed by discarding some eigenvec-

tors with very large or small eigenvalues. It is often assumed that the eigenvectors

with large eigenvalues correspond to lighting variation, and eigenvectors with small

eigenvalues correspond to noise. If none of the basis vectors are dropped, it is possible

to reconstruct perfectly each sample of the training data asa linear combination as

of the eigenvectors.

4.1.3 Similarity Measurements

Once the eigenspace is constructed, new images can be projected into it and the

relative distance between any two images can be measured in the projection space by

selected metrics. Two metrics are described here.
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Euclidean Distance

The Euclidean distance between two pointsx = ( x1; :::; xp) and y = ( y1; :::; yp) in

a p-dimensional spaceRp is de�ned as:

dE (x; y) =
p

(x1 � y1)2 + ::: + ( xp � yp)2 =
p

(x � y)T (x � y) ,

dE (x; 0) = k x k2=
q

(x2
1 + ::: + x2

p) =
p

xT x .

So all the points with the same distance of the origink x k2= c will satisfy x2
1+ :::+ x2

p =

c2, which is the equation of a spheroid. This means that all the components ofx

contribute equally to the Euclidean distance ofx from the center.

Mahalanobis Space-Based Distance Measures

Mahalanobis spaceis the space where the sample variance along each dimension

is unity. Therefore, the transformation of a vector from image space to feature space

is performed by dividing each coe�cient in the vector by its corresponding standard

deviation. This transformation yields a dimensionless feature space with unit variance

in each dimension. Hence the distance inMahalanobisspace normalizes the scaling of

the variables. This means that components with high variance will receive less weight

than components with low variance, which is di�erent from the Euclidean distance

mentioned above.

In our experiments,Mahalanobis cosinemetric is used. Two imagesu and v, after

being projected to the eigenspace and normalized to unit variance in each dimension,

yield imagesm and n. The Mahalanobis cosineof imagesu and v, with corresponding

projections m and n in Mahalanobisspace, is given by:

SMahCosine (u; v) = cos(� mn ) =
j m jj n j cos� mn

j m jj n j
=

m � n
j m jj n j

DMahCosine (u; v) = � SMahCosine (u; v)
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This essentially measures the angle between the vector fromthe origin to the two

images in theMahalanobisspace.

4.1.4 PCA System Working Steps

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

recognition follow.

Preprocessing

The purpose of the preprocessing is to minimize the in
uenceof various sources

of noise on face recognition. Those noises include the background, some possible

transformations of the face (scaling, rotation and translations) and sensor-dependent

variations (for example, automatic gain control calibration and bad lens points). The

CSU software provides �ve steps for the normalization.

1. Integer to 
oat conversion. Convert 256 grey levels into 
oating point equiva-

lents.

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

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

4. Histogram equalization. Equalizes the histogram of the unmasked part of the

image.

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

standard deviation of one.

Subspace Construction

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

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

When provided a image list, the code projects the feature vectors of the testing

images onto the basis, and computes the distance between allpairs of images in the

list. So the distance from each image to all other images in the list 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 can perform the nearest

neighbor search, recognize the subject, and generate the CMC analysis curve.

4.2 FaceIt Commercial Software: LFA

FaceIt uses Local Feature Analysis (LFA), which is another widely used technique

in face recognition. The advantage of LFA is that it is more robust to facial expression,

including blinking, frowning, and smiling, or other extrinsic variation such as lighting

changes. The following description is based on the documentation in the FaceIt user

manual [1].

LFA uses statistical techniques to encode facial features in terms of building blocks,

which are derived from a representative ensemble of faces. They span multiple pixels,

but are still local, and they are chosen to represent all facial shapes well. These

building elements are not exactly the same as the known facial features. In the

implementation, there are more facial building elements than there are facial parts,

and by synthesizing the facial building elements together the actual facial image can

be given. As the result of this, using di�erent amounts of building elements, the facial

image of di�erent precision will be obtained. Experiments showed 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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FaceIt provides several sizes of templates, which are used to store the facial build-

ing blocks for the subject image. The template of di�erent size stores di�erent number

of building elements. The template of large size stores moreinformation of the facial

image.

In FaceIt's implementation of LFA, two factors are examinedto determine the

identity of a subject in their system. First, the system selects characteristic elements

of the face. Then the geometric combination of those elements, such as their relative

position against stored templates, is examined and compared for identi�cation.

4.2.1 Image Preprocessing

The main purpose of preprocessing is to speed up the recognition process. The

FaceIt face recognition system employs large database searching. In our experiments,

every image contains millions of pixels. If the system is forced to search against raw

images directly, the recognition speed will be extremely slow. In order to achieve the

best speed, preprocessing steps are required. Face �nding and template creation are

the two major preprocessing steps.

Face Finding

To create a facial template for every enrolled image, the actual face position should

be located correctly �rst, and there are two options available. The eye locations for

each image can be supplied by the user manually, or eye locations can be detected

by the automatic face �nding function provided by FaceIt. This face �nding function

uses a combination of geometrical queues and pattern matching to �nd heads and

facial features. Once the face is located, the eye positionsand the size of the face in

the image will be returned.

34



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 images enrolled (the

gallery). Once eye positions are located �rst in the galleryimages, the templates can

be created for them. FaceIt uses two types of templates for identi�cation.

a. Vector template. A small template of 88 bytes is used for fast searching over

the entire query restricted sub-database.

b. Full template. A large template of size 3.5kb is used for anintensive 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 image ofa subject to be

identi�ed and gallery images. For the subject, only eye locations need to be provided

or computed. All gallery images have been already stored as templates. The matching

process will return a score for each gallery template givingthe matching quality. The

template with the highest score is the recognized result. The performance of the

system can be graphed using a CMC plot.
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CHAPTER 5

FACE RECOGNITION EXPERIMENTS

5.1 Introduction

In this chapter, we will examine the e�ect of eye location accuracy on face recog-

nition system performance, and the sensitivities of two di�erent systems, the PCA

system and FaceIt software suites. Our implementation of PCA is the Colorado

State University Identi�cation Evaluation System version5.0 [2]. The CSU code pro-

vides several proximity measurement algorithm to produce adistance matrix for both

gallery and probe images, such asEuclidean, Mahalanobis cosine, Yambor angleand

so on. Based on our previous experimental experience, we chose the 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 accuracy and lighting on

face recognition system performance, and the relative sensitivity of the two di�erent

systems. It includes two sub-experiments, experiment 1A and experiment 1B, and

each of them is conducted under di�erent lighting conditions. Experiment 1A is

to test images under controlled lighting and experiment 1B is to test images under

uncontrolled lighting. A di�erent probe set is used for eachsub-experiment. For

experiment 1A, probe images are the alternate-expression,side-lit (\FB jLF") images
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taken from fall 2002 to spring 2003 (1325 images total). In experiment 1B, probe

images are all images taken under uncontrolled lighting during fall 2002 and spring

2003 (1765 images total). For both sub-experiments, the gallery set is the same, and

consists of the neutral-expression, side-lit (\FAjLF") images taken in the �rst week of

fall 2002 (72 images total). There are 72 subjects in the gallery set, and one image per

subject. For both sub-experiments, there is exactly one correct match in the gallery

for each probe.

Both the PCA system and FaceIt, which includes FaceIt-G3 andFaceIt-G5, are

examined in this experiment. The training data for the PCA system is a subset of

the FERET data, and includes 1115 images of 697 individual subjects. The basis

eigenvector set was chosen to retain 60% of the total variation in the face space with

no additional pruning of high variance or low variance eigenvectors. The FaceIt-G3

and FaceIt-G5 systems require no additional training data from the user.

Figure 5.1 shows the cumulative match characteristic (CMC)plot for experiment

1A. From the plot, we can observe that the presence of inaccuracy in the eye location

did negatively a�ect the performance of both face recognition systems. For both the

PCA system and FaceIt (G3&G5), the use of TW eye locations yields better perfor-

mance than the use of automatically detected eye locations.Since the performance

drop experienced by the FaceIt G3&G5 matchers is not as largeas that experienced

by the PCA system, we have empirical evidence that the PCA system is more sensi-

tive to the accuracy of the eye location. Also the results suggest that FaceIt-G5 has

the best performance.

CMC plots for experiment 1B appear in Figure 5.2. We observedthe same trend

as that seen in experiment 1A. For both PCA and FaceIt (G3&G5), eye locations of

higher accuracy yield better FR performance. The result also supports our hypothesis

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

We also noted that performance of face recognition for both PCA and FaceIt drops

dramatically when probe images were acquired under uncontrolled lighting conditions.

Figure 5.3 documents this behavior using CMC performance curves appearing in

Figures 5.1 and 5.2 for recognition experiments that employed TW eye locations.

Even for FaceIt-G5, there is still a big performance drop when photos are acquired

using uncontrolled lighting.

5.2.2 Experiment 2

Since we observed from the last experiment that PCA is more sensitive than

FaceIt-G3 to eye location accuracy, we tried more experiments for di�erent degrees

of accuracy of eye locations. As noted in Chapter 3, we generated three di�erent sets

of automatically computed eye locations by using the di�erent ShrinkF actor (2, 4

and 8) in FaceIt-G3. And according to FaceIt-G3 documentation, the best images
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Figure 5.2: Face recognition systems' performance comparison for using eye locations
of di�erent accuracies: gallery images employed controlled lighting and probe images
employed uncontrolled lighting.

for their system should have an eye separation around 25 pixels after subsampling

by ShrinkFactor. Therefore we generate an eye location set which is constructed

with eye locations of di�erent shrink factors and those shrink factors are chosen

to ensure that the eye separations of subject images is around 25 pixels. Table

5.1 shows the con�guration of this special eye location set.The leftmost column

indicates the di�erent image set. \Probe-Con" refers the probe 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 di�erent sets of eye locations. Four of them are automatic

eye locations, and another one is TW coordinates. We designed this experiment

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

the accuracy of eye coordinates. The PCA system and FaceIt-G3 are examined on

those �ve eye coordinate sets. The gallery and probe sets in this experiment are

the same as experiments 1A and 1B. The only di�erence is that we use di�erent

sets of eye coordinates (TW coordinates and automatic eye locations computed from

ShrinkF actor of 2,4,8 and mixed). The results are shown in Figures 5.4 and 5.5.

From both �gures, we can conclude that PCA is more sensitive to the eye location

accuracy.

Table 5.1: CONFIGURATION OF MIXED SHRINK FACTOR

SF-2 SF-4 SF-8 Total
Gallery 0 0 72 72
Probe-Con 0 0 1301 1301
Probe-Uncon 6 908 334 1248
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Figure 5.4: First rank of face recognition for images taken under controlled Lighting.

5.2.3 Experiment 3

This experiment has two goals. One is to examine the time lapse e�ect on di�er-

ent face recognition systems, and the other is to examine thesensitivity of the face

recognition system performance to eye location accuracy. The performance of the

PCA system, FaceIt-G3 and FaceIt-G5 are compared. For PCA systems, the training

dataset we used here is a 600-image training set developed byMin et al. [14] that

produced the overall best performance in a time lapse face recognition study.

In this experiment, we only deal with FAjLF images from Spring 2002 to Spring

2003. Di�erent face recognition systems are combined with di�erent eye location sets

in 7 ways, as shown in Table 5.2. All the combinations are run with both the �xed

gallery and running gallery test (explained below). In the table, \FR SYSTEM"

speci�es the face recognition system used for current test.The PCA system, FaceIt-

G3 and FaceIt-G5 are the candidates. \EYE LOCATIONS" indicates the eye location
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Figure 5.5: First rank of face recognition for images taken under uncontrolled lighting.

set implemented. Three sets are provided: TW coordinates, automatic eye locations

generated by FaceIt-G3, and automatic eye location provided by FaceIt-G5. \IN-

ACCURACY" denotes the inaccuracy of the corresponding eye locations. Metric 1

mentioned in Chapter 3.4 is implemented to examine the inaccuracy. 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 ofthose 250 subjects. So

each probe is an image of a subject which is acquired �ve or more days after the day

the gallery image of the same subject was acquired.

In the running gallery test, the gallery contains multiple gallery sets of di�erent

time lapses and the experiment results for each di�erent gallery set will be collected

to make the overall performance result. The data set con�guration is described as

follows. The �rst gallery consists of the earliest images of250 subjects, and the
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Table 5.2: CONFIGURATIONS FOR ALL TESTS IN EXPERIMENT 3

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

corresponding probe set consists of all the rest of images ofthose 250 subjects. Then

the second gallery consists of the second earliest images of250 subjects, and the

corresponding second probe set consists of all the images ofthose 250 subjects taken

after the time stamp for images in the second gallery. The rest of gallery sets and

probe sets are con�gured in the similar manner as these �rst two, until there are too

few images to create a latest gallery of 250 subjects. In total, we have 9 gallery sets

and also the corresponding 9 probe sets, and 9 sets of resultsto make one overall

performance result. By using a running gallery, we have moreimages 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 TWcoordinates are used.

Figure 5.6 is for the �xed gallery test, and �gure 5.8 is for the running gallery test.

The results suggest that FaceIt-G5 has the best performance, while the performances

of PCA and FaceIt-G3 are much poorer. Also, the results show that time lapse does

a�ect system performance, and the trend is that the system'sperformance decreases

as time lapse grows larger, especially for time lapse from 0 to 250 days. The evidence

of the time lapse e�ect is more obvious in the running gallerytest, because more
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probe images are used. The numbers of images used in both the �xed gallery test

and the running gallery test appear in �gures 5.7 and 5.9, respectively.

Results are also presented in Figures 5.10 and 5.11, which compare the perfor-

mance of FaceIt-G3 and FaceIt-G5. For each face recognitionengine, both the TW

coordinates and automatic eye locations generated by the corresponding the face-

�nding function are examined. For example, in FaceIt-G3 test the automatic eye

locations generated by the face-�nding function of FaceIt-G3 are used. Both plots

illustrate that FaceIt technology is robust to the eye location accuracy, and recogni-

tion with TW coordinates has a slight advantage over using automatic eye locations,

because of the highest accuracy of TW coordinates. The results also reveal that

FaceIt-G5 has a large improvement on face recognition over FaceIt-G3.

The e�ect of eye location accuracy on the PCA system is studied, and results ap-

pear in �gures 5.12 and 5.13. Both �gures suggest that the PCAsystem is much more

sensitive to the eye location accuracy than both FaceIt-G3 and FaceIt-G5. Tested

with three di�erent sets of eye locations, the PCA system shows large di�erences

in the rank 1 rate. When TW coordinates are employed, the PCA system's perfor-

mance is highest. The second highest performance is associated with the automatic

eye locations generated by FaceIt-G3, and the lowest one is for the automatic eye

locations of FaceIt-G5. We examined theERMS for both automatic eye location sets.

Results show that they are of the same accuracy, and for both of them, ERMS = 13

pixels. So we suspect that eye locations generated by FaceIt-G5 might have bias at

some direction, which is the way the automatic eye locationsdeviate from the TW

coordinates. And this might be the reason for the big performance di�erences when

two di�erent eye coordinate sets are used. We will investigate this issue in our future

work.
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Figure 5.6: Performance plot for the �xed gallery test shownas �rst rank correct
match percentage to time lapse e�ect. Three di�erent FR systems are tested with
TW eye coordinates.
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Figure 5.7: The frequency of probe images at di�erent time lapse for the �xed gallery
test.
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Figure 5.8: Performance plot for the running gallery test shown as �rst rank correct
match percentage to time lapse e�ect. Three di�erent FR systems are tested with
TW eye coordinates.
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Figure 5.9: The frequency of probe images at di�erent time lapse for the running
gallery test.
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Figure 5.10: Performance plot for the �xed gallery test shown as �rst rank correct
match percentage to time lapse e�ect. Both the FaceIt-G5 andFaceIt-G3 systems
are tested.
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Figure 5.11: Performance plot for the running gallery test shown as �rst rank correct
match percentage to time lapse e�ect. Both the FaceIt-G5 andFaceIt-G3 systems
are tested.
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Figure 5.12: Performance plot for the �xed gallery test shown as �rst rank correct
match percentage to time lapse e�ect. The PCA system is tested with the three
di�erent eye coordinate sets.
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Figure 5.13: Performance plot for the running gallery test shown as �rst rank correct
match percentage to time lapse e�ect. The PCA system is tested with the three
di�erent eye coordinate sets.
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CHAPTER 6

ANALYSIS OF AUTOMATIC EYE LOCATION FAILURES

Our eye location experiment is conducted on a large database, which contains

more than 33,000 images. As noted in Chapter 3, we classi�ed those images into three

categories (good, bad and failed) by using face-�nding, face-checking functions and

quality check metrics provided by the FaceIt. For FaceIt-G3, three ShrinkFactors (2,

4, 8) are employed by the face-�nding function. For FaceIt-G5, the auto-face-�nding

function is employed to locate positions. Referring to tables 3.2, 3.3 and 3.4 in

Chapter 3, results showed that there are small di�erences when di�erent ShrinkFactors

are used for FaceIt-G3. Overall, it yields about 10% \bad" eye locations, a few

\failed" eye locations, and nearly 90% \good" ones. However, FaceIt-G5 has much

better performance to locate eyes, and 96.1% of images can becharacterized as having

\good" eye locations. In Chapter 3, we have discussed those \good" 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 FaceIt-G3 and FaceIt-

G5. Table 6.1 shows the statistics for images taken under controlled lighting and

under uncontrolled lighting. Clearly, images taken under controlled lighting yield

much fewer \bad" eye locations than under uncontrolled lighting for both FaceIt-

G3 and FaceIt-G5. FaceIt-G5 generates fewer \bad" eye locations for both lighting

conditions than FaceIt-G3. Table 6.2 shows the statistics for 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 of di�erent facial expressions,

and it suggests that there is no obvious di�erence in performance 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 positions by FaceIt-G3

when ShrinkF actor of 4 was applied. Most of the images taken under controlled

lighting, which yield \bad" eye locations, can be classi�edinto one of the four cate-

gories, shown in Figure 6.1. First, the subjects wear glasses. Second, the subject in
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the image wears a grid or patterned shirt, which can mislead the eye locater. Third,

the boundary of the chin is located as eyes incorrectly. Fourth, the mouth corners

are located as eyes incorrectly. However, this trend does not apply for the images

taken under uncontrolled lighting, shown in Figure 6.2. Thewrong eye positions are

usually randomly located somewhere in the image.

Figures 6.3 and 6.4 compare the \bad" automatic eye positions located by FaceIt-

G3 and FaceIt-G5. All images, shown in these two �gures, weretaken under uncon-

trolled lighting. Figure 6.3 is for images taken under natural sunlight, and Figure

6.4 is for images taken in a hallway where the 
uorescent tubelighting was the main

light source. Both �gures illustrate that FaceIt-G5 face-�nding function works much

better than FaceIt-G3's. They also suggest that the face-checking function of FaceIt-

G5 is somewhat more forgiving than that in FaceIt-G3 (half ofthe images labeled

\bad" in FaceIt-G3 are actually located with good eye positions).

Figure 6.5 shows the automatic eye locations of FaceIt-G5 for the images taken

under controlled lighting. Images in Figure 6.5(a) shows the truly \bad" eye locations

generated by FaceIt-G5; images in Figure 6.5(b) shows the \bad" eye locations, which

are not bad at all.

6.2 Statistics of \Failed" Eye Locations

The statistics of images with \failed" eye location are tabulated in tables 6.4,

6.5 and 6.6. From those statistics, we can see that for FaceIt-G3, when applying

the proper ShrinkF actor , the number of \failed" images for either controlled or

uncontrolled lighting is lowest. For FaceIt-G5, all the \failed" images taken under

controlled lighting are shown in �gure 6.7(a). The auto-face-checking of FaceIt-G5

works well for controlled lighting. However, it yields 378 \failed" eye locations for

uncontrolled lighting. Figure 6.7(b) shows four samples ofthe \failed" images under

uncontrolled lighting. We suspect, for those images, if we tune the FaceIt-G5 eye
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�nder parameters manually, we might be able to get a better outcome. 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 condition labeled \bad" by FaceIt-
G3. 53



Figure 6.2: Images taken under uncontrolled lighting labeled \bad" by FaceIt-G3.
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(a) The �rst set: �rst row is for FaceIt-G3, and the second rowis for FaceIt-G5

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

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

Figure 6.3: Comparison of eye locations generated by FaceIt-G3 and FaceIt-G5. Im-
ages are all taken under natural sunshine lighting and labeled \bad".

55



(a) The �rst set: �rst row is for FaceIt-G3, and the second rowis for FaceIt-G5

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

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

Figure 6.4: Comparison of eye locations generated by FaceIt-G3 and FaceIt-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 condition and labeled \bad"
by FaceIt-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 generated by FaceIt-G3.

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

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

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

CONCLUSIONS AND FUTURE WORK

In this study, we examined the sensitivity of face recognition system performance

to eye location accuracy. Experimental results showed thateye location accuracy is

one of the factors to a�ect the system's performance, and thedegree of the sensitivity

from di�erent face recognition system can vary. Compared with both FaceIt-G3 and

FaceIt-G5, the PCA-based system is more sensitive to the accuracy of eye location.

This e�ect was veri�ed under both the controlled and uncontrolled lighting conditions.

The lighting condition seems to be the primary determinant of recognition system

accuracy as well as automatic eye location success; change of expression does not

degrade performance as signi�cantly. The experiment results highly suggested that

FaceIt-G5 have a much higher performance for both the face-�nding function and face

recognition than FaceIt-G3. We can also conclude that the time-lapse does a�ect the

face recognition performance, which is veri�ed on the experiment for two di�erent

face recognition systems, the PCA system and the FaceIt system, which includes

FaceIt-G3 and FaceIt-G5.

For the future work, more investigation of FaceIt-G5 will beconducted. Once get

more understandings of current eye detection algorithms, we might aim to develop a

more accurate eye locater, which can be suitable for both controlled lighting and un-

controlled lighting. Also the color images might be studiedfor both the eye detection

and face recognition.
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