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Abstra ct

3D F a ce Recognition a cr oss Pose and Expression

By

Xiao guang Lu

F ace analysis and recognition has a large n um b er of applications, suc h as secu-

rit y , comm unication, and en tertainmen t. Curren t t w o-dimensional image based face

recognition systems encoun ter di�culties with large facial app earance v ariations due

to p ose, illumination, and expression c hanges. W e ha v e dev elop ed a face recognition

system that utilizes three-dimensional shap e information to mak e the system more

robust to large head p ose c hanges. Tw o di�eren t mo dalities pro vided b y a facial scan,

namely , shap e and in tensit y , are utilized and in tegrated for face matc hing. While the

3D shap e of a face do es not c hange due to head p ose (rigid) and ligh ting c hanges, it is

not in v arian t to non-rigid facial mo v emen t, suc h as expressions. Collecting and stor-

ing m ultiple templates to accoun t for v arious expressions for eac h sub ject in a large

database is not practical. W e ha v e designed a hierarc hical geo desic-based resam-

pling sc heme to deriv e a facial surface represen tation for establishing corresp ondence

across expressions and sub jects. Based on the dev elop ed represen tation, w e extract

and mo del three-dimensional non-rigid facial deformations suc h as expression c hanges



for expression transfer and syn thesis. F or 3D face matc hing purp oses, a user-sp eci�c

3D deformable mo del is built driv en b y facial expressions. An alternating optimiza-

tion sc heme is applied to �t the deformable mo del to a test facial scan, resulting in a

matc hing distance. T o mak e the matc hing system fully automatic, an automatic facial

feature p oin t extractor w as dev elop ed. The resulting 3D recognition system is able to

handle large head p ose c hanges and expressions sim ultaneously . In summary , a fully

automatic system has b een dev elop ed to address the problems of 3D face matc hing in

the presence of sim ultaneous large p ose c hanges and expression v ariations, including

automatic feature extraction, in tegration of t w o mo dalities, and deformation analysis

to handle non-rigid facial mo v emen t (e.g., expressions).
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Chapter 1

In tro duction

1.1 F ace Recognition

Automatic h uman face recognition has receiv ed substan tial atten tion from researc hers

in biometrics, pattern recognition, and computer vision comm unities [46, 169, 184 ,

74, 99 ]. The mac hine learning and computer graphics comm unities are also increas-

ingly in v olv ed in face recognition. This common in terest among researc hers w orking

in div erse �elds is motiv ated b y our remark able abilit y to recognize faces and the fact

that this h uman activit y is a primary concern b oth in ev eryda y life and in cyb erspace.

In addition, there are a large n um b er of commercial, securit y , and forensic applica-

tions that require the use of face recognition tec hnologies. These applications include

automated cro wd surv eillance, access con trol, m ugshot iden ti�cation (e.g., for issu-

ing driv er licenses), face reconstruction, design of h uman computer in terface (HCI),

m ultimedia comm unication (e.g., generation of syn thetic faces), and con ten t-based

image database managemen t. A n um b er of commercial face recognition systems are
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a v ailable, for example, 2D systems from Cognitec Systems Gm bH [3], Ey ematic [5]

(no w Nev en Vision [14]), Viisage [17 ] (no w merged with Iden tix [11]), and Iden tix;

and 3D systems from A4Vision [2], Geometrix [10], and Genex T ec hnologies [8].

Biometrics deals with automatic recognition of p eople based on their distinctiv e

anatomical (e.g., face, �ngerprin t, iris, retina, hand geometry , v ein, v oice, etc.) and

b eha vioral (e.g., signature, gait) c haracteristics. F ace is an e�ectiv e biometric at-

tribute/indicator. Di�eren t biometric indicators are suited for di�eren t kinds of iden-

ti�cation applications due to their p erformance with regard to in trusiv eness, accu-

racy , cost, and easy of sensing [12 ] (see Fig. 1.1(a)). The face biometric pro vides

go o d non-in trusiv eness with a relativ ely lo w accuracy . Among the six biometric in-

dicators considered in [83], facial features scored the highest compatibilit y , sho wn

in Fig. 1.1(b), in a mac hine readable tra v el do cumen ts (MR TD) system based on a

n um b er of ev aluation factors [83].

Global biometric rev en ues w ere $719 million in 2003. They are exp ected to reac h

$4.6 billion b y 2008 [12], driv en b y large-scale public sector biometric deplo ymen ts,

the emergence of transactional rev en ue mo dels, and the adoption of standardized

biometric infrastructures and data formats. Among emerging biometric tec hnologies,

facial biometrics is pro jected to reac h ann ual rev en ues of $802 million in 2008.

F ace recognition scenarios can b e classi�ed in to t w o t yp es, (i) face v eri�cation (or

authen tication) and (ii) face iden ti�cation (or recognition). In the F ace Recognition

V endor T est (FR VT) 2002 [137 ], whic h w as conducted b y the National Institute of

Standards and T ec hnology (NIST), another scenario w as added, called the `w atc h

list'.
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(a) (b)

Figure 1.1: Comparison of v arious biometric features: (a) based on zeph yr analysis,

cop yrigh t b y In ternational Biometric Group [12]; (b) based on MR TD compatibilit y

[83].

� F ace v eri�cation (\Am I who I sa y I am?") is a one-to-one matc h that

compares a query face image against a template face image whose iden tit y

is b eing claimed. T o ev aluate the v eri�cation p erformance, the v eri�cation

rate (the rate at whic h legitimate users are gran ted access) vs. false accept

rate (the rate at whic h imp osters are gran ted access) is plotted, called the

Receiv er Op erating Characteristic (R OC) curv e. A go o d v eri�cation system

should balance these t w o rates based on op erational needs.

� F ace iden ti�cation (\Who am I?") is a one-to-man y matc hing pro cess that

compares a query face image against all the template images in a face database

to determine the iden tit y of the query face (see Fig. 1.2). The iden ti�cation

of the test image is done b y lo cating the image in the database that has the

highest similarit y with the test image. The iden ti�cation pro cess is a \closed"
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test, whic h means the sensor tak es an observ ation of an individual that is kno wn

to b e in the database. The test sub ject's (normalized) features are compared

to the other features in the system's database and a similarit y score is found

for eac h comparison. These similarit y scores are then n umerically rank ed in a

descending order. The p ercen tage of time the highest similarit y score is the

correct matc h for all the individuals is referred to as the \top matc h score."

If an y one of the top- r (namely rank) similarit y scores corresp onds to the test

sub ject, it is considered as a correct matc h in terms of the cum ulativ e matc h.

The p ercen tage of time one of the top- r similarit y scores is the correct matc h for

all individuals is referred to as the \Cum ulativ e Matc h Score". The \Cum ulativ e

Matc h Score" curv e is the rank- r v ersus p ercen tage of correct iden ti�cation,

where rank- r is the n um b er of top- r similarit y scores rep orted.

Figure 1.2: F ace iden ti�cation scenario.
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� The w atc h list (\Are y ou lo oking for me?") metho d is an op en-univ erse test.

The test individual ma y or ma y not b e in the system w atc h list. The query is

compared to the faces in the system's database and a similarit y score is rep orted

for eac h comparison. These similarit y scores are then n umerically rank ed so that

the highest similarit y score is presen ted �rst. If a similarit y score is higher than

a preset threshold, an alarm is raised, indicating that the individual is presen t

in the system's database. There are t w o main items of in terest for w atc h list

applications. The �rst is the p ercen tage of time the system raises the alarm and

it correctly iden ti�es a p erson on the w atc hlist. This is called the \Detection

or Iden ti�cation Rate". The second item of in terest is the p ercen tage of time

the system raises the alarm for an individual that is not in the w atc hlist. This

is called the \F alse Alarm Rate."

1.2 Challenges in F ace Recognition

Although a great deal of e�ort has b een dev oted to 2D in tensit y image based face

recognition task, it still remains a c hallenging problem in a general setting. Successful

2D face recognition systems ha v e b een deplo y ed only under constrained situations.

One ma jor factor limiting the applications of 2D face recognition systems is that

h uman face image app earance has p oten tially v ery large in tra-sub ject v ariations due

to

� 3D head p ose

� Illumination (including indo or / outdo or)
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� F acial expression

� Occlusion due to other ob jects or accessories (e.g., sunglasses, scarf, etc.)

� F acial hair

� Aging [97].

On the other hand, the in ter-sub ject v ariations can b e small due to the similarit y of in-

dividual app earances. Figure 1.3 giv es examples of in tra-class app earance v ariations.

Figure 1.4 illustrates examples of app earance v ariations of di�eren t sub jects. Adini

et al. demonstrated that the v ariations b et w een the images of the same face due to

ligh ting and viewp oin t c hanges could b e larger than the images of di�eren t faces [23].

Curren tly , image-based face recognition tec hniques can b e mainly categorized in to t w o

groups based on the face represen tation that they use: (i) app earance-based, whic h

uses holistic texture features; (ii) mo del-based, whic h emplo ys shap e and texture of

the face, along with 3D depth information.

Figure 1.3: F acial app earance v ariations due to c hanges of p ose, illumination, expres-

sion, and facial accessories (b eard).

FR VT (F ace Recognition V endor T est) [7] is an indep enden tly administered tec h-

nology ev aluation of mature face recognition systems b y NIST. In 2002, ten commer-

cial pro ducts w ere ev aluated in FR VT 2002. The task designed for FR VT is v ery close
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Figure 1.4: In ter-sub ject v ariations v ersus in tra-sub ject v ariations. (a) and (b) are

images from di�eren t sub jects, but their app earance v ariations represen ted in the

input space can b e smaller than images from the same sub ject, (b), (c), and (d).

These images are tak en from the Y ale database [18 ].

to the real application scenarios. On Marc h 2003, NIST issued the ev aluation rep ort

for FR VT 2002, whic h rep orts the then state-of-the-art in face recognition [138].

FR VT 2002 consisted of t w o tests: the High Computational In tensit y (HCIn t)

T est and the Medium Computational In tensit y (MCIn t) T est. Both tests required the

system to b e fully automatic, and man ual in terv en tion w as not allo w ed. P articipan ts

could sign up to tak e either or b oth tests.

The High Computational In tensit y (HCIn t) T est w as designed to test state-of-

the-art systems on extremely c hallenging real-w orld images. These w ere full-face still

fron tal images. This test compared still database images against still images of an
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unkno wn p erson. The HCIn t required participan ts to pro cess a set of appro ximately

121,000 images, and matc h all p ossible pairs of images from the 121,000-image set.

This required p erforming 15 billion matc hes in 242 hours. The results from the HCIn t

measure the p erformance of face recognitions systems on large databases, examine the

e�ect of database size on p erformance, and estimate v ariabilit y in system p erformance.

The Medium Computational In tensit y (MCIn t) T est consisted of t w o separate

parts: still and video. MCIn t w as designed to pro vide an understanding of an algo-

rithm's capabilit y to p erform face recognition tasks with sev eral di�eren t formats of

imagery (still and video) under v arying conditions. The still p ortion of the MCIn t

compared a database of still images against still images of unkno wn p eople, the im-

ages w ere captured under di�eren t scenarios that di�ered in time b et w een enrollmen t

and test images, c hanges in illumination, and v ariations in p ose. The video p or-

tion of the test w as designed to pro vide an initial assessmen t of whether or not video

(whic h can b e view ed as a sequence of still images) helps in increasing face recognition

p erformance.

Figure 1.5 plots iden ti�cation p erformance of the top three commercial face recog-

nition pro ducts, namely Cognitec, Ey ematic, and Iden tix, on HCIn t dataset. The

database consists of 37,437 individuals. Figure 1.6 demonstrates that the iden ti�ca-

tion rate signi�can tly deteriorates due to the head p ose c hanges.

FR VT 2002 results also demonstrate that iden ti�cation p erformance is dep enden t

on the size of the database. F or ev ery doubling of the database size, p erformance

decreases b y 2 � 3% p oin ts. As the size of the face database increases, not only the

accuracy , but also the searc h sp eed b ecomes an imp ortan t issue. Indexing sc hemes can
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utilize features of a h uman face at di�eren t lev els. F eature p oin ts, suc h as ey e corners

and nose tip, pro vide facial geometry metrics, based on whic h the an throp ometric

statistics [64 ] can b e applied; seman tic features, suc h as gender and ethnicit y , can b e

used to reduce the searc h space.

Figure 1.5: Iden ti�cation results for the three b est face recognition systems on HCIn t

dataset [137 ].

Since FR VT 2002, a n um b er of new face recognition tec hnologies ha v e b een de-

v elop ed that ha v e the promise of impro ving p erformance b y an order of magnitude.

The F ace Recognition Grand Challenge (FR GC) [6] w as organized to help dev elop

new face recognition tec hnologies. It is hop ed that FR GC results will b e an order of

magnitude, for example, ac hieving a GAR (gen uine accept rate) of 98% at F AR (false

accept rate) of 0 : 1%, b etter than the results obtained in FR VT 2002. The tec hnologies

b eing dev elop ed under FR GC include high resolution still images, three dimensional

face scans, and m ulti-sample still imagery . The FR GC is structured in to t w o stages,

v ersion 1 (v er1.0) and v ersion 2 (v er2.0). V er1.0 is designed to in tro duce participan ts

9



Figure 1.6: Ev aluation of non-fron tal face iden ti�cation tasks [137 ]. \Left/righ t" and

\up/do wn" sho w iden ti�cation rates for the non-fron tal images. Left/righ t (morphed)

and up/do wn (morphed) sho w iden ti�cation rates for the morphed non-fron tal images.

P erformance is obtained on a database of 87 individuals.

to the FR GC c hallenge problem format and its supp orting infrastructure. V er2.0 is

designed to c hallenge researc hers to meet the FR GC p erformance goal. The FR GC

V er2.0 dataset con tains ab out 50 ; 000 facial recordings from 625 sub jects and six ex-

p erimen ts. In exp erimen t 1, the gallery consists of a single con trolled still image of a

p erson and eac h prob e consists of a single con trolled still image. Exp erimen t 2 studies

the e�ect of using m ultiple still images of a p erson on p erformance, i.e., m ultiple still

queries vs. m ultiple still templates. Exp erimen t 3 measures the p erformance of 3D

face recognition. In exp erimen t 3, the gallery and prob e set consist of 3D images of

a p erson. Exp erimen t 4 measures recognition p erformance from uncon trolled images.

In exp erimen t 4, the gallery consists of a single con trolled still image, and the prob e

set consists of a single uncon trolled still image. Exp erimen ts 5 and 6 examine matc h-
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ing 3D to 2D images. In b oth these exp erimen ts, the gallery consists of 3D images.

Ho w ev er, in exp erimen t 5, the prob e set consists of a single con trolled still 2D im-

age. In exp erimen t 6, the prob e set consists of a single uncon trolled still 2D image.

See [135, 136 ] for details of FR GC V er2.0 proto cols and the results. FR VT 2006 will

determine if (i) the goals of FR GC are reac hed, (ii) progress in face recognition since

FR VT 2002, and (iii) e�ectiv eness of newly dev elop ed face recognition tec hnologies.

1.3 Landscap e of 3D/2D F ace Recognition

The h uman face is a 3D ob ject, con taining shap e (3D surface) and texture (2D in ten-

sit y) information. Dep ending on whic h mo dalit y is used at enrollmen t and v eri�cation

stages, the face recognition scenarios can b e categorized as sho wn in Fig. 1.7.

Figure 1.7: F ace recognition application scenarios.

While most of the e�ort has b een dev oted to face recognition from t w o-dimensional

(2D) images [184], an increasing n um b er of approac hes are utilizing depth information

pro vided b y 2.5D range images [42 , 98, 75, 22, 156, 49, 31, 82, 131 , 38, 105 , 104].
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Curren t 2D face recognition systems can ac hiev e go o d p erformance in constrained

en vironmen ts; ho w ev er, they still encoun ter di�culties in handling large amoun ts

of facial v ariations due to head p ose, ligh ting conditions, and facial expressions [7].

Because the h uman face is a three-dimensional (3D) ob ject whose 2D pro jection

(image or app earance) is sensitiv e to the ab o v e c hanges, utilizing 3D face information

can impro v e the face recognition p erformance [33, 7]. 3D facial surface do es not

c hange due to head p ose c hanges, pro viding a signi�can t adv an tage o v er 2D in tensit y

images in case of (large) head p ose c hanges. Range images captured explicitly b y a

3D sensor (e.g., [4, 13 , 10 , 8 , 2 ]) incorp orate facial surface shap e information, whic h

is related to the facial anatomical structure, unlik e the app earance, whic h is a�ected

b y the en vironmen t. It is also more di�cult to fak e a 3D face compared to a 2D face

image to circum v en t the face recognition system. In FR GC and FR VT 2006 [6, 7], not

only the 2D in tensit y image, but also the 3D range map is included in the ev aluation

proto cols [135 ].

Besides the range and in tensit y maps, thermal and (near) infrared mo dalities ha v e

b een pursued for face recognition [171 , 152]. The thermal imagery has the adv an tage

of handling illumination v ariations. Ho w ev er, these images dep end on a sub ject's

metab olic state and are not in v arian t to p ose c hanges similar to the in tensit y image

based face recognition systems [152 ]. Li et al. [100 ] dev elop ed a high-accuracy face

recognition system based on the near-infrared mo dalit y using an activ e illumination

source. Although the system ac hiev es a go o d p erformance under v arious ligh ting

conditions, the system is designed for co op erativ e users in applications suc h as access

con trol, and it is not clear if the prop osed system can handle head p ose c hanges.
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1.4 3D F ace Recognition

In this thesis, w e address the problem of using b oth 3D and 2D mo dalities for face

recognition. The gallery (template) con tains 3D mo dels or 2.5D facial scans and

the query/test set consists of m ultiview 2.5D face scans (a 2.5D range image and a

registered 2D in tensit y images), pro vided b y a commercial 3D sensor.

In the databases collected at Mic higan State Univ ersit y , all range images (do wn-

sampled to 320 � 240 with a depth resolution of s 0 : 1 mm ) w ere collected using a

Minolta Vivid 910 scanner [13 ]. The sub ject stands in fron t of the scanner at a dis-

tance of ab out 1 : 5 m . This scanner uses structured laser ligh t to construct the face

image in less than a second. Eac h p oin t in a scan has a color (r, g, b) as w ell as

a lo cation in 3D space ( x; y ; z ). Eac h facial scan has around 18 ; 000 e�ectiv e p oin ts

(excluding the bac kground). Figure 1.8 sho ws the data collection scenario and an

example of these scans.

(a) (b) (c) (d)

Figure 1.8: An example of Minolta Vivid 910 facial scan. (a) data capture scenario;

(b) in tensit y (texture) image; (c) range image, sho wing p oin ts closer to the sensor in

red; (d) 3D visualization.

Eac h scan pro vided b y the Minolta sensor is called a 2.5D scan, whic h is a sim-

pli�ed 3D (x, y , z) surface represen tation that con tains at most one depth v alue (z

direction) for ev ery p oin t in the (x, y) plane, asso ciated with a registered color im-
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age, see Fig. 1.8 for an example. Eac h 2.5D scan can only pro vide a single view

p oin t (partial view) of the ob ject (see Figures 1.9 and 1.10), instead of the full 3D

view. Ho w ev er, during the training (enrollmen t) stage, a 3D face mo del can b e con-

structed b y taking sev eral scans from di�eren t viewp oin ts. W e address the scenario

that matc hes a 2.5D facial test scan to 3D mo dels stored in a gallery (2.5D vs. 3D).

Curren tly , matc hing 2.5D scans to 3D mo dels has a limited range of applications,

suc h as middle-to-high securit y access con trol, due to the relativ ely high cost of 3D

data capture. But, with con tin ued progress in 3D imaging tec hnology [19 , 20 ], cost-

e�ectiv e non-in trusiv e 3D data capture will b ecome a v ailable in the v ery near future.

The 3D facial structure reconstruction from images has receiv ed substan tial atten tion

[47, 182 , 121 , 33], not only to impro v e the visual qualit y , but also for impro ving the

metrical accuracy [57]. 3D mo del construction based on 2.5D scans is presen ted in

Chapter 4.

Although 3D face mo dels pro vide a more complete represen tation than a 2.5D

face scan, a single 2.5D face scan can also b e used as a template. In this thesis, the

prop osed algorithms, including feature extraction, 3D face matc hing, and deformation

analysis, are also applicable to the scenarios of matc hing m ultiview 2.5D face scans

to 2.5D face scans (2.5D vs. 2.5D, whic h is used in FR GC and FR VT 2006). W e

ev aluate the prop osed algorithms in b oth scenarios (2.5D vs. 3D; and 2.5D vs. 2.5D).

1.5 Database

Fiv e databases are used in our exp erimen ts.
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(a)

(b)

Figure 1.9: A fron tal 2.5D scan view ed from di�eren t viewp oin ts (a) and the full 3D

mo del (b).

1.5.1 Mic higan State Univ ersit y Database I (MSU-I)

Curren tly , there is no publicly a v ailable m ultiview range (with registered texture)

face database, along with expression v ariations. W e collected the m ultiview MSU-I

database that con tained 100 sub jects. Fiv e scans with neutral expression for eac h

sub ject w ere captured to construct the 3D mo del (see Sec. 4.1 for details). F or eac h

sub ject, another six scans w ere captured for testing, including 3 scans with neutral

expression and 3 with smiling expression. The scan proto col used for eac h sub ject is

demonstrated in Fig. 1.11. F or a few sub jects, w e had few er than 6 test scans. In total,

the test database consists of 598 indep enden t scans (di�eren t from training scans) of

the same 100 sub jects. All the scans v aried in p ose and facial expression (only smiling

expression w as a v ailable at the time of collection). The test data distribution is listed

in T able 1.1. In this thesis, the `pro�le' is used as the coun terpart of the `fron tal'

to describ e the p ose of the scan. In the MSU-I database, the `pro�le' scans w ere

captured at more than 45 degrees from the fron tal p ose at eac h side. Represen tativ e
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(a)

(b)

Figure 1.10: (a) One pro�le range scan view ed at di�eren t viewp oin ts; (b) the full 3D

mo del.

3D mo dels and test scans are sho wn in Figs. 1.12 and 1.13, resp ectiv ely .

T able 1.1: T est data distribution in the MSU-I database.

F ron tal Pro�le Subtotal

Neutral 99 213 312

Smiling 98 188 286

Subtotal 197 401 598

1.5.2 Mic higan State Univ ersit y Database I I (MSU-I I)

This database con tains m ultiple expressions and m ultiple p oses sim ultaneously . There

are 10 sub jects in this database. Fiv e scans with neutral expression for eac h sub ject

w ere captured to construct the 3D mo del. T est scans are captured at 3 di�eren t

p oses (fron tal, left 30 degrees, left 60 degrees) with 7 di�eren t expressions, whic h are

neutral, happ y , angry , smile, surprise, de
ated, in
ated [38]. The collection proto col

for one sub ject is pro vided in Fig. 1.14. In total, there are 210 (3 � 7 � 10) scans and

10 3D gallery mo dels.
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(a) (b) (c) (d) (e)

(f ) (g) (h) (i) (j) (k)

Figure 1.11: An example of data collection for eac h individual in the MSU-I database.

(a)-(e) are used for constructing the 3D mo del stored in the training database. (f )-

(k) are used for testing, whic h con tains v ariations in p ose, ligh ting, and expression

(smiling).

Figure 1.12: Some of the 3D face mo dels in the MSU-I database.

1.5.3 Univ ersit y of South Florida database (USF)

The USF database [16] pro vided b y Univ ersit y of South Florida con tains 100 3D

full-view face mo dels with neutral expression captured b y a Cyb erw are scanner [4].

Figure 1.15 sho ws 3D mo del examples in the USF database. No 2.5D test scans are

a v ailable in the USF database.

1.5.4 Univ ersit y of Notre Dame database (UND)

The UND database is pro vided b y Univ ersit y of Notre Dame

1

[43]. It consists of 953

facial scans from 277 sub jects. All scans are fron tal, with neutral expression. Similar

to the MSU databases, this data w as also collected using Minolta 3D scanner and

1

The database can b e accessed at h ttp://www.nd.edu/ � cvrl/UNDBiometricsDatabase.h tml.
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Figure 1.13: Represen tativ e 2.5D test scans in the MSU-I database. Range map (top)

and in tensit y map (b ottom).

do wnsampled to 320 � 240 to reduce computational cost. Examples are pro vided in

Fig. 1.16. There is no 3D face mo del a v ailable in the UND database. This database

also co v ers the dataset used for 3D face matc hing in FR GC V er1.0.

1.5.5 FR GC V er2.0 face scan database

The FR GC V er2.0 face scan database con tains only (near) fron tal 2.5D facial scans

and no 3D mo dels are a v ailable. There are 4007 2.5D face scans from 465 sub jects,

captured during F all 2003 and Spring 2004 b y a Minolta Vivid 900/910 series scanner.

In addition to the neutral expression, there are a n um b er of expressions included, suc h

as smiling (happiness), fro wn, astonishing (surprise), and pu�y c heeks. See Fig. 1.17

for examples. All scans w ere do wnsampled to 320 � 240 to reduce computational cost.

1.6 Thesis Outline

This thesis is organized as follo ws: Chapter 2 presen ts a literature review of 2D

and 3D face recognition. Chapter 3 describ es our automatic facial feature detection
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Figure 1.14: Data collection for the MSU-I I database (7 expressions at 3 p oses).

Figure 1.15: Some of the 3D face mo dels in the USF database.

algorithm. In Chapter 4, w e in tegrate b oth range and in tensit y mo dalities from facial

scans to enhance the face recognition across large p ose c hanges. Chapter 5 prop oses

deformation analysis for robust 3D facial surface matc hing. Chapter 6 summarizes

the prop osed w ork and presen ts the future directions related to this w ork.

1.7 Thesis Con tributions

Figure 1.18 illustrates the ma jor framew ork of the prop osed 3D face matc hing system.
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Figure 1.16: Example images in the UND database. In tensit y images (top) and the

corresp onding range images (b ottom). F rom left to righ t, they are non-Asian female,

non-Asian male, Asian female, and Asian male.

Unlik e previous w ork on 3D face recognition, whic h is mostly fo cused on matc h-

ing fron tal test scans, our w ork is fo cused on matc hing test/query scans captured

at large viewp oin t c hanges along with non-rigid deformations (e.g., expression v aria-

tions). The deformation is directly analyzed in three-dimensional domain instead of

2D texture images. The ma jor con tributions of this thesis include:

1. 3D Matc hing in the presence of large p ose c hanges. 3D facial shap e is utilized

to enhance the recognition p erformance.

2. An automatic feature extraction sc heme to lo cate feature p oin ts in 2.5D scans

with large p ose c hanges, leading to a fully automatic 3D face matc hing system.

3. In tegration of surface and app earance information to impro v e the recognition

p erformance.
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(a) (b) (c) (d) (e) (f )

Figure 1.17: Example images in the FR GC V er2.0 database, from the same sub ject

but with di�eren t facial expressions. (a) Neutral, (b) smile, (c) sad, (d) pu�y face,

(e) fro wn, (f ) surprise. In tensit y images (top) and the corresp onding range images

(b ottom).

4. A hierarc hical facial surface resampling sc heme to establish corresp ondence b e-

t w een facial scans (from di�eren t sub jects or from the same sub ject but with

di�eren t expressions), whic h can b e used for 3D face mo deling.

5. A framew ork for robust 3D face surface matc hing in the presence of non-rigid

deformation (due to expression c hanges) across large p ose c hanges.

Figure 1.18: A sc hematic diagram of the prop osed 3D face matc hing system.
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Chapter 2

Bac kground

A great deal of progress has b een made in impro ving the face recognition p erformance,

since the early w ork on image based face recognition systems in 1970s [73, 90 ]. F ace

recognition has attracted the atten tion of researc hers from man y di�eren t areas, in-

cluding computer vision, pattern recognition, mac hine learning, computer graphics,

and cognitiv e science.

2.1 2D Image-Based F ace Recognition

Based on t w o-dimensional in tensit y images, a n um b er of face recognition algorithms

ha v e b een dev elop ed during the past three decades (see Fig. 2.1).

2.1.1 App earance-Based F ace Recognition

Man y approac hes to ob ject recognition are based directly on images without the use

of 3D face mo dels. Most of these tec hniques dep end on a represen tation of face images
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Figure 2.1: Ma jor image based face recognition metho ds.

that induces a v ector space structure.

App earance-based approac hes represen t an ob ject in terms of sev eral ob ject views

(ra w in tensit y images). An image is considered as a high-dimensional v ector, i.e., a

p oin t in a high-dimensional v ector space. Man y view-based approac hes use statistical

tec hniques to analyze the distribution of the ob ject image in the v ector space, and

deriv e an e�cien t and e�ectiv e represen tation (feature space) according to di�eren t

applications. Giv en a test image, the similarit y b et w een the stored protot yp es and

the test view is then carried out in the feature space.

Image data can b e represen ted as v ectors, i.e., as p oin ts in a high dimensional

v ector space. F or example, a p � q 2D image can b e mapp ed to a v ector x 2 R

pq

,

b y lexicographic ordering of the pixel elemen ts (suc h as b y concatenating eac h ro w

or column of the image). Despite this high-dimensional em b edding, the natural con-

strain ts of the ph ysical w orld (and the imaging pro cess) dictate that the data will,

in fact, lie in a lo w er-dimensional (though p ossibly disjoin t) manifold. The primary

goal of the subspace analysis is to iden tify , represen t, and parameterize this manifold

23



in accordance with some optimalit y criteria.

Let X = ( x

1

; x

2

; : : : ; x

i

; : : : ; x

N

) represen t the n � N data matrix, where eac h x

i

is

a face v ector of dimension n , concatenated from a p � q face image, where n = p � q .

Here n represen ts the total n um b er of pixels in the face image and N is the n um b er

of di�eren t face images in the training set. The mean v ector of the training images

� =

1

N

P

N

i =1

x

i

is subtracted from eac h image v ector for normalization.

All the p � q images (with 256 gra y scale) construct the image space. Eac h image

(v ector) corresp onds to a p oin t in this space. Out of total ( p � q )

256

p ossible instances

in this image space, h uman face images only reside in a v ery small p ortion. The

manifold or the distribution of all faces accoun ts for v ariations in facial app earance.

T o analyze this face manifold, b oth linear or nonlinear subspace analysis metho ds can

b e applied. Although linear subspace analysis approac hes ha v e signi�can tly adv anced

facial recognition tec hnology , due to high nonlinearit y of the face manifolds [99], linear

subspace analysis do es not ha v e su�cien t mo deling capacit y to preserv e the v ariations

of the face manifold and distinguish b et w een individuals to ac hiev e highly accurate

face recognition. Recen t dev elopmen ts in nonlinear manifold analysis pro vide more


exibilit y and mo deling p o w er to analyze face manifolds. Ho w ev er, the generalization

capabilit y of nonlinear metho ds is a�ected b y the sample size in real applications,

i.e., small n um b er of face sample images a v ailable for training compared to the large

v ariations of facial app earance in testing, leading to o v er�tting [142 ].
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Linear (subspace) Analysis

Three classical linear app earance-based classi�ers, PCA [162 ], ICA [24] and LD A

[155 , 27] are in tro duced here. Eac h classi�er has its o wn represen tation (basis v ectors)

of a high dimensional face v ector space based on di�eren t statistical viewp oin ts. By

pro jecting the face v ector to the basis v ectors, the pro jection co e�cien ts are used as

the feature represen tation of eac h face image. The matc hing score b et w een the test

face image and the training protot yp e is calculated (e.g., as the cosine v alue of the

angle) b et w een their co e�cien t v ectors. The larger the matc hing score, the b etter

the matc h.

All the three represen tations can b e considered as a linear transformation from

the original image v ector to a pro jection feature v ector, i.e.

Y = W

T

X ; (2.1)

where Y is the d � N feature v ector matrix, d is the dimension of the feature v ector,

and W is the transformation matrix. Note that d << n .

(1) PCA

Principal Comp onen t Analysis (PCA) �nds Y , whic h b est accoun ts for the distri-

bution of face images within the en tire image space [162]. These v ectors de�ne the

subspace of face images, and the subspace is called the face space. All faces in the

training set are pro jected on to the face space to �nd a set of w eigh ts that describ es the

con tribution of eac h v ector in the face space. T o iden tify a test image, one needs to
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pro ject the test image on to the face space to obtain the corresp onding set of w eigh ts.

By comparing the w eigh ts for the test image with the set of w eigh ts of the faces in

the training set, the face in the test image can b e iden ti�ed.

The k ey pro cedure in PCA is based on Karh unen-Lo ev e transformation [92 ]. If

the image elemen ts are considered to b e random v ariables, the image ma y b e seen

as a sample of a sto c hastic pro cess. The Principal Comp onen t Analysis basis v ectors

are de�ned as the eigen v ectors of the n � n total scatter matrix S

T

,

S

T

=

N

X

i =1

( x

i

� � )( x

i

� � )

T

: (2.2)

The transformation matrix W

P C A

is comp osed of the eigen v ectors corresp onding to

the d largest eigen v alues. The eigen v ectors (a.k.a. eigenface) corresp onding to the 7

largest eigen v alues, deriv ed from ORL face database [15], are sho wn in Fig. 2.4. The

corresp onding a v erage face is giv en in Fig. 2.3. ORL face samples are pro vided in

Fig. 2.2. After applying the pro jection, the input v ector (face) in an n -dimensional

space is reduced to a feature v ector in a d -dimensional subspace. Also the eigen v ec-

tors corresp onding to the 7 smallest eigen v alues are pro vided in Fig. 2.5. F or most

applications, the eigen v ectors corresp onding to v ery small eigen v alues are considered

as noise, and not tak en in to accoun t during iden ti�cation. Sev eral extensions of PCA,

suc h as mo dular eigenspaces [134 ], ha v e b een dev elop ed to deal with p ose c hanges and

probabilistic subspaces [120 ] in order to deriv e a more meaningful similarit y measure

under the probabilistic framew ork.
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Figure 2.2: F ace samples from the ORL face database.

Figure 2.3: The a v erage face (deriv ed from the ORL face database [15 ]).

(2) ICA

Indep enden t Comp onen t Analysis (ICA) [87] is similar to PCA except that the

distribution of the comp onen ts are designed to b e non-Gaussian. Maximizing non-

Gaussianit y promotes statistical indep endence [87]. Unlik e PCA, whic h utilizes the

second-order statistics, ICA explores higher order statistics.

Figure 2.4: Eigen v ectors (eigenfaces) corresp onding to the 7 largest eigen v alues,

sho wn as p � p images, where p � p = n (deriv ed from the ORL face database

[15]).
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Figure 2.5: Eigen v ectors corresp onding to the 7 smallest eigen v alues, sho wn as p � p

images, where p � p = n (deriv ed from the ORL face database [15]).

Bartlett et al. [24] pro vided t w o arc hitectures based on Indep enden t Comp onen t

Analysis, statistically indep enden t basis images and a factorial co de represen tation,

for the face recognition task. The ICA separates the high-order momen ts of the input

in addition to the second-order momen ts utilized in PCA. Both the arc hitectures lead

to a similar p erformance. The basis v ectors based on fast �xed-p oin t algorithm [86]

for the ICA factorial co de represen tation are illustrated in Fig. 2.6. There is no sp ecial

order imp osed on the ICA basis v ectors.

Figure 2.6: ICA basis v ectors sho wn as p � p images; there is no sp ecial order for ICA

basis v ectors (deriv ed from the ORL face database [15 ], based on the second arc hitec h-

ture [25]). The soft w are a v ailable at h ttp://www.cis.h ut.�/pro jects/ica/fastica/ w as

used to compute ICA.

(3). LD A

Both PCA and ICA are unsup ervised metho ds that construct the face space with-

out using the face class (category) information. In linear discriminan t analysis (LD A),

the goal is to �nd an \optimal" w a y to represen t the face v ector space to maximize

the discrimination b et w een di�eren t face classes. Exploiting the class information can
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b e helpful to the iden ti�cation tasks [27].

The Fisherface algorithm [27 ] is deriv ed from the Fisher Linear Discriminan t

(FLD), whic h uses class sp eci�c information. By de�ning di�eren t classes with di�er-

en t statistics, the images in the learning set are divided in to the corresp onding classes.

Then, tec hniques similar to those used in the Eigenface algorithm are applied. In gen-

eral, the Fisherface algorithm results in a higher accuracy rate in recognizing faces

compared to the Eigenface algorithm.

The Linear Discriminan t Analysis �nds a transform WLD A, suc h that

W

LD A

= arg max

W

W

T

S

B

W

W

T

S

W

W

; (2.3)

where S

B

is the b et w een-class scatter matrix and S

W

is the within-class scatter matrix,

de�ned as
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� �
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k

� �

i
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T

: (2.5)

In the ab o v e expression, N

i

is the n um b er of training samples in class i , c is the

n um b er of distinct classes, �

i

is the mean v ector of samples b elonging to class i and

X

i

represen ts the set of samples b elonging to class i . The LD A basis v ectors are

demonstrated in Fig. 2.7.

T able 2.1 lists the ma jor adv an tages and w eakness of these three app earance-based
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Figure 2.7: First sev en LD A basis v ectors sho wn as p � p images (deriv ed from the

ORL face database [15]).

approac hes.

T able 2.1: Pros and cons of three linear app earance-based metho ds.

Adv an tages Disadv an tages

PCA

� The most descriptiv e repre-

sen tation in terms of the least

square reconstruction errors

� Easy to implemen t. Usually

used as the baseline algorithm

� It is not the most discrimina-

tiv e for class separation, since

it do es not tak e an y class la-

b el information in to accoun t.

ICA

� Utilizes higher-order statis-

tics, instead of only the

second-order statistics in

PCA

� No general closed-form solu-

tion. Iterativ e metho ds are

used to obtain the ICA rep-

resen tation

LD A

� Utilizes the class lab el infor-

mation in the deriv ation of

the represen tation for the face

recognition task, a classi�ca-

tion problem.

� Small sample size problem

arising from the small n um b er

of a v ailable training samples

compared to the dimensional-

it y of the sample space

Muc h progress has b een recen tly made on linear subspace analysis for face recogni-

tion, suc h as m ultilinear analysis, t w o-dimensional PCA, and 2D Fisher discriminan t

analysis. V asilescu and T erzop oulos [164] prop osed an approac h based on m ultilin-

ear tensor decomp osition of image ensem bles, utilizing the higher-order tensors based
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m ultilinear algebra to resolv e the confusion of m ultiple factors con tained in the same

face recognition system, suc h as illumination and p ose. The resulting represen tation

of facial images w as called T ensorF aces. Instead of represen ting the image as a v ector,

Y ang et al. [176] considered an image as a 2D matrix and dev elop ed a t w o-dimensional

PCA algorithm for face recognition. Using the 2D matrix represen tation of facial im-

ages, Kong et al. [95] generalized the con v en tional LD A in to 2D Fisher discriminan t

analysis and applied it to face recognition.

Non-linear (manifold) Analysis

The face manifold is more complicated than linear mo dels. Linear subspace analysis

is an appro ximation of this non-linear manifold. Direct non-linear manifold mo deling

sc hemes are explored to learn this non-linear manifold. The k ernel principal comp o-

nen t analysis (KPCA) is in tro duced in the follo wing along with sev eral other manifold

learning algorithms.

The k ernel PCA [149 ] applies a nonlinear mapping from the input space R

M

to

the feature space R

L

, denoted b y 	( x ), where L is larger than M . This mapping is

made implicit b y the use of k ernel functions satisfying the Mercer's condition [163 ]

k ( x

i

; x

j

) = 	( x

i

) � 	( x

j

) ; (2.6)

where k ernel functions k ( x

i

; x

j

) in the input space corresp ond to inner-pro duct in the

higher dimensional feature space. Because computing the co v ariance matrix is based

on inner-pro ducts, p erforming a PCA in the feature space can b e form ulated with
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k ernels in the input space without the explicit computation of 	( x ). Supp ose the

co v ariance matrix in the feature space is calculated as

�

K

= < 	( x

i

)	( x

i

)

T

> : (2.7)

The corresp onding eigen-problem is �V = �

K

V . It has b een pro v ed [149 ] that V can

b e expressed as V =

P

N

i =1

w

i

	( x

i

), where N is the total n um b er of training samples.

The equiv alen t eigen v alue problem can b e form ulated in terms of k ernels in the input

space

N �w = K w ; (2.8)

where w is a N -dimensional v ector, K is a N � N matrix with K

ij

= k ( x

i

; x

j

).

The pro jection of a sample x on to the n

th

eigen v ector V

n

can b e calculated b y

p

n

= ( V

n

� 	( x )) =

N

X

i =1

w

n

i

k ( x

i

; x

j

) : (2.9)

Figure 2.8 giv es a 2D example of KPCA to demonstrate the deriv ed represen tation.

Similar to traditional PCA, the pro jection co e�cien ts are used as features for face

classi�cation. Y ang [178] explored the use of KPCA for the face recognition prob-

lem. Unlik e traditional PCA, KPCA represen tation (pro jection co e�cien t v ector)

can ha v e higher dimensionalit y than the input image. But a suitable k ernel and the

corresp onding parameters can only b e determined empirically .

Manifold learning has attracted m uc h atten tion in the mac hine learning com-

m unit y . ISOMAP [158 ] and LLE [143] ha v e b een prop osed to learn the non-linear
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Figure 2.8: Con tour plots of the �rst six principal comp onen t pro jections. Eac h

con tour con tains the same pro jection v alues on to the corresp onding eigen v ectors.

Data is generated b y 3 Gaussian clusters. A RBF k ernel is used. The corresp onding

eigen v alues are giv en ab o v e eac h subplot. Notice that the �rst three comp onen ts ha v e

the p oten tial to extract the individual clusters [149 ].

manifold, where the learned manifold has b een sho wn for face images. Y ang [177]

applied LD A to the face recognition problem using geo desic distance, whic h is the

basis of the ISOMAP . He et al. [80] prop osed a `laplacianfaces' approac h based on

the lo calit y preserving pro jections to represen t the face subspace. These manifold

learning algorithms are in teresting, but further exploration is needed to demonstrate

their p erformance in face recognition for real applications.

Curren t app earance-based face recognition systems encoun ter di�culties in prac-

tice due to the small n um b er of a v ailable training face images and complex facial

v ariations encoun tered in the test images. Human face app earance has a n um b er of

v ariations resulting from v arying ligh ting conditions, di�eren t head p ose, and facial

expressions. In real-w orld situations, only a small n um b er of samples for eac h sub-
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ject are a v ailable for training. If a su�cien t amoun t of represen tativ e data is not

a v ailable, Martinez and Kak [119 ] sho w ed that the switc h from nondiscriminan t tec h-

niques (e.g., PCA) to discriminan t approac hes (e.g., LD A) is not alw a ys w arran ted

and ma y sometimes lead to p o or system design. Therefore, face syn thesis, where

additional training samples can b e generated from the a v ailable samples, is helpful to

enhance the p erformance of face recognition systems [165 , 183 , 106 ]. F urther, tec h-

niques suc h as classi�er com bination [116 ] and data resampling [111] can help enhance

the accuracy of the app earance-based face recognition system.

2.1.2 Mo del-based face recognition

The mo del-based face recognition sc heme constructs a mo del of the h uman face, whic h

is able to capture the facial v ariations. The prior kno wledge of a h uman face is utilized

in mo del construction. F or example, feature-based matc hing deriv es distance and

relativ e p osition features b et w een facial elemen ts (e.g., ey es, nose ....). Kanade [90]

dev elop ed one of the earliest face recognition algorithms based on automatic feature

detection. By lo calizing the corners of the ey es, nostrils, etc. in fron tal views, his

system computed parameters for eac h face, whic h w ere compared (using a Euclidean

metric) against the parameters of kno wn faces. A more recen t feature-based system,

based on elastic bunc h graph matc hing, w as dev elop ed b y Wisk ott et al. [173 ] as an

extension to their original graph matc hing system [96 ]. By in tegrating b oth shap e

and texture, Co otes et al. [51, 61 ] dev elop ed a 2D morphable face mo del, through

whic h the face v ariations are learned. Blanz and V etter explored a more adv anced
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3D morphable face mo del to capture the true 3D structure of h uman face surface

along with facial app earance [33]. Both morphable mo del metho ds come under the

framew ork of `in terpretation through syn thesis'.

The mo del-based sc heme usually con tains three steps: 1) Constructing the mo del,

2) �tting the mo del to the giv en face image, and 3) using the parameters of the �tted

mo del as the feature v ector to calculate the similarit y b et w een the query face and

protot yp e faces in the database to p erform the recognition.

F eature-based Elastic Bunc h Graph Matc hing

(1) Bunc h Graph

All h uman faces share a similar top ological structure. Wisk ott et al. presen t

a general in-class recognition metho d for classifying mem b ers of a kno wn class of

ob jects. F aces are represen ted as graphs, with no des p ositioned at �ducial p oin ts

(suc h as the ey es, the tip of the nose, some con tour p oin ts, etc.; see Fig. 2.9), and

edges lab eled with 2-D distance v ectors.

Figure 2.9: Multiview faces o v erlaid with lab eled graphs [173 ].

Eac h no de con tains a set of 40 complex Gab or w a v elet co e�cien ts, including b oth
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phase and magnitude, kno wn as a jet (sho wn in Fig. 2.10). W a v elet co e�cien ts are

extracted using a family of Gab or k ernels with 5 di�eren t spatial frequencies and 8

orien tations; all k ernels are normalized to b e of zero mean.

Figure 2.10: A Gab or jet [96] con tains the phase and magnitude of the co e�cien ts

obtained from the con v olution b et w een Gab or �lters and the orginal image.

F ace recognition is based on lab eled graphs. A lab eled graph is a set of no des con-

nected b y edges; no des are lab eled with jets; edges are lab eled with distances. Th us,

the geometry of an ob ject is enco ded b y the edges while the gra y v alue distribution

is patc h-wise enco ded b y the no des (jets). An example is sho wn in Fig. 2.11.

While individual faces can b e represen ted b y simple lab eled graphs, a face class

requires a more comprehensiv e represen tation in order to accoun t for all kinds of

v ariations within the class. The F ace Bunc h Graph has a stac k-lik e structure that

com bines graphs of individual sample faces, as demonstrated in Fig. 2.12. It is crucial

that the individual graphs all ha v e the same structure and that the no des refer to the

same �ducial p oin ts. All jets referring to the same �ducial p oin t, e.g., all left-ey e jets,

are bundled together in a bunc h, from whic h one can select an y jet as an alternativ e
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Figure 2.11: Lab eled graph [96]. Eac h no de is a set of jets. The edges connecting

no des denote the distances, enco ding the geometry of the (face) ob ject.

description. The left-ey e bunc h migh t con tain a male-lik e ey e, a female-lik e ey e, b oth

closed or op en, etc. Eac h �ducial p oin t is represen ted b y a set of alternativ es and

from eac h bunc h an y jet can b e selected indep enden tly of the jets selected from the

other bunc hes. This pro vides full com binatorial p o w er of this represen tation ev en if

it is constructed only from a few graphs.

(2) Elastic Graph Matc hing

T o iden tify a new face, the face graph is p ositioned on the face image using elastic

bunc h graph matc hing. The goal of Elastic graph matc hing is to �nd the �ducial

p oin ts on a query image and th us to extract from the image a graph whic h maximizes

the graph similarit y function. This is p erformed automatically if the face bunc h

graph (FBG) is appropriately initialized. A face bunc h graph (FBG) consists of a

collection of individual face mo del graphs com bined in to a stac k-lik e structure, in
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Figure 2.12: The left �gure sho ws a sk etc h of a face bunc h graph [173 ]. Eac h

of the nine no des is lab eled with a bunc h of six jets. F rom eac h bunc h, one

particular jet has b een selected, indicated as gra y . The actual selection dep ends

on the test image, e.g., the face on to whic h the face bunc h graph is matc hed.

Though constructed from six sample faces only , this bunc h graph can p oten tially

represen t 6

9

= 10 ; 077 ; 696 di�eren t faces. The righ t �gure sho ws the same con-

cept in terpreted sligh tly di�eren tly b y T ullio P ericoli (\Un�nished P ortrait" 1985)

[h ttp://www.cnl.salk.edu/ � wisk ott/Pro jects/Bunc hGraph.h tml].

whic h eac h no de con tains the jets of all previously initialized faces from the database.

T o p osition the grid on a new face, the graph similarit y b et w een the image graph and

the existing FBG is maximized. Graph similarit y is de�ned as the a v erage of the b est

p ossible matc h b et w een the new image and an y face stored within the FBG min us a

top ographical term (see Eq. 2.11), whic h accoun ts for distortion b et w een the image

grid and the FBG. Let S

�

b e the similarit y b et w een t w o jets, de�ned as

S

�
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where a

j

and �

j

are magnitude and phase of the Gab or co e�cien ts in the j

th

jet,

resp ectiv ely;

~

d is the displacemen t b et w een lo cations of the t w o jets;

~

k

j

determines
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the w a v elength and orien tation of the Gab or w a v elet k ernels [96]. F or an image graph

G

I

with no des n = 1 ; : : : ; N and edges e = 1 ; : : : ; E and an FBG B with mo del graphs

m = 1 ; : : : ; M , the graph similarit y is de�ned as

S
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I

; B ) =
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n
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e
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2

; (2.11)

where � determines the relativ e imp ortance of jets and metric structure, J

n

is the jet

at no de n , and � ~ x

e

is the distance v ector used as lab els at edges e . After the grid

has b een p ositioned on the new face, the face is iden ti�ed b y comparing the similarit y

b et w een that face and ev ery face stored in the FBG. Graphs can b e easily translated,

rotated, scaled, and elastically deformed, th us comp ensating for the v ariance in face

images, whic h is commonly encoun tered in a recognition pro cess.

AAM - A 2D Morphable Mo del

An Activ e App earance Mo del (AAM) is an in tegrated statistical mo del that com bines

a mo del of shap e v ariation with a mo del of the app earance v ariations in a shap e-

normalized frame. An AAM con tains a statistical mo del of the shap e and gra y-lev el

app earance of the ob ject of in terest, a mo del that can generalize to almost an y v alid

example. Matc hing to an image in v olv es �nding mo del parameters that minimize the

di�erence b et w een the image and a syn thesized mo del example, whic h is pro jected

on to the image. The p oten tially large n um b er of parameters mak es this a di�cult

problem.

(1) AAM Construction
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The AAM is constructed based on a training set of lab eled images, where landmark

p oin ts are mark ed on eac h example face at k ey p ositions to outline the main features

(sho wn in Fig. 2.13). T o ensure the precise lo cation of landmarks, man ual lab eling is

needed in the curren t mo del construction sc heme [53, 99].

Figure 2.13: The training image is split in to shap e and shap e-normalized texture [52].

The shap e of a face is represen ted b y a v ector consisting of the p ositions of the

landmarks, S = ( x

1

; y

1

; : : : ; x

n

; y

n

)

T

, where ( x

j

; y

j

) denotes the 2D image co ordinate

of the j

th

landmark p oin t. All shap e v ectors of faces are normalized in to a common

co ordinate system. The principal comp onen t analysis is applied to this set of shap e

v ectors to construct the face shap e mo del, denoted as: S =

�

S + P

S

B

S

, where S is a

shap e v ector,

�

S is the mean shap e, P

S

is a set of orthogonal mo des of shap e v ariation,

and B

S

is a set of shap e parameters.

In order to construct the app earance mo del, the example image is w arp ed to

mak e the con trol p oin ts matc h the mean shap e. Then the w arp ed image region

co v ered b y the mean shap e is sampled to extract the gra y lev el in tensit y (texture)

information. Similar to the shap e mo del construction, a v ector represen tation is

generated, G = ( I

1

; : : : ; I

m

)

T

, where I

j

denotes the in tensit y of the sampled pixel in

the w arp ed image. PCA is also applied to construct a linear mo del G =

�

G + P

G

B

G

,
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where

�

G is the mean app earance v ector, P

G

is a set of orthogonal mo des of gra y-lev el

v ariation, and B

G

is a set of gra y-lev el mo del parameters.

Th us, the shap e and texture of an y example face can b e summarized b y the v ectors

B

S

and B

G

. The com bined mo del is the concatenated v ersion of B

S

and B

G

, denoted

as follo ws:
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where W

S

is a diagonal matrix of w eigh ts for eac h shap e parameter, as a normalization

factor, allo wing for the di�erence in units b et w een the shap e and gra y scale mo dels.

PCA is applied to v ector B also, B = QC , where C is the v ector of parameters for

the com bined mo del.

The mo del w as built based on 400 face images, eac h with 122 landmark p oin ts

[61]. A shap e mo del with 23 parameters, a shap e-normalized texture mo del with

113 parameters, and a com bined app earance mo del with 80 parameters (con taining

98% v ariations of the observ ation) are generated. The mo del used ab out 10,000 pixel

v alues to mak e up the face.

(2) AAM Fitting

Giv en a test image and the face mo del, the metric used to measure the matc h

qualit y b et w een the mo del and image is � = j � I j

2

, where � I is the v ector of in tensit y

di�erences b et w een the giv en image and the syn thesized image generated b y the

mo del tuned b y the mo del parameters, called the residual. The AAM �tting seeks

the optimal set of mo del parameters that b est describ es the giv en image. Co otes
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[51] observ ed that displacing eac h mo del parameter from the correct v alue induces a

particular pattern in the residuals. In the training phase, AAM learns a linear mo del

that captures the relationship b et w een parameter displacemen ts and the induced

residuals. During the mo del �tting, it measures the residuals and uses this mo del to

correct the v alues of curren t parameters, leading to a b etter �t. Figure 2.14 sho ws

t w o examples of the iterativ e AAM �tting pro cess.

Initial Iteration #3 Iteration #8 Iteration #11 Con v erged Original

Figure 2.14: Examples of the AAM �tting iterations [52].

(3) F ace Recognition b y AAM

F or all the training images, the corresp onding mo del parameter v ectors are used as

the feature v ectors. Linear discriminan t analysis is utilized to construct the discrim-

inan t subspace for face iden tit y recognition. Giv en a query image, the AAM �tting

is applied to extract the corresp onding feature v ector. The recognition is ac hiev ed

b y �nding the b est matc h b et w een the query feature v ector and the stored protot yp e

feature v ectors, b oth of whic h are pro jected on to the discriminan t subspace.
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3D Morphable Mo del

The h uman face is a surface that lies in trinsically in the 3D space. Therefore, in

principle, the 3D mo del is b etter for represen ting faces, esp ecially to handle facial

v ariations, suc h as p ose and illumination. Blanz et al. [32 , 34] prop osed a metho d

based on a 3D morphable face mo del that enco des shap e and texture in terms of mo del

parameters and an algorithm that reco v ers these parameters from a single image of a

face. F or face iden ti�cation, they used the shap e and texture parameters of the mo del

that are separated from imaging parameters, suc h as p ose and illumination. Fig. 2.15

illustrates the sc heme. T o handle the extreme image v ariations induced b y these pa-

rameters, one common approac h tak en b y v arious researc h groups is to use generativ e

image mo dels. F or image analysis, the general strategy of all these tec hniques is to

�t the generativ e mo del to a test image, thereb y parameterizing it in terms of the

mo del. In order to mak e iden ti�cation indep enden t of imaging conditions, the goal

is to separate in trinsic mo del parameters of the face from extrinsic imaging param-

eters. The separation of in trinsic and extrinsic parameters is ac hiev ed explicitly b y

sim ulating the pro cess of image formation using tec hniques from computer graphics.

(1) Mo del Construction

Generalizing the morphing pro cess b et w een pairs of three-dimensional ob jects,

the morphable face mo del is based on a v ector space represen tation of faces [165].

The database used in the study b y Blanz and V etter [33 ] con tains scans of 100 males

and 100 females recorded with a C y ber w ar e

T M

3030PS scanner. Scans are stored in
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Figure 2.15: The three-dimensional morphable face mo del, deriv ed from a database

of laser scans, is used to enco de gallery and prob e images. F or iden ti�cation, the

mo del co e�cien ts of the prob e image are compared with the co e�cien ts of all gallery

images [34].

cylindrical co ordinates relativ e to a v ertical axis. The co ordinate and texture v alues

of all the n v ertices of the reference face ( n = 75 ; 972) are concatenated to form shap e

and texture v ectors

S

0

= ( x

1

; y

1

; z

1

; : : : ; x

n

; y

n

; z

n

)

T

; (2.13)
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1
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n

; G

n

; B

n

)

T

: (2.14)

V ectors S

i

and T

i

of the sub jects i = 1 : : : N in the database are formed in a common

co ordinate system. Con v ex com binations of the examples pro duce no v el shap e and
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texture v ectors S and T . Previous results [32] indicate that the shap e and texture

information can b e com bined indep enden tly:

S =

N

X

i =1

a

i

S

i

; T =

N

X

i =1

b

i

T

i

: (2.15)

Tw o v ectors S and T can also b e represen ted as:

S =

�

S +

N � 1

X

i =1

�

i

S

i

; T =
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i
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�
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N
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X

i =1

T

i

; (2.16)

where

�

S is the mean shap e and

�

T is the mean texture.

(2) Mo del Fitting

Image syn thesis renders the new pro jected p ositions of v ertices of the 3D mo del

along with illumination and color. During the pro cess of �tting the mo del to a test

image, not only the shap e and texture co e�cien ts �

i

and �

i

are optimized, but also

the follo wing rendering parameters, whic h are concatenated in to a v ector � : the head

orien tation angles � , � and 
 , the head p osition ( P

x

; P

y

) in the image plane, size s ,

color and in tensit y of the ligh t sources L , as w ell as color constan t, and gain and

o�set of colors, sho wn in Fig. 2.16.

The primary goal in analyzing a face is to minimize the sum of square di�er-

ences o v er all color c hannels and all pixels in the input image and the symmetric

reconstruction,

E

I

=

X

x;y

k I

input

( x; y ) � I

model

( x; y ) k

2

: (2.17)
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Figure 2.16: The goal of the �tting pro cess is to �nd shap e and texture co e�cien ts �

and � suc h that rendering R

�

pro duces an image I

model

that is as similar as p ossible

to I

input

[34 ].

Under a probabilistic framew ork, the o v erall cost function to b e minimized is deriv ed

as [34 ]:

E =

1

�

2

N

E

I

+

X

i
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2

i

�

2
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+
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2
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2

T ;i

+

X

i

( �
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i

)

2

�

2

R;i

: (2.18)

A mo di�cation of sto c hastic gradien t descen t algorithm is used to optimize the cost

function, resulting in a set of corresp onding parameters �

g l obal

and �

g l obal

. The face

mo del is divided in to four regions { ey es, nose, mouth and the surrounding face

segmen t. The optimization is also applied separately for eac h region to obtain the

parameters for eac h lo cal segmen t, i.e., �

r 1

; �

r 1

; : : : ; �

r 4

and �

r 4

. The �tting pro cess

is demonstrated in Fig. 2.17. Up to sev en feature p oin ts need to b e man ually lab eled

to conduct the �tting pro cess [33] (see Fig. 2.18 for examples).

(3) Recognition

The similarit y b et w een t w o face images is de�ned as:

S =

X

g l obal ;r 1 ;r 2 ;r 3 ;r 4

�

h � ; �
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i

M
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; (2.19)
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Figure 2.17: Examples of mo del �tting [34]. T op ro w: syn thesis using initial parame-

ters; middle ro w: results of �tting, rendered on top of the input images; b ottom ro w:

input images. The �fth column is an example of a p o or �t.

where

h � ; �

0

i =

X

i

� � �

0

�

2

S;i

;

h � ; �

0

i =

X

i

� � �

0

�

2

T ;i

;

k � k

2

M

= h � ; � i

M

The query image will b e assigned the iden tit y in whic h the similarit y b et w een the

query and the corresp onding protot yp e is maximized.
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Figure 2.18: Up to sev en feature p oin ts w ere man ually lab eled in fron t and side views,

up to eigh t w ere lab eled in pro�le views [33 ].

2.1.3 Other Sc hemes

Besides the ab o v e-men tioned tec hniques, a n um b er of other in teresting approac hes

ha v e b een explored from di�eren t p ersp ectiv es, suc h as lo cal feature analysis [133],

statistical mo del based, and comp onen t-based face recognition metho ds. Examples

of the statistical mo del based sc heme are 1D Hidden Mark o v Mo del (HMM) [146],

pseudo-2D HMM [125], and Gaussian Mixture Mo del [41, 117]. Instead of consider-

ing face image from global view, comp onen t-based sc hemes [81 ] analyze eac h facial

comp onen t separately .

2.1.4 Summary

Image-based face recognition is still a v ery c hallenging topic after almost three decades

of exploration. P opular algorithms b eing categorized in to app earance-based and

mo del-based sc hemes ha v e b een brie
y review ed here. T able 2.2 pro vides the pros

and cons of these t w o t yp es of face recognition metho ds.

P ose and ligh ting c hanges are t w o ma jor factors that degrade the p erformance of

the curren t image-based face recognition systems [137 , 77]. Georghiades et al. [69]
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extensiv ely explored the illumination c hange and syn thesis for facial analysis using

app earance-based approac hes to ac hiev e an illumination-i n v arian t face recognition

system. Basri and Jacobs [26] pro v ed that the set of all re
ectance functions (the

mapping from surface normals to in tensities) pro duced b y Lam b ertian ob jects under

distan t, isotropic ligh ting lies close to a nine-dimensional linear subspace. Their

analysis w as based on using spherical harmonics to represen t ligh ting functions. The

prop osed algorithm w as utilized and extended b y Zhang and Samaras [180 ] for image-

based face recognition under illumination c hanges. Although a go o d deal of e�ort has

recen tly b een dev oted to handling the p ose and/or illumination c hanges in 2D facial

images for face recognition, sensitivit y to v ariations in p ose and ligh ting conditions

(esp ecially the p ose c hanges) is still a c hallenging problem for image-based metho ds.

2.2 3D Image Acquisition

Range imaging systems collect three-dimensional co ordinate data from visible ob ject

surface in a scene. Dense surface acquisition is one of the most c hallenging tasks in

computer vision. Researc h o v er the last t w o decades has led to a n um b er of high

sp eed and high precision 3D sensors.

The triangulation based sensors observ e the ob ject from at least t w o di�eren t

angles. In order to obtain three-dimensional measuremen ts, p oin t corresp ondences

ha v e to b e established, allo wing a 3-D shap e to b e reconstructed in a w a y that is

analogous to the w a y the h uman ey e w orks.

The family of triangulating sensors can b e further sub divided in to activ e and pas-
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siv e triangulation systems. Activ e triangulation systems illuminate the scene rather

than relying on natural or uncon trolled ligh ting.

A stereo camera is the prime example of passiv e optical triangulation. F or stereo

vision, t w o or more cameras are used to view a scene. Determining the corresp on-

dences b et w een left and righ t view for a bino cular stereo system b y means of image

matc hing, ho w ev er, is a di�cult and slo w pro cess. F or faithful 3-D reconstruction of

ob jects, passiv e stereo vision tec hniques dep end on texture information on surfaces.

One of the most common forms of activ e range sensing is optical triangulation.

The fundamen tal principle is illustrated in Fig. 2.20(a) tak en from [55]. A fo cused

b eam of ligh t illuminates a tin y sp ot on the surface of an ob ject. F or a matte surface,

this ligh t is scattered in man y directions, and a camera records an image of the sp ot.

W e can compute the cen ter pixel of this sp ot and trace a line of sigh t through that

pixel un til it in tersects the illumination b eam at a p oin t on the surface of the ob ject.

The triangulation geometry [29] is sho wn in Fig. 2.19. The camera cen ter of the lens

lies at (0 ; 0 ; 0). The p oin t ( x; y ; z ) is pro jected on to the image plane at pixel ( u; v ),

suc h that

u

x

=

f

z

and

v

y

=

f

z

, where f is the fo cal length of the camera. Let � b e the

pro jection angle. The ( x; y ; z ) co ordinates of the surface p oin t can b e computed as:

x =

b

( f cot � � u )

� u; (2.20)

y =

b

( f cot � � u )

� v ; (2.21)

z =

b

( f cot � � u )

� f : (2.22)
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Figure 2.19: Activ e triangulation geometry [29 ].

T o scan the en tire surface instead of one p oin t, the b eam can b e fanned in to a

plane of laser ligh t, as sho wn in Fig. 2.20(b). This ligh t will cast a strip e on to the

surface of the ob ject, whic h is then imaged b y a con v en tional video camera. W e

can treat eac h camera scanline separately , �nd the cen ter of the imaged ligh t, and

in tersect the line of sigh t with the laser plane. Th us, eac h image giv es us a range

pro�le (one p oin t p er scanline), and b y sw eeping the ligh t o v er the surface of the

ob ject, w e can capture its shap e. Figures 2.20(c) and (d) sho w a ligh t strip e cast

on to an ob ject and the re
ection observ ed b y the camera.

T o o v ercome the need for w ell-b eha v ed surfaces and to sp eed up the ev aluation

steps, activ e triangulation systems pro ject sp eci�c ligh t patterns on to the ob ject.

The ligh t patterns are distorted b y the ob ject surface. These distorted patterns are

observ ed b y at least one camera and then used to reconstruct the ob jects surface. P ar-

ticularly useful is a set of tec hniques, kno wn as co ded ligh t tec hniques, that pro ject

a sequence of w ell-de�ned binary patterns. Within this sequence, time-enco ded cor-
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Figure 2.20: Optical triangulation. (a) 2D triangulation. A laser b eam is used to

illuminate the surface. (b) 3D scenario. (c) Red laser line pro jected on to a real 3D

ob ject. (d) Re
ected ligh t captured b y the CCD camera [55 ].

resp ondence information is included.

Tw o t ypical laser-based commercial activ e ranging sensing systems are Minolta

Vivid series [13] and Cyb erw are 3D scanner [4]. Other 3D sensors are also a v ailable,

suc h as 3DMD [1], Geometrix [10], A4Vision [2], and Genex [8 ].

2.3 Literature Review on 3D F ace Recognition

Although early w ork on range image based face recognition started in late 80's, liter-

ature on 3D face recognition is not as ric h compared to the 2D in tensit y image based

face recognition.

Cartoux et al. [42] dev elop ed an iterativ e algorithm, whic h ev aluated the similarit y

of the Gaussian curv ature v alues of the facial surface, to extract the quasi-symmetric

plane in the facial scan, to obtain the pro�le sho wn in Fig. 2.21. They used facial

pro�les to �t t w o faces in the least square sense for matc hing.
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Figure 2.21: Quasi-symmetric plane and pro�le curv e obtained from a giv en range

image [42 ].

Lee and Milios [98 ] segmen ted the range image to obtain the con v ex regions, based

on the sign of the mean and Gaussian curv atures at eac h p oin t. These con v ex regions

corresp ond to distinct facial features. Extended Gaussian Image (EGI) [85 ] is used

to represen t eac h con v ex region. A similarit y metric b et w een t w o regions is de�ned

to matc h the features in the t w o face images.

Gordon [75] explored feature extraction for recognition based on depth and curv a-

ture features. First, she extracted high-lev el features that mark ed the salien t features

on the face surface in terms of p oin ts, lines, and regions. F or example, the nose

bridge, nose base, and ey e corner ca vities, w ere extracted to demarcate the ey e and

nose. Then she de�ned and computed the geometric measuremen ts suc h as ey e width,

etc. In addition, a set of curv ature-based measuremen ts w ere obtained, e.g., Gaussian

curv ature at the nose base. These descriptor v alues formed a feature v ector to rep-

resen t a face for matc hing purp oses. The matc hing w as conducted using the nearest

neigh b or rule in the feature space. While these features w ere discriminativ e in distin-
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guishing the sub jects, in the presence of expression c hanges not all the features w ere

found to b e useful in matc hing. F or example, the v ariation in the Gaussian curv ature

at the nose base due to expression c hanges ma y b e greater than the t ypical in tra-class

v ariation within a sub ject.

Nagamine et al. [124 ] analyzed the range data b y cross-sections. They used hor-

izon tal, v ertical, and circular cross-sections to obtain the in tersection curv es on the

facial surface, sho wn in Fig. 2.22. The range v alues along the in tersection curv e

formed the feature v ector. The Euclidean distance b et w een the feature v ectors of

the t w o facial surfaces to b e matc hed w as used to mak e the matc hing decision. It

w as observ ed that the v ertical in tersection curv e crossing the cen tral area of the face

(including nose and mouth) has go o d discriminating p o w er.

Figure 2.22: F acial cross-sections [124].

Ac hermann et al. [22 ] extended the eigenface and Hidden Mark o v Mo del tec h-

niques from the gra y scale in tensit y image to the range image based recognition.

T anak a et al. [156] p osed face recognition as a 3D shap e recognition problem of
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free-form curv ed surfaces. They analyzed the maxim um and minim um principal cur-

v atures and directions, based on whic h t w o t yp es of 3D directional facial features w ere

extracted, namely , ridge and v alley . The face surfaces w ere represen ted using EGIs

of ridge and v alley v ectors. The spherical correlation co e�cien t [65] w as computed

to measure the similarit y b et w een a test face and a mo del face.

Ac hermann et al. [21] used partial Hausdor� distance to measure the dissimilarit y

b et w een t w o facial surfaces. The partial Hausdor� distance is somewhat robust to the

outliers, and can handle cases where the test data and the mo del are only partially

o v erlapp ed. In order to compute the Hausdor� distance, t w o facial surfaces to b e

matc hed need to b e registered. Ac hermann et al. �rst mo v ed the cen ter of gra vit y

of the 3D p oin t set to the origin of the co ordinate system. A plane w as �tted to the

p oin t set and rotated to b e parallel to the fo cal plane of the camera. T o sp eedup the

Hausdor� distance computation, a distance map in 3D space w as calculated. P an et

al. [131] utilized the partial directed Hausdor� distance to align and matc h t w o range

images for v eri�cation.

Hesher et al. [82 ] applied the Principal Comp onen t Analysis (PCA) and Inde-

p enden t Comp onen t Analysis (ICA) to the range image in a w a y similar to the 2D

in tensit y image, and estimated probabilit y mo dels for the co e�cien ts. They used the

nose and nose ridge to align the t w o scans.

Ch ua et al. [49 ] extended the use of P oin t Signature [50 ] to recognize fron tal face

scans with di�eren t expressions, whic h w as treated as a 3D recognition problem of

non-rigid surfaces. The p oin t signature w as used to iden tify and register the rigid

regions that w ere insensitiv e to the expression c hanges, suc h as nose and ey e so c k et.
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Only the rigid regions w ere used to register t w o facial surfaces for matc hing (see

Fig. 2.23).

Figure 2.23: Extracted rigid regions in facial scans with expression c hanges [49 ].

Beumier and Ac hero y [31] dev elop ed a structured ligh t based system to capture

the 3D image of the face. Figure 2.24 pro vides an example. The 3D surface matc hing

w as carried out at b oth cen tral and lateral pro�les, as sho wn in Fig. 2.25. They also

observ ed that the nose seemed to b e a robust geometrical feature. They extracted

the pro�les (curv es) b oth from depth and gra y scale image for face v eri�cation. The

ma jor di�cult y rep orted in this w ork, whic h limited the matc hing accuracy , w as the

sensor noise.

W ang et al. [168] utilized b oth 3D range images and 2D in tensit y images for face

recognition. The range image and the corresp onding in tensit y image w ere already

registered b y the 3D sensor used in their study . Considering the tradeo� b et w een

face represen tation e�cacy and computation requiremen ts, they extracted four 3D

feature p oin ts and ten 2D feature p oin ts (Figure 2.26). The p oin t signature [50 ] and

the stac k ed Gab or �lter resp onses [173 ] w ere used as the 3D and 2D features for

eac h p oin t in the image, resp ectiv ely . Eac h extracted feature p oin t (namely , �ducial

p oin t) w as asso ciated with a feature v ector con taining v alues of 3D and 2D features.
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(a) (b)

Figure 2.24: 3D face image capturing system [31 ]. (a) Structured ligh t pro jected on to

a face ob ject. (b) 3D reconstructions from (a).

Giv en a training set with the feature p oin ts man ually lab eled, the PCA w as applied

to construct the feature subspace, whic h w as used to iden tify the feature p oin t in a

test image. Tw o classi�ers, one based on similarit y function and the other based on

supp ort v ector mac hine, w ere applied for face recognition.

Bronstein et al. [38 ] prop osed an algorithm based on geometric in v arian ts [62], in

an attempt to deal with facial expression v ariations for face recognition. But, their

algorithm w as designed and tested for only fron tal 3D scans, and it is not straigh t-

forw ard to apply it to scans with large p ose c hanges. The canonical represen tation

deriv ed from the fron tal scans is not comparable to the represen tation to the test scan

due to missing data.

Tsalak anidou et al. [160] applied the PCA to deriv e depth and color eigenfaces.

The pro duct rule w as applied to the Euclidean distances calculated b y eac h mo dalit y

individually to com bine depth and color.
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Figure 2.25: Cen tral and lateral pro�les after in trinsic normalization [31 ].

Figure 2.26: F eature p oin t de�nition. F our 3D feature p oin ts (cross marks) and ten

2D feature p oin ts (dot marks) [168 ].

W ork b y Chang et al. [43 ] demonstrated that face recognition systems based on

either t w o-dimensional texture information or 2.5D range information ha v e similar

p erformance c haracteristics. Ho w ev er, they sho w ed that signi�can t impro v emen ts

can b e made if a face recognition system uses a com bination of texture and shap e

information. They applied PCA to b oth 2D and 3D face data.

Bo ehnen and Russ [35] explored the 2D color information as w ell as the 3D range

image to iden tify ey es, nose, and mouth. By analyzing Y C

b

C

r

color space, the skin

tone w as extracted to segmen t the face, and lo cate the ey e and mouth regions. The
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3D information con tained in the range image w as then utilized to lo cate the p ositions

of ey es, mouth, and nose tip. Some heuristics based on h uman face mo dels w ere

applied to reduce the searc hing space.

2.4 Summary

2D in tensit y image based face recognition systems can ac hiev e reasonable p erformance

when the test image is tak en under the conditions similar to the training stage. Ho w-

ev er, a n um b er of factors, esp ecially the head p ose and illumination, can signi�can tly

deteriorate the recognition accuracy . 3D surface information of the face ob ject is

insensitiv e to the head p ose and ligh ting c hanges. The face recognition comm unit y is

exploring the use of 3D range data to mak e face recognition systems more robust to

the c hanges. With adv ances in the 3D sensing tec hnology , sensors are b ecoming more

a�ordable and compact. Most of the existing w ork on 3D face recognition is fo cused

on fron tal facial scan matc hing. Issues suc h as matc hing test scans in the presence of

large p ose c hanges and handling non-rigid deformations (suc h as deformations caused

b y expression) sim ultaneously need to b e addressed to utilize the adv an tage of 3D

data o v er 2D images and facilitate the deplo ymen t of the 3D face recognition system.

59



T able 2.2: Pros and cons of app earance-based and mo del-based face recognition meth-

o ds.

App earance-based Mo del-based

Pros

1. F ace recognition problem is

transformed to a face space

analysis problem, where a

n um b er of w ell kno wn statisti-

cal classi�cation metho ds can

b e utilized.

2. Applicable to lo w resolution

or p o or qualit y images.

1. The mo del has an in trinsic

ph ysical relationship with real

faces.

2. An explicit mo deling of face

v ariations due to p ose, illumi-

nation, and expression, giv es

the p ossibilit y to handle these

c hanges in practice.

3. Abilit y to In tegrate prior h u-

man kno wledge.

Cons

1. Su�cien t represen tativ e data

is needed to sample the un-

derlying distribution in face

space successfully .

2. Do es not utilize the prior

(exp ert) kno wledge of h uman

faces.

3. Sub ject to the limitations in

facial v ariations, suc h as 3D

p ose, illumination, and ex-

pression.

4. Corresp ondence (b et w een

training images) needs to

b e established in adv ance,

although the tangen t distance

ma y b e used to tolerate small

corresp ondence displace-

men ts.

1. Mo del construction is compli-

cated and lab orious.

2. F acial feature p oin ts (land-

marks) are di�cult to extract

automatically with su�cien t

robustness.

3. Mo del �tting is a searc h pro-

cess, prone to b e trapp ed in to

lo cal minim um; recognition

results highly dep end on the

�tting results.

4. A tradeo� b et w een accuracy

and computational cost is

made in the �tting pro cess.

5. Relativ ely high resolution and

go o d qualit y face images are

needed.

6. Appropriate initialization of

the mo del is needed.
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Chapter 3

F acial F eature Extraction

F acial features con tained in a 2.5D scan can b e extracted at di�eren t lev els: lo w lev el,

high lev el, and seman tic lev el. Lo w-lev el features are the basic represen tation deriv ed

from the scans at ev ery p oin t in the image, suc h as the curv ature, shap e index, etc.

The high-lev el features are related to the h uman p erception of a face, suc h as ey e

corners and the nose tip. Seman tic features are at the abstract lev el, suc h as gender

and ethnicit y . F eatures at di�eren t lev els pro vide di�eren t t yp es of information to

analyze the facial scan. W e use the lo w-lev el features to extract the high-lev el feature

p oin ts, whic h are then used in the matc hing stage. The seman tic features are used

for impro ving the p erformance of face matc hing and for sp eeding up face retriev al

from a database. Curren t sensor tec hnology can pro vide b oth depth and in tensit y

information of the h uman face ob ject; w e utilize b oth mo dalities to extract the facial

features.
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3.1 Automatic F eature Extraction

In b oth 2D and 3D face recognition systems, alignmen t (registration) b et w een the

query and the template is necessary [151 , 7]. In general, face recognition systems in-

clude face detection, alignmen t, and recognition. Registration based on feature p oin t

corresp ondence is one of the most p opular metho ds [99]. T o mak e the face recognition

system fully automatic, robust facial feature extraction is one of the crucial steps.

F acial features can b e of di�eren t t yp es: region [145 , 54], landmark [173, 159],

and con tour [52, 174]. Generally , landmarks pro vide more accurate and consisten t

represen tation for alignmen t purp oses than region-based features and ha v e lo w er com-

plexit y and computational burden than con tour feature extraction. W e select a sub-

set of the craniofacial landmarks (or the �ducial p oin ts), as de�ned in an throp ome-

try [94 , 64 ] (see Fig. 3.1, including nose tip, inner ey e corners, outside ey e corners,

and mouth corners. The selected feature p oin ts de�ne a basic facial con�guration. In

addition to face alignmen t, they can b e used for trac king, screening (face retriev al),

animation, etc. These feature p oin ts can also b e used to initialize the activ e ap-

p earance mo dels [52 , 174 ] for higher-lev el feature extraction, suc h as extracting the

con tours of the ey es. In the presence of large head p ose v ariations, heuristics used for

fron tal scans ma y not hold, e.g., the nose tip is not the closest p oin t to the sensor as

in fron tal scans. With the head p ose unkno wn, the con�guration mo dels of the facial

feature p oin ts, suc h as EGM [173 ] and AAM [52], are di�cult to apply without a go o d

initialization. Therefore, head p ose is also considered as a feature to b e extracted.

Registration in 3D space ac hiev es b etter alignmen t results to handle head p ose

62



(a) (b)

Figure 3.1: F acial �ducial landmarks in an throp ometry [94 ]. (a) fron tal; (b) pro�le.

c hanges than in 2D space. In 2D face recognition systems, the t w o ey e cen ters are

commonly used for alignmen t [184 ]. Ho w ev er, the ey e cen ter regions, esp ecially with

bro wn and blac k ey es, cannot b e reliably captured b y the 3D laser-based scanner due

to the lo w re
ectivit y in the dark region [35]. W e extract more reliable feature p oin ts,

suc h as ey e corners to ac hiev e the alignmen t in three-dimensional space.

In tensit y images captured b y 2D cameras are closer to the input of the h uman

visual system for in terpreting facial images. But robust facial feature extraction from

in tensit y images only is still a c hallenging problem. Prop erties deriv ed from the in ten-

sit y , suc h as edge and corner resp onses, are not robust to ligh ting and p ose c hanges.

The range mo dalit y is relativ ely insensitiv e to ligh ting and p ose c hanges, but is sub-

ject to sensor noise. Due to the large in tra-class v ariabilit y , a single mo dalit y ma y not

pro vide consisten t feature p oin t lo calization across a large p opulation. Accum ulat-

ing evidence deriv ed from di�eren t mo dalities has the p oten tial to mak e the feature
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extraction system more robust.

A n um b er of approac hes ha v e b een prop osed for feature extraction from (near)

fron tal facial scans [168 , 35]. W ang et al. [168 ] used the p oin t signature [50 ] and the

stac k ed Gab or �lter resp onses [173 ] to iden tify 3D and 2D features. Bo ehnen and

Russ [35] explored 2D color information to extract skin tone regions and iden tify the

ey es and the mouth. The 3D information con tained in the range image w as utilized

to compute the geometry constrain t. Ho w ev er, few of these studies address feature

extraction in the presence of large p ose c hanges.

W e ha v e fo cused on automatically extracting feature p oin ts and estimating the

head p ose in the presence of large p ose v ariations. A feature extractor based on the

directional maxim um is prop osed to estimate the nose tip lo cation and the p ose angle

sim ultaneously . A nose pro�le mo del represen ted b y subspaces is used to select the

b est candidates for the nose tip. Assisted b y a statistical feature lo cation mo del, a

m ultimo dal sc heme is presen ted to extract ey e and mouth corners. The extracted fea-

tures are used for face alignmen t in three-dimensional space. Utilizing the automatic

feature extraction mo dule, a fully automatic 3D face recognition system is dev elop ed

and ev aluated.

3.1.1 F eature Extraction

The o v erall feature extraction pro cess is sho wn in Fig. 3.2. Eac h 2.5D scan pro vides

4 matrices (ra w data), X ( r ; c ), Y ( r ; c ), Z ( r ; c ), and M ( r ; c )

1

, where X , Y , and Z

1

r and c are the ro w and column indices, resp ectiv ely .
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are the spatial and depth co ordinates in the units of millimeters and M is the mask,

indicating whic h p oin t is v alid; M ( r ; c ) is 1 if the p oin t p ( r ; c ) is v alid and 0 otherwise.

(The origin of the mask image is the top-left corner.) The co ordinate system directions

are illustrated in Fig. 3.3.

Figure 3.2: Automatic feature extraction for 3D face matc hing.

Figure 3.3: Co ordinate system directions of a 2.5D scan. The p ositiv e direction of

Z is p erp endicular to the image plane and to w ard the view er. The scan example is

from Fig. 3.2.

3.1.1.1 F ace Segmen tation

The �rst step in a face recognition system is to extract the facial area from the

bac kground. A n um b er of face detection algorithms ha v e b een dev elop ed to extract

faces in 2D in tensit y images [179 ], from fron tal faces [154 , 144 , 166 ] to m ultiview
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faces [101, 148]. Ho w ev er, utilizing the mask M pro vided in ra w data b y the 3D

scanner, w e explore a simple but e�ectiv e metho d to extract a face area from the

bac kground. Giv en a facial scan, the in v alid p oin ts in X , Y , and Z are �ltered out b y

matrix M . The facial area is segmen ted b y thresholding the horizon tal and v ertical

in tegral pro jection curv es of M .

The face segmen tation result of the facial scan in Fig. 3.2 is pro vided in Fig. 3.4.

Figure 3.4: Segmen tation of facial scan. (a) Mask image; (b) horizon tal in tegral

pro jection of M ; (c) v ertical in tegral pro jection of M ; (d) face segmen tation result.

3.1.1.2 Nose Tip and P ose Estimation

The nose tip is a distinctiv e p oin t of the h uman face, esp ecially in the range map. It is

also insensitiv e to the facial expression c hanges. The p ose of a face scan is represen ted

b y the angle of rotation with resp ect to the fron tal p ose (zero degree). F or a fron tal
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facial scan, the nose tip usually has the largest z v alue. But, in the presence of large

p ose c hanges, e.g., rotation along the y a w

2

direction, this heuristic do es not hold.

Ho w ev er, if the original co ordinate system is rotated with the same p ose c hange as

the non-fron tal scan, the nose tip will ha v e the largest v alue along the rotated Z -axis.

See Fig. 3.5. In other w ords, the nose tip still has the largest depth v alue if pro jected

on to the corrected p ose direction. W e call it the dir e ctional maximum . Since the nose

tip and the p ose angle are coupled, w e estimate them sim ultaneously .

Figure 3.5: Directional maxim um of the nose tip. The nose tip will ha v e the largest

v alue along the rotated Z -axis.

W e illustrate the prop osed algorithm based on an example with y a w angle c hanges.

After the ra w face scan is cen tered at its cen troid, the nose tip extraction and p ose

estimation algorithm consists of �v e steps: p ose quan tization, directional maxim um,

p ose correction, nose pro�le extraction, and nose pro�le iden ti�cation.

1. P ose quan tization . The y a w angle c hange ranges from � 90 degrees (full

righ t pro�le) to 90 degrees (full left pro�le) in the X - Z plane. This 180 degree range

( R

pose

) is quan tized in to N

pose

angles with equal angular in terv al (� � ). (� � and N

pose

v alues are 2 degrees and 91, resp ectiv ely , in our exp erimen ts.) See Fig. 3.6.

2. Directional maxim um . A t eac h p ose angle �

j

( j = 1 ; : : : ; N

pose

), �nd the

2

The rotation with resp ect to the Y -axis.
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Figure 3.6: P ose angle quan tization.

p oin t with the maxim um pro jection v alue along the corresp onding p ose direction as

the nose tip candidate. The ( x

i

; y

i

; z

i

) co ordinate of eac h face p oin t p

i

( i = 1 ; : : : ; N ,

where N is the total n um b er of v alid face p oin ts) is rotated to the new p osition

( x

�

j

i

; y

�

j

i

; z

�

j

i

) according to the p ose angle �

j

, calculated as
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: (3.1)

The p oin t p

k

for whic h z

�

j

k

= max( z

�

j

i

; i = 1 ; : : : ; N ) is used as a nose tip candidate

with the corresp onding p ose angle �

j

. By rep eating this for ev ery �

j

, M candidate

pairs (nose tip candidate p and asso ciated p ose angle � ) are obtained (see Fig. 3.7).

The directional maxim um ma y o ccur for the same face p oin t p at m ultiple �

j

s, M 6

N

pose

. In suc h case, the angle with the largest pro jection v alue is selected as the p ose

angle to b e asso ciated with the p oin t p . In the example of Fig. 3.7, M is 18. T o

determine the b est candidate from M pairs, the nose pro�le will b e utilized from the

p ose-corrected face scan.
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(a) (b)

Figure 3.7: Example of directional maxim um. The mark ers in (a) are the p ositions

of the directional maxim um with the asso ciated p ose direction plotted in (b). The

p ose angles of candidates 1 and 2 are 40 and � 16 degrees, resp ectiv ely .

3. P ose correction . F or eac h candidate pair ( p; � ), the co ordinates ( x; y ; z ) of all

the original face p oin ts are transformed to ( x

0

; y

0

; z

0

) so that p oin t p is at the origin,

and the face p oin ts are rotated according to the p ose angle � as follo ws:

0
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The p ose-corrected scans based on candidates 1 and 2 in Fig. 3.7 are sho wn in

Figs. 3.8(a) and (b), resp ectiv ely .

4. Nose pro�le extraction . F rom the p ose-corrected scans based on eac h

candidate ( p; � ), extract the nose pro�le at p (the origin of the co ordinate system

after p ose correction), i.e., the in tersection b et w een the facial surface and the Y - Z

plane. Let X

0

( r ; c ), Y

0

( r ; c ), and Z

0

( r ; c ) denote the p oin t co ordinate matrices after
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(a) (b)

Figure 3.8: P ose corrected scans based on (a) candidate 1 and (b) candidate 2 in

Fig. 3.7.

p ose correction. F or eac h ro w r

i

, �nd the p oin t closest to the Y - Z plane, i.e., ( r

i

; c

i

) =

arg min

c

( j X

0

( r

i

; c ) j ), resulting in a sequence of p oin t pairs ( Y

0

( r

i

; c

i

) ; Z

0

( r

i

; c

i

)). T o

mak e all the pro�les comparable, eac h pro�le is normalized b y cen tering it at the nose

tip candidate and resampling it with equal in terv al along Y -axis, resulting in a nose

pro�le v ector. Linear in terp olation is applied for resampling.

5. Nose pro�le iden ti�cation . T o iden tify the nose tip from the candidate pairs

( p; � ), w e apply the subspace analysis on the nose pro�le v ector space. A n um b er of

nose pro�les from an indep enden t group of sub jects are extracted with man ually

lab eled nose tip and p ose, aligned at the nose tip, and resampled in the same w a y as

describ ed in Step 4, resulting in a training set f V

i

g . These (training) nose pro�les are

used to construct the nose pro�le subspace based on PCA. A set of eigen v ectors f �

i

g

are computed from the sample co v ariance matrix S =

P

K

i

( V

i

� V )( V

i

� V )

T

, where

V =

1

K

P

K

i

V

i

and K is the n um b er of training nose pro�les. The pro�le subspace

� = [�

1

; : : : ; �

d

] is spanned b y the d eigen v ectors with the largest eigen v alues. In

our exp erimen ts, d is selected b y k eeping 95% v ariance con tained in S . Giv en a test
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Figure 3.9: T op: extracted nose pro�les; middle: normalized and resampled nose

pro�le; b ottom: extracted pro�les o v erlaid on the original scan. The left (righ t)

column is based on candidate 1 (2) in Fig. 3.7.

pro�le v ector V , the distance-from-feature-space ( D F F S ) [122] is used as the distance

metric, calculated b y

" = k V � �(�

T

V ) k : (3.3)

The nose tip candidates with the smallest D F F S is iden ti�ed as the nose tip and the

asso ciated p ose angle is determined as the p ose estimation result. In the example of

Fig. 3.7, candidate 1 has the smallest D F F S among all the candidates.
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3.1.1.3 F eature Lo cation Mo del

A statistical mo del of the facial features is used as a prior constrain t to reduce the

searc h area for the feature p oin ts. The mo del con tains constrain ts (in terms of in ter-

p oin t distance and geometric relationship) b et w een facial feature p oin ts. E�ectiv ely

reducing the searc h region not only enhances the accuracy of the extraction results,

but also impro v es the computational e�ciency . Based on an indep enden tly collected

set of fron tal facial scans with man ually lab eled feature p oin ts, the statistical mo del

is constructed as the a v erage p osition of eac h feature p oin t asso ciated with a 3D ellip-

soid; the length of the ellipsoid axis is spanned b y 1 : 5 times the standard deviations

along the resp ectiv e (x, y , and z) direction.

The scans pro vided b y the 3D sensor con tain (x,y ,z) co ordinates in the w orld

co ordinate system in units of mm . The statistical feature lo cation mo del is built in

the ph ysical w orld co ordinate system, so that the scale factor induced b y the w orld-

to-image (pixel) mapping is remo v ed from the mo del. In our exp erimen ts, 145 fron tal

facial scans are used to construct the mo del sho wn in Fig. 3.10.

3.1.1.3 Extracting Corners of the Ey es and the Mouth

Giv en the estimated nose tip and the p ose angle, the feature p oin t lo cation mo del

can b e o v erlaid on to the giv en scan, and the searc h region for eac h feature p oin t is

constrained. The ey e and mouth corners are then determined b y utilizing b oth range

and in tensit y mo dalities of a face scan.
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Figure 3.10: F eature lo cation mo del o v erlaid on a 3D face image with nose tip aligned.

The red star denotes the a v erage p osition and the purple ellipsoid spans (x,y ,z) di-

rections. Since the nose tip is used to align all the scans, there is no v ariation at the

nose tip.

Shap e Index (range)

W e deriv ed the lo cal shap e index [58] at eac h p oin t based on the range map. The

shap e index S ( p ) at p oin t p is de�ned using the maxim um ( k

1

) and minim um ( k

2

)

lo cal curv ature v alues (see Eq. (3.4)). The shap e index tak es a v alue in the in terv al

[0 ; 1]. The corners of the ey es and the mouth are in a cup-lik e shap e with lo w shap e

index v alues. Figure 3.11 pro vides nine shap es with the corresp onding shap e index

v alues.

S ( p ) =

1

2

�

1

�

arctan

k

1

( p ) + k

2

( p )

k

1

( p ) � k

2

( p )

(3.4)
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Figure 3.11: Nine represen tativ e shap es on the shap e index scale [58].

Cornerness (in tensit y)

In the in tensit y map, the corners of the ey es and the mouth sho w a strong corner-lik e

pattern. W e applied the Harris corner detector [79], based on the fact that in tensit y

c hanges in a lo cal neigh b orho o d of a corner p oin t along all the directions should

b e large. The Harris corner detector w as demonstrated to ha v e go o d rep eatabilit y

on images tak en under v arying conditions [147]. Consider the Hessian matrix H of

the image in tensit y function I in a lo cal neigh b orho o d of p oin t p ( x; y ). If the t w o

eigen v alues of H are large, then a small motion in an y direction will cause a signi�can t

c hange of gra y lev el. This indicates that the p oin t p is a corner. A b etter v arian t of

the corner resp onse function is giv en in [126 ]:

C ( p ) =

@

2

I

@ x

2

@

2

I

@ y

2

�

�

@

2

I

@ x@ y

�

2

@

2

I

@ x

2

+

@

2

I

@ y

2

:

The stronger the corner resp onse C ( p ), the more lik ely the p oin t p is a corner.
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F usion

The resp onses obtained from range and in tensit y maps are in tegrated. In order to

apply the fusion rules, b oth S ( p ) and C ( p ) are normalized using min-max rule in the

searc h region for eac h feature p oin t. The normalized shap e index resp onse S

0

( p ) at

p oin t p is computed as

S

0

( p ) =

S ( p ) � min f S

i

g

max f S

i

g � min f S

i

g

; (3.5)

where f S

i

g is the set of shap e index v alues for eac h feature p oin t in the searc h region.

The same normalization sc heme is applied to cornerness resp onse C .

The �nal score F ( p ) is computed b y in tegrating scores from the t w o mo dalities

using the sum rule [93 ]

F ( p ) = (1 � S

0

( p )) + C

0

( p ) : (3.6)

The p oin t with the highest F ( p ) in eac h searc h region is iden ti�ed as the corresp ond-

ing feature p oin t. If the estimated p ose angle indicates that the head p ose is not

near-fron tal, only the ey e and mouth corners in the un-o ccluded side of the face are

considered as v alid feature p oin ts. Figure 3.12 sho ws an example of the extracted

feature p oin ts.

Figure 3.12: F eature extraction results using fusion sc heme.
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3.1.2 Reject Option

In our prop osed sc heme, eac h obtained feature p oin t has a score (or distance metric),

see Eqs. 3.3 and 3.6, whic h can b e considered as a con�dence measure to robustly

select the most reliable p oin ts for registration and to design a reject option to mak e the

system generate few er incorrect matc hes. F or example, if the DFFS of an extracted

nose tip is higher than a threshold, implying insu�cien t con�dence to iden tify the

nose tip, then this face scan is rejected. A high lev el feature extraction diagram is

giv en in Fig. 3.13.

Figure 3.13: A high lev el feature extraction diagram.

3.1.3 Automatic 3D F ace Recognition

Giv en the extracted feature p oin ts, a fully automatic 3D face recognition system has

b een dev elop ed, whic h matc hes stored 3D face mo dels (or 2.5D face scans) to 2.5D

test scans in the presence of large head p ose c hanges. Using the nose tip p osition and

the corresp onding p ose angle along with extracted ey e and mouth corners, the p ose of
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the test face scan can b e normalized up to a rigid transformation, i.e., translation and

rotation. An iterativ e closest p oin t (ICP) sc heme [30] is applied to further impro v e the

alignmen t results. See details of the surface matc hing algorithm in Chapter 4. The

p erformance of ICP algorithm dep ends on the initial alignmen t. Since the nose pro�le

subspace is built on a limited n um b er of training samples, there is a p ossibilit y that

the second b est nose tip candidate ma y pro vide b etter matc hing results. Therefore, w e

k eep the top- K nose tip candidates. The minim um distance among all the obtained

K matc hing distances generated b y ICP is c hosen as the �nal matc hing distance.

3.1.4 Exp erimen ts and Discussion

Exp erimen ts w ere conducted on the MSU-I database (m ultiview) and the UND

database (fron tal only).

Exp erimen t on the MSU-I database

There are 100 sub jects in the MSU-I database with corresp onding 100 3D face mo dels

stored in the gallery . Only 2.5D scans with the neutral expression w ere used for

testing to remo v e the expression factor in ev aluating the matc hing p erformance using

automatically extracted feature p oin ts. In total, the test database consists of 300

m ultiview scans, 200 of whic h ha v e the head p oses of more than 45 degrees from the

fron tal p ose along the y a w direction. Represen tativ e 3D mo dels and test scans are

sho wn in Figs. 1.12 and 1.13.

Using the man ually lab eled p osition as the ground truth, the lo calization displace-

men t is computed as the Euclidean distance b et w een the p osition of the automatically
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extracted feature p oin t and the ground truth p osition. F or easy notation, w e in tro-

duce the follo wing terms. NT: nose tip; LE: inner left ey e corner; RE: inner righ t ey e

corner; ORE: outside righ t ey e corner; OLE: outside left ey e corner; RM: righ t mouth

corner; LM: left mouth corner. T able 3.1 pro vides the statistics of the lo calization

displacemen t on the MSU-I database. Figure 3.14 pro vides examples of the feature

extraction results. The large displacemen t of nose tip lo calization is often due to

facial hair.

T able 3.1: Statistics of the distance (in 3D) b et w een the automatically extracted and

man ually lab eled feature p oin ts for the MSU-I database. (F or the range image used

in the exp erimen ts, the pixel distances in x and y directions are b oth s 1 mm .)

F eatures NT LE RE ORE OLE RM LM

Mean ( mm ) 6.4 7.1 9.0 13.6 13.3 6.7 5.2

Std ( mm ) 13.4 9.2 13.1 11.9 10.1 12.9 9.0

Median ( mm ) 4.3 5.3 6.0 12.7 11.7 3.8 3.2

(a) (b) (c) (d)

Figure 3.14: F eature extraction results whic h lead to correct 3D face matc hes on the

MSU database. The n um b er in the top-left corner is the estimated p ose angle. The

inner ey e corner of (c) and the outside ey e corner of (d) are not considered as v alid

feature p oin ts for matc hing due to lo w feature score F .

Fig. 3.15 sho ws the iden ti�cation results for matc hing 300 m ultiview test scans

to the 100 3D face mo dels. The iden ti�cation results using man ually lab eled fea-

ture p oin ts are also plotted for comparison. The fully automatic system pro vides an
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iden ti�cation accuracy close to the system using man ually lab eled feature p oin ts b y

taking t w o (or more) feature candidate sets in to consideration.

Figure 3.15: CMC curv es of exp erimen ts on the MSU database. `T op- K ' indicates

that K feature candidate sets w ere used for matc hing.

In the curren t Matlab-based implemen tation, the computation time for feature

extraction is appro ximately 2 seconds on a P en tium 4 2.8GHz CPU.

Exp erimen t on the UND database

The UND database con tains 953 facial scans from 277 sub jects. Represen tativ e facial

scans along with automatically extracted feature p oin ts are giv en in Fig.3.16. T a-

ble 3.2 pro vides the statistics of the lo calization displacemen t on the UND database

compared with the ground truth p ositions. If the head p ose (near fron tal) is pro vided,

a more accurate algorithm can b e designed [112 ] and the corresp onding p erformance

is pro vided in T able 3.3 for reference. F ollo wing the FR GC proto cols, eac h pair of

953 scans is matc hed to compute a 953 � 953 (dis)similarit y matrix and generate the
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R OC curv es for ev aluation. Fig. 3.17 compares the R OC curv es with those obtained

b y using man ually lab eled feature p oin ts. W e also utilize the DFFS of the extracted

nose tip as a con�dence measure for reject purp oses. The reject rate dep ends on the

pre-de�ned threshold. Fig. 3.17 sho ws the R OC curv es when 1% of total test scans

are rejected using the DFFS criteria.

T able 3.2: Statistics of the distance (in 3D) b et w een the automatically extracted and

man ually lab eled feature p oin ts for the UND database. (F or the range image used in

the exp erimen ts, the pixel distances in x and y directions are b oth s 1 mm .)

F eatures NT LE RE ORE OLE RM LM

Mean ( mm ) 8.3 8.2 8.3 9.5 10.3 6.0 6.2

Std ( mm ) 19.4 17.2 17.2 17.1 18.1 16.9 17.9

Median ( mm ) 5.3 5.8 5.4 5.5 7.4 2.9 3.3

T able 3.3: Statistics of the distance (in 3D) b et w een the automatically extracted

feature p oin ts and the man ually lab eled feature p oin ts for the UND database giv en

the head p ose as (near) fron tal [112 ].

NT LE RE ORE OLE RM LM

Mean ( mm ) 5.0 5.7 6.0 7.1 7.9 3.6 3.6

Std ( mm ) 2.4 3.0 3.3 5.9 5.1 3.3 2.9

Median ( mm ) 4.9 5.7 5.6 5.4 7.1 2.9 3.2

Figure 3.16: Examples of feature extraction results on the UND database.
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Figure 3.17: R OC curv es of exp erimen ts on the UND database.

3.1.5 Summary

W e ha v e prop osed an automatic feature extraction sc heme to lo cate the nose tip

and estimate the head p ose, along with other facial feature p oin ts using a m ultimo dal

sc heme to com bine b oth 3D (range) and 2D (in tensit y) information in m ultiview 2.5D

facial scans. With the estimated p ose, the system automatically rejects the feature

p oin ts that are not v alid due to self-o cclusion. The extracted features are used to

align the m ultiview face scans with stored 3D face mo dels (or 2.5D face scans) to

conduct surface matc hing. As a result, a fully automatic 3D face recognition system

has b een dev elop ed, whic h can recognize 2.5D facial scans in the presence of large p ose

c hanges. Our automatic face recognition system ac hiev es an iden ti�cation accuracy

close to the system with man ually lab eled feature p oin ts.

The prop osed algorithm is designed to estimate the nose tip and head p ose c hange

b y angle space quan tization. The computational cost to handle the en tire 3D space
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including three directions (i.e., y a w, pitc h, and roll) w ould b e exp ensiv e using brute

force searc h. Therefore, a more e�cien t searc h sc heme is b eing pursued. In practice,

giv en prior kno wledge on particular applications, the angle sampling space can b e

limited to a certain range, suc h as -15 to 15 degrees for (near) fron tal deplo ymen t. W e

are also exploring w a ys to utilize the feature scores (see Eqs. 3.3 and 3.6) as con�dence

measures to robustly select the most reliable p oin ts for registration or design a reject

option to mak e the practical system generate few er incorrect decisions.
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3.2 Seman tic F eature Extraction

In addition to the landmark feature p oin ts, w e also extract the seman tic features from

the range and in tensit y images of faces.

3.2.1 Ethnicit y and Gender Iden ti�cation

Human faces pro vide demographic information, suc h as gender and ethnicit y . Con-

v ersely , gender and ethnicit y also pla y an imp ortan t role in face recognition. Di�eren t

sensing mo dalities for a h uman face pro vide di�eren t cues for gender and ethnicit y

iden ti�cation. W e exploit the depth (range) image of h uman faces for ethnicit y iden ti-

�cation and com bine the registered range and in tensit y (texture) images of the h uman

face to extract gender and ethnicit y information.

The h uman face con tains a v ariet y of information for adaptiv e so cial in teractions

with p eople. Humans are able to pro cess a face in a v ariet y of w a ys to categorize

it b y its iden tit y , along with a n um b er of other demographic c haracteristics, suc h as

gender, ethnicit y , and age. Ov er the past few decades, substan tial e�ort has b een

dev oted in the biology , psyc hology , and cognitiv e sciences areas, to disco v er ho w the

h uman brain p erceiv es, represen ts, and remem b ers faces. Computational mo dels ha v e

also b een dev elop ed to gain some insigh t in to this problem, utilizing v arious facial

cues, suc h as surface shap e and in tensit y (texture).

The demographic features are useful to narro w the searc h scop e in face retriev al

applications. The iden ti�cation of ethnicit y and gender can help a face recognition

system to limit the n um b er of en tries to b e searc hed in a large database, and hence
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impro v e the retriev al sp eed and e�ciency . Gender and ethnicit y are also in v olv ed in

h uman face iden tit y recognition. Humans are b etter at recognizing faces of their o wn

ethnicit y than faces of other ethnic groups [118 , 37]. O'T o ole et al. [129] ha v e sho wn

that p eople categorize the gender of the faces of their o wn ethnic group more e�cien tly

than the faces of other ethnic groups. Golb y et al. sho w ed that same-race faces elicit

more activit y in brain regions link ed to face recognition [72]. They used functional

magnetic resonance imaging (fMRI) to examine if the same-race adv an tage for face

iden ti�cation in v olv es the fusiform face area (FF A), whic h is kno wn to b e imp ortan t

for face recognition [141 ]. O'T o ole et al. [128] in v estigated the di�erences in the

w a y p eople p erceiv e their o wn-race faces v ersus other-race faces. They found that the

p erceiv ed t ypicalit y of o wn-race faces w as based on b oth global shap e information and

lo cal distinctiv e feature mark ers, whereas the t ypicalit y of other-race faces w as related

more to the lo cal distinctiv e features. Jain et al. demonstrated that utilizing gender,

ethnicit y , and other traits can help to impro v e the iden tit y recognition accuracy [88].

Unlik e gender, ethnic categories are lo osely de�ned. In this pap er, w e reduce the

ethnicit y classi�cation in to a simple t w o-category classi�cation problem, Asian and

non-Asian. These t w o classes ha v e relativ ely distinct an throp ometric features.

An throp ometrical statistics sho w ethnic morphometric di�erences in the craniofa-

cial complex [64, 63 ]. In [64 ], based on carefully de�ned facial landmarks, 25 measure-

men ts on the h uman head and face w ere tak en to examine three racial groups: North

American Caucasian (103 sub jects), African-American (100 sub jects), and Asians

represen ted b y Singap ore Chinese (60 sub jects). This study sho w ed di�erences in

these three groups in man y asp ects. F or example, the Asian group had the widest
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face; the main c haracteristics of the orbits of the Asian group w ere the large in tercan-

thal width; in Asian group, the soft nose w as less protruding and wider. Enlo w [63]

also conducted researc h on the structural basis for ethnic v ariations in facial form.

He demonstrated a close relationship b et w een the 3D shap e of the h uman face and

ethnicit y . O'T o ole et al.'s study [130 ] sho w ed that 3D facial scans ha v e the p oten tial

to pro vide a b etter accuracy for gender classi�cation than 2D in tensit y image.

In tensit y , i.e., facial image captured b y a regular CCD camera, is one of the

most widely used mo dalit y for gender and ethnicit y classi�cation. Compared with

ethnicit y iden ti�cation, the gender classi�cation has receiv ed more atten tion [71 , 78,

123 ]. Gutta et al. [78] prop osed a h ybrid classi�er based on RBF net w orks and

inductiv e decision trees for classi�cation of gender and ethnic origin. Moghaddam and

Y ang [123] applied supp ort v ector mac hines on face images for gender iden ti�cation.

Shakhnaro vic h et al. [150 ] used a b o osted classi�er for extraction of demographic

information, including gender and ethnicit y . In their w ork, t w o categories of ethnicit y

are de�ned, Asian and non-Asian. Lu and Jain [109 ] presen ted a m ultiscale sc heme

with linear discriminan t analysis to distinguish b et w een Asian and non-Asian faces.

Da vis et al. [56] exploited the w alking mo v emen t (gait) for gender iden ti�cation. Only

a few studies ha v e in v estigated m ultiple mo dalities, for example, in tensit y and range

images for gender and ethnicit y classi�cation. W ala v alk ar et al. [167 ] utilized audio

and visual cues for gender iden ti�cation.

As men tioned earlier, commercial 3D sensors (e.g., Minolta series [13 ]) no w pro vide

not only the range data, but also the registered in tensit y information (see Fig. 1.8

for an example of a facial scan). Unlik e previous w ork on in tensit y-based ethnicit y
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iden ti�cation, w e explore the surface shap e (range) of the h uman face for determining

ethnicit y . 3D surface captures the craniofacial structure, whic h is closely related

to ethnicit y . F urthermore, since the iden ti�cation from eac h mo dalit y can pro vide

con�dence of the assigned class mem b ership to eac h test sample, the �nal decision

ma y b e enhanced b y in tegrating the con�dence v alues from di�eren t cues. Kittler [93]

pro vides a theoretical framew ork for the com bination at the decision lev el. Man y

practical applications of com bining m ultiple mo dalities ha v e b een dev elop ed. Brunelli

and F ala vigna [40 ] presen ted a p erson iden ti�cation system b y com bining outputs from

classi�ers based on audio and visual cues. Hong and Jain [84 ] designed a decision

fusion sc heme to com bine face and �ngerprin t for p erson iden ti�cation.

W e address the problem of gender and ethnicit y iden ti�cation using t w o di�eren t

facial mo dalities, range and in tensit y . Because the precise facial landmark lo calization

is still an op en problem due to the complex facial structure in the real-w orld en viron-

men t, the an throp ometrical measuremen ts based classi�cation sc heme is not applied.

Instead, w e explore the app earance-based sc heme [162, 27], whic h has demonstrated

its p o w er in image-based facial iden tit y recognition. One of the imp ortan t factors

a�ecting the accuracy of the app earance-based recognition sc heme is the alignmen t

of samples [151 ]. In our scenario, di�eren t scans are aligned in the three-dimensional

space based on the range mo dalit y , whic h pro vides some tolerance to the head p ose

and ligh ting c hanges. Since the range and in tensit y images are registered b y the 3D

sensor, the in tensit y images are also aligned as a consequence of the range image

alignmen t. Supp ort v ector mac hine is applied for iden ti�cation on eac h individual

mo dalit y . The simple sum rule is used as the in tegration strategy to mak e the �-
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nal iden ti�cation decision. The in tegration strategy is designed at the decision lev el,

utilizing the matc hing scores of the classi�cation results [175] (the output of eac h

classi�er is a subset of lab els along with a con�dence, called the matc hing score).

3.2.2 Metho dology

The system arc hitecture is illustrated in Fig. 3.18. Range images are normalized in 3D

space, and in tensit y images are normalized consequen tly . Data within a certain region

are cropp ed from the normalized range and in tensit y images. Tw o SVMs classify the

cropp ed range data and the in tensit y data, separately . The classi�cation results are

in tegrated to ac hiev e the �nal decision.

Figure 3.18: System Diagram for gender and ethnicit y iden ti�cation.

Normalization

T o apply the app earance-based sc heme, the ra w scans are required to b e aligned

[151 ]: the ra w scans are translated, scaled, and rotated so that the co ordinates of the

reference p oin ts are aligned.
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The scans obtained from the 3D sensor are a set of p oin ts S = f ( x; y ; z ) g . F or the

purp ose of normalization and ev aluating the prop osed approac h without in tro ducing

feature p oin t lo calization errors, w e man ually sp ecify 6 p oin ts in the scan: the inside

and the outside corners of the left ey e, E

l ;i

and E

l ;o

, the inside and the outside corners

of the righ t ey e, E

r ;i

and E

r ;o

, the nose tip N , and the c hin p oin t C . W e use E

l ;i;x

and E

l ;i;y

to represen t the x and y v alue of E

l ;i

, and E

r ;i;x

and E

r ;i;y

to represen t the x

and y v alue of E

r ;i

. After rotation, translation, and scaling, the p oin ts are normalized

so that the cen ters of the left and the righ t ey es (midp oin ts of the inside and outside

ey e corners) are lo cated resp ectiv ely at (100 ; 0 ; 0) and ( � 100 ; 0 ; 0), and the plane that

passes the cen ters of ey es and the c hin p oin t, is p erp endicular to the z -axis. This

transformation is de�ned as:
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Figure 3.19 sho ws the fron tal and pro�le views of a face scan b efore and after

normalization.

3D F eature V ector Construction

T o a v oid the e�ect of hairst yle and other facial accessories, a close facial scan cropping

sc heme is applied. Giv en a normalized 3D face data set C , x and y co ordinates of a

rectangular area R to b e cropp ed, and the n um b ers of ro ws and columns of the grid

in the rectangle R , m and n , w e crop the face areas and construct feature v ectors as

follo ws:

(1). Build a grid G . The grid G is in a plane parallel to the x-y plane. It has m
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Figure 3.19: Scan normalization. (a) F ron tal view b efore normalization. (b) Pro�le

view b efore normalization. (c) F ron tal view after normalization. (d) Pro�le view after

normalization.

ro ws and n columns. The b orders of G are set to b e the rectangle R . A grid G is

sho wn in Fig. 3.20.

(2). Build the m � n pro jection matrices X M , Y M , Z M . The elemen ts X M ( i; j ),

Y M ( i; j ) and Z M ( i; j ), i = 1 ; � � � ; m , j = 1 ; � � � ; n , corresp ond to the grid no de

G ( i; j ). Denote the set of p oin ts inside G ( i; j ) as C

0

, where C

0

= f ( x; y ; z ) j ( x; y ; z ) 2

Figure 3.20: Cropping face areas for construction of feature v ectors. A 10 � 8 grid is

o v erlaid on the facial scan for demonstration.
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C ; and x; y are inside G ( i; j ) g . If C

0

is empt y , the corresp onding elemen t is lab eled

as a hole (see Fig. 3.21). Otherwise, the v alue of eac h grid is computed as follo ws:

X M ( i; j ) =

1

j C

0

j

X

for all ( x;y ;z ) 2 C

0

x;

Y M ( i; j ) =

1

j C

0

j

X

for all ( x;y ;z ) 2 C

0

y ;

Z M ( i; j ) =

1

j C

0

j

X

for all ( x;y ;z ) 2 C

0

z ;

where j C

0

j is the n um b er of elemen ts in C

0

.

Figure 3.21: Examples of the holes (sho wn as white patc hes) after 3D normalization.

(3). In terp olation. After the 3D rotation, the o ccluded p oin ts in the original scan

cause holes in the normalized scan. The holes in X M , Y M , and Z M are reco v ered

b y in terp olating the nearest neigh b ors as sho wn in Fig. 3.22.

Figure 3.22: The holes are �lled b y in terp olation.

(4). V ector formation. There are t w o w a ys to construct the feature v ector. One
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is utilizing all normalized X , Y , and Z co ordinates, the other one is using only the

normalized Z (depth), b ecause after normalization most of the di�erences b et w een

scans are con tained in Z . W e adopt the Z only represen tation for a more compact

represen tation. The columns in matrices Z M are concatenated to generate the v ector

V of length m � n , whic h is used b y the SVM classi�ers for iden ti�cation.

Iden ti�cation and F usion

The gender and ethnicit y iden ti�cation using individual mo dalities are form ulated as

a t w o-class classi�cation problem. In the app earance-based sc heme, Supp ort V ector

Mac hines ha v e pro vided high gender classi�cation accuracy [123]. W e also use SVMs

in our exp erimen ts for b oth ethnicit y and gender classi�cations. Instead of matc hing

scores, the p osterior probabilities are extracted from the SVMs [140 ].

The com bination of range and in tensit y can b e conducted at t w o lev els, the feature

lev el and the decision lev el. The latter has more generalit y , when classi�ers ha v e

ph ysically di�eren t t yp es of features. Kittler [93] pro vides a theoretical framew ork

for com bining v arious classi�ers at the decision lev el. The strategy w e used in our

exp erimen ts is the sum rule.

F or gender classi�cation, the fusion pro cess is form ulated as:

p ( mal e j s ) = ( p ( mal e j s

r ang e

) + p ( mal e j s

intensity

)) = 2 ; (3.8)

p ( f emal e j s ) = ( p ( f emal e j s

r ang e

) + p ( f emal e j s

intensity

)) = 2 ; (3.9)

where s is the sub ject to b e classi�ed, s

r ang e

and s

intensity

are, resp ectiv ely , the range
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and the in tensit y maps of the sub ject, p ( mal e j s

r ang e

) and p ( f emal e j s

r ang e

) are the

p osterior probabilities pro vided b y the SVM that uses range data for gender classi-

�cation, and p ( mal e j s

intensity

) and p ( f emal e j s

intensity

) are the p osterior probabilities

pro vided b y the SVM that uses in tensit y data for gender classi�cation. The �nal

decision is made b y comparing p ( mal e j s ) and p ( f emal e j s ). The same fusion sc heme

is applied to the ethnicit y iden ti�cation.

3.2.3 Exp erimen ts and Discussion

A mixture of t w o fron tal 3D face databases is used for ev aluating the prop osed

sc hemes. One is the UND database, comp osed of 944 scans from 276 sub jects. The

corresp onding demographic information is sho wn in T able 3.4. Represen tativ e face

images are giv en in Fig. 1.16. T o increase the size of the database (hence the com-

plexit y of the iden ti�cation), the fron tal images of the MSU-I database (denoted as

MSU-I-F), con taining 296 fron tal scans of 100 sub jects, is added to the UND database.

T able 3.5 giv es the demographic information of the MSU-I-F database. All the ex-

p erimen ts are conducted on the com bined database of UND and MSU-I-F databases,

whose demographic information is summarized in T able 3.6.

T able 3.4: Num b er of sub jects and scans (giv en in paren thesis) in the UND database

in eac h category .

Non-Asian Asian Subtotal

F emale 86 (295) 27 (92) 113 (387)

Male 124 (411) 39 (146) 163 (557)

Subtotal 210 (706) 66 (238) 276 (944)

F or ethnicit y iden ti�cation, a 10-fold cross-v alidation is conducted. Eac h time w e
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T able 3.5: Num b er of sub jects and scans (giv en in paren thesis) in the MSU-I-F

database in eac h category .

Non-Asian Asian Subtotal

F emale 20 (60) 6 (18) 26 (78)

Male 52 (152) 22 (66) 74 (218)

Subtotal 72 (212) 28 (84) 100 (296)

T able 3.6: Num b er of sub jects and scans (giv en in paren thesis) in the com bined UND

and MSU-I-F database in eac h category .

Non-Asian Asian Subtotal

F emale 106 (255) 33 (110) 139 (465)

Male 176 (563) 61 (212) 237 (775)

Subtotal 282 (918) 94 (322) 376 (1240)

use 9 folds as the training set and the remaining fold as the test set. Scans from the

same sub ject are group ed in to the same set to ensure that the ethnicit y classi�cation

results are not a�ected b y the similarit y b et w een the testing and the training data

in terms of the iden tit y . The mean and the standard deviation of the matc hing error

rates from these 10 exp erimen ts are rep orted. The same sc heme is applied for gender

iden ti�cation.

The ethnicit y and gender iden ti�cation p erformance is pro vided in T ables 3.7 and

3.8.

T able 3.7: Ethnicit y iden ti�cation p erformance. The a v erage and standard deviation

of the error rates using 10-fold cross-v alidation are rep orted.

Non-Asian Asian Ov erall

Range 2 : 7% � 0 : 028 6 : 7% � 0 : 052 3 : 8% � 0 : 024

In tensit y 2 : 1% � 0 : 027 5 : 9% � 0 : 051 3 : 2% � 0 : 029

Range + In tensit y 0 : 7% � 0 : 010 5 : 5% � 0 : 039 2 : 0% � 0 : 016

Figures 3.23 and 3.24 sho w the examples of the ethnicit y classi�cation results and
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T able 3.8: Gender iden ti�cation p erformance. The a v erage and standard deviation

of the error rates using 10-fold cross-v alidation are rep orted.

F emale Male Ov erall

Range 24 : 5% � 0 : 101 9 : 0% � 0 : 030 14 : 6% � 0 : 044

In tensit y 19 : 2% � 0 : 123 11 : 3% � 0 : 066 14 : 0% � 0 : 047

Range + In tensit y 17 : 0% � 0 : 093 4 : 4% � 0 : 032 9 : 0% � 0 : 030

(a) (b) (c) (d)

Figure 3.23: Results of ethnicit y classi�cation. (a) and (b) are correctly classi�ed

b efore and after fusion. (c) is not correctly classi�ed using range information, but

correctly classi�ed after fusion. (d) is not correctly classi�ed using in tensit y informa-

tion, but correctly classi�ed after fusion.

the gender classi�cation results, resp ectiv ely .

F or b oth ethnicit y and gender iden ti�cations, the exp erimen tal results sho w that

3D (range) information pro vides comp etitiv e results to the 2D (in tensit y) mo dal-

it y . It is demonstrated that the in tegration of range and in tensit y outp erforms eac h

individual mo dalit y .

3D sensors in the curren t mark et are not as mature as 2D sensors. T ypical prob-

(a) (b) (c) (d)

Figure 3.24: Results of gender classi�cation. (a) and (b) are correctly classi�ed b efore

and after fusion. (c) is not correctly classi�ed using range information, but correctly

classi�ed after fusion. (d) is not correctly classi�ed using in tensit y information, but

correctly classi�ed after fusion.
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lems with range images include missing data near dark regions (e.g., ey e regions),

spik es at the region with high re
ectivit y , and so on. The in terp olation and smo oth-

ing results are the appro ximations. These factors ma y explain the lo w er gender and

ethnicit y iden ti�cation p erformance using range images.

3.3 Summary

W e ha v e prop osed a m ultimo dal algorithm to automatically segmen t faces and extract

feature p oin ts from fron tal facial scans, whic h can b e used for scan normalization and

registration in 3D face matc hing systems (see Chapter 4). Besides the landmark

feature p oin ts, w e utilize b oth range and in tensit y mo dalities to iden tify gender and

ethnicit y from a facial scan, whic h is form ulated as a classi�cation problem under

the app earance-based analysis framew ork. Gender and ethnicit y can b e utilized to

impro v e the face recognition accuracy [88 ].
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Chapter 4

3D F ace Matc hing

A n um b er of approac hes ha v e b een prop osed for face recognition based on range

(depth) images, but most of them ha v e fo cused on only fron tal view recognition.

F urther, most of these metho ds only use the shap e (geometry) information presen t

in the face. Ho w ev er, the in tensit y/texture/app earance image of the face also pla ys

an imp ortan t role in face recognition pro cess, esp ecially when the shap es of t w o faces

in the database are similar. F acial app earance in 2D images is the pro jection of a

3D face, con taining the texture information of the face. T able 4.1 lists a n um b er of

factors that can c hange the facial geometry and app earance. Although the 3D facial

shap e will not c hange due to p ose and ligh ting v ariations, it is a�ected b y expression

c hanges and the aging factor. Therefore, using 3D shap e information alone can not

fully handle all the v ariations that a face recognition system encoun ters.

W e ha v e designed a face recognition system [115], whic h in tegrates surface (shap e)

matc hing and constrained app earance-based metho ds for m ulti-view face matc hing

(see Fig. 4.1) and can tolerate some expression v ariations. The surface matc hing
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T able 4.1: Relationship b et w een face v ariation factors and facial prop erties (shap e

and app earance).

F actors Shap e (3D) App earance (2D)

P ose No Y es

Ligh ting No Y es

Expression Y es Y es

Aging Y es Y es

Mak eup No Y es

F acial accessories Y es Y es

utilizes the 3D shap e information, while the app earance-based metho ds explore the

in tensit y clues. In tegrating these t w o di�eren t mo dalities (shap e and in tensit y) ma y

pro vide a more robust face recognition system to o v ercome the limitations encoun tered

in the traditional 2D image-based face recognition system under p ose and ligh ting

c hanges. The app earance-based stage is constrained to a small candidate list from

the database generated b y the surface matc hing stage, whic h reduces the classi�cation

complexit y . In the con v en tional app earance-based algorithms, all the sub jects in the

training database are used for subspace analysis and construction. When the n um b er

of sub jects in the database is large, this leads to a problem due to p oten tially large

in ter-class similarit y . In our sc heme, a 3D face mo del is utilized to syn thesize training

samples with facial app earance v ariations, whic h are used for discriminan t subspace

analysis. The matc hing distances obtained b y the t w o matc hing comp onen ts are

com bined to mak e the �nal decision. F urther, a hierarc hical matc hing structure is

designed to impro v e the system p erformance in terms of b oth accuracy and e�ciency .

In section 4.1, w e will presen t our 3D face mo del construction pro cedure. Sec-

tion 4.2 describ es the surface matc hing sc heme. The constrained app earance-based

98



Figure 4.1: Matc hing sc heme.

matc hing comp onen t is prop osed in section 4.3. The in tegration sc heme is presen ted

in section 4.4. Section 4.5 pro vides our exp erimen tal pro cedure for testing the system

and the matc hing results.

4.1 3D Mo del Construction

Since eac h 2.5D scan obtained b y the Minolta Vivid910 scanner used in our exp eri-

men ts can only co v er a partial view of the full 3D face, the 3D face mo del for eac h

sub ject is constructed b y stitc hing sev eral 2.5D scans obtained from di�eren t view

p oin ts that co v er the full facial area. In our curren t setup, 5 scans are used

1

, i.e.,

fron tal, left 30 degrees, left 60 degrees, righ t 30 degrees, and righ t 60 degrees. The

2.5D scans are �rst registered. Since the scans ha v e some o v erlapp ed p ortions, they

are then merged in order to create a single surface mo del. Basic clean-up pro ce-

1

It is p ossible to use few er scans to construct the mo del as long as they co v er the full view and

enough details of the face ob ject and con tain o v erlaps b et w een neigh b oring scans for registration.
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dures are applied to �ll holes, smo oth the surface, and remo v e noisy p oin ts asso ciated

with hair and clothing. The end result is a smo oth full view texture mapp ed mesh

mo del of the face for eac h of our sub jects. All the tec hniques used in the mo del con-

struction pro cedures are w ell studied in the computer graphics and vision researc h

comm unities [161 , 59 , 102 , 157]. F or easy manipulation, a commercial soft w are called

Geomagic Studio [9] is used for our mo del construction. Figure 4.2 demonstrates the

3D face mo del construction pro cedure. The resulting mo del is highly dense, con tain-

ing s 27,000 v ertices and s 50,000 p olygons. The data represen tation for the 3D face

mo del is sho wn in Fig. 4.3. It can b e used to render new realistic facial app earance

with p ose and illumination v ariations, see Fig. 4.4 for examples.

Figure 4.2: 3D mo del construction.

4.2 Surface Matc hing

In order to matc h t w o facial surfaces (a test scan and a 3D mo del), w e follo w the

coarse-to-�ne strategy sho wn in Fig. 4.5.
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Figure 4.3: Data represen tation for 3D face mo dels.

Figure 4.4: App earance syn thesis of a 3D mo del with p ose and ligh ting v ariations.

4.2.1 Coarse Alignmen t

W e applied a feature p oin t based alignmen t for coarse registration due to its simplic-

it y and e�ciency . A minim um of three corresp onding p oin ts is needed in order to

calculate the rigid transformation b et w een t w o sets of 3D p oin ts. Once the three cor-

resp onding p oin ts (feature p oin ts) are extracted (see Chapter 3), the transformation

is made using a com bination of rigid transformation matrices follo wing the guidelines

describ ed in [170]. This is done b y a least squares �tting b et w een the triangles formed

from the t w o sets of three feature p oin ts. The �rst set of three feature p oin ts ~ a is

transformed in to the same lo cation as the second set of feature p oin ts ~p (see Fig. 4.6).
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(a) (b) (c) (d)

Figure 4.5: Surface matc hing streamline. The alignmen t results are sho wn b y the 3D

mo del o v erlaid on the wire-frame of the test scan.

The rigid transformation is comp osed of a series of simple transformations:

T T = T

C

P

� R

t

P

� � � R

A

� T

C

� a

; (4.1)

where

T T : T otal T ransformation from set ~ a to set ~p .

T

C

� a

: T ranslate the cen ter to the origin.

R

A

: Rotate in to the xy-plane.

�: Optim um rotation to align t w o sets of v ertices within the xy-plane.

R

t

P

: Rotate out of the xy-plane in to the co ordinate system of ~p .

T

C

P

: T ranslate to ha v e the same cen troid as ~p .

A com bination of the ey e corners and the nose tip is selected as our three feature

p oin ts. See Fig. 4.7 for examples. These p oin ts are selected b ecause they are relativ ely

easy to lo cate in the range image and they do not c hange b et w een di�eren t scans of
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Figure 4.6: Rigid transformation b et w een t w o sets of three corresp onding p oin ts.

(a) The original set of p oin ts (the red triangle is constructed from the ~ a p oin ts, the

blue triangle is constructed from the ~p p oin ts); (b) the set of p oin ts after the rigid

transformation of p oin ts ~ a on to p oin ts ~p .

di�eren t p eople across di�eren t p oses. See Fig. 4.5(c) for an example of a 2.5D face

scan coarsely aligned to a 3D face mesh mo del.

Figure 4.7: F eature p oin ts used for coarse alignmen t at di�eren t p oses: left-pro�le,

fron tal, and righ t-pro�le.

4.2.2 Fine Alignmen t

The coarse alignmen t can only pro vide an appro ximation to the true registration. But

for the purp ose of surface matc hing, the t w o sets of 3D p oin ts (one from 2.5D scan and

one from 3D mo del) should b e further tuned for �ne registration. Because b oth the

scan and mo del con tain highly dense data, it is p ossible to �nd a go o d appro ximation

of the closest p oin ts in eac h dataset, whic h is the basis of the Iterativ e Closest P oin t
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(ICP) framew ork [30, 48 , 181 ]. The basic Iterativ e Closest P oin t sc heme is as follo ws:

1. Select con trol p oin ts in one p oin t set

2. Find the closest p oin ts in the other p oin t set (corresp ondence)

3. Calculate the optimal transformation b et w een the t w o sets based on the curren t

corresp ondence

4. T ransform the p oin ts; rep eat step 2, un til con v ergence.

Starting with an initial estimate of the rigid transformation deriv ed in the coarse

alignmen t stage, ICP iterativ ely up dates the transformation parameters b y alternately

c ho osing corresp onding (con trol) p oin ts in the 3D mo del and the 2.5D scan and

�nding the b est translation and rotation that minimizes an error function based on

the distance b et w een them.

Besl and McKa y [30 ] used p oin t-to-p oin t distance for whic h a closed-form solution

can b e obtained when calculating the transformation matrix during eac h iteration.

The p oin t-to-plane distance used in [48] mak es the ICP algorithm less susceptible

to the outliers (suc h as the spik es caused b y the 3D sensor) and lo cal minima than

the p oin t-to-p oin t metric [68]. It also needs a few er n um b er of iterations to con v erge.

But p oin t-to-plane distance based ICP has to solv e a non-linear optimization problem

using n umerical algorithms. Since b oth the 2.5D scan and 3D mo del are represen ted

as a dense mesh, the normal for eac h v ertex can b e calculated, whic h mak es the

computation of p oin t-to-plane distance feasible. W e in tegrate Besl's and Chen's ICP

algorithms [30 , 48 ] in a zigzag running st yle, and call it the h ybrid ICP algorithm.
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Eac h iteration of surface registration consists of t w o steps, (i) using Besl's sc heme to

compute an estimation of the alignmen t, and (ii) using Chen's sc heme for a re�nemen t.

Based on the extracted feature p oin ts, the sampling rectangles of the con trol

p oin ts can b e determined as sho wn in Fig. 4.8. A single rectangle is determined for

fron tal cases where b oth outside corners of the ey es are a v ailable. If one of the outside

corners of the ey es is o ccluded due to large p ose c hanges, the inside corner is used

instead. F our small rectangles are then determined; these co v er the ey es, nose, and

part of the c heek to sample the con trol p oin ts. In order to minimize the n um b er of

outliers, regions w ere selected within the face scans that do not v ary greatly b et w een

the scans. Examples are giv en in Fig. 4.9. Regions around the ey es and nose w ere

selected b ecause these regions are less malleable to expression c hanges than other

parts of the face (suc h as the region around the mouth, whic h c hanges greatly with

facial expression). The n um b er of con trol p oin ts is determined as a tradeo� b et w een

the accuracy and computational cost. The �ne alignmen t results are demonstrated

in Fig. 4.5(d). Other non-uniform con trol p oin t selection sc hemes, suc h as curv ature-

based sampling sc hemes, can also b e applied.

4.2.3 Surface Matc hing Distance

The ro ot mean square distance minimized b y the ICP algorithm is used as the primary

matc hing distance b et w een a face scan and the 3D mo del. W e use the p oin t-to-plane

distance metric M D

I C P

de�ned in [48 ].
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(a)

(b)

Figure 4.8: Automatic con trol p oin t selection sc heme based on three feature p oin ts for

fron tal (a) and pro�le (b) scans. The n um b ers ( m � n ) in eac h b ounding b o x denote

the resolution of the sampling grid. F or example, there are 25 = 5 � 5 con trol p oin ts

sampled in the upp er-left b ounding b o x in (b). In (b), the v alue of Y is determined b y

the farthest v alid p oin ts from the nose in the corresp onding horizon tal direction. The

v alid p oin ts are indicated in the mask image pro vided b y the sensor (see Fig. 3.4(c)

for an example). In total, 96 con trol p oin ts are selected in eac h fron tal scan, and 98

in eac h pro�le scan.
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Figure 4.9: Examples of automatic con trol p oin t selection for a left pro�le, fron tal,

and righ t pro�le scans.
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where d ( � ; � ) is the p oin t-to-plane metric; 	( � ) is the rigid transformation applied to

eac h con trol p oin t p

i

in the 2.5D test scan; S

i

is the corresp onding tangen t plane in

the 3D mo del w.r.t. p

i

; N

c

is the n um b er of con trol p oin ts. The smaller the v alue of

M D

I C P

, the b etter the surface matc hing.

4.3 Constrained App earance-based Matc hing

In addition to the 3D shap e, texture con tained in the co-registered 2D in tensit y image

is also an imp ortan t cue for face recognition. There are a n um b er of app earance-based

algorithms for image-based face recognition [162 , 27 , 24 ]. A t ypical app earance-based

metho d analyzes the in tensit y correlation b et w een all the pixels in the image, whic h

is a global c haracteristics of the face image. The alignmen t of the training and

test images is imp ortan t to the matc hing accuracy of the app earance-based algo-

rithms [151, 138]. The ICP registration pro cedure aligns the 2.5D test scan and

the 3D mo del, so the p ose is already normalized. By syn thesizing new app earance

(image v ariation) from the constructed 3D mo del, additional training samples of the
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sub jects can b e obtained. This allo ws us to use the linear discriminan t analysis

(LD A) for app earance-based matc hing [27 , 119 ]. Instead of using all the sub jects in

the database, the LD A is applied only to a small list of candidates, whic h is gener-

ated dynamically b y the surface matc hing stage for eac h test scan. W e call this as

the constrained app earance-based matc hing in our framew ork.

4.3.1 App earance Syn thesis

Eac h sub ject is represen ted b y a 3D face mo del with neutral expression in the

database. In order to apply the subspace analysis based on the facial app earance,

a large n um b er of training samples, whic h are aligned with the test sample, are

needed [27, 119]. After the surface registration (p ose normalization), the 3D mo del

gets aligned with the test scan. Since the dense 3D mo del is a v ailable, it is easy to

syn thesize new app earance with ligh ting v ariations. As the alignmen t ma y not b e

p erfect, small p ose v ariations are also syn thesized in our framew ork.

Syn thesis of p ose v ariations is straigh tforw ard b y simply rotating and shifting

the 3D mo del. Ligh ting is sim ulated b y adding a virtual ligh t source around the

reconstructed face surface as illustrated in Fig. 4.10. The p osition of the ligh t source

is con trolled b y the distance R b et w een the ligh t source and the origin of the mo del

co ordinate system and b y the azim uth and elev ation angles. Di�eren t illumination

v ariations are generated b y c hanging the p osition of the ligh t source. Phong shading

tec hnique is emplo y ed to render ligh ting e�ects on the face surface [66].

Based on the feature p oin ts (ey e corners and the nose tip) and registration results,
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Figure 4.10: Ligh ting sim ulation. The ligh t bulb denotes the sim ulated ligh t source.

the critical area in the face is determined, whic h is used to automatically crop the

syn thesized images. Examples of the cropp ed syn thesized images for one sub ject are

sho wn in Fig. 4.11. These images are used in the follo wing discriminan t subspace

analysis.

W e applied linear discriminan t analysis (see Sec. 2.1.1 for details) for app earance-

based matc hing. The pro jection co e�cien ts in LD A ( Y ) are used as the feature

represen tation of eac h face image. Giv en t w o pro jection co e�cien t v ectors Y

1

and

Y

2

, the matc hing score b et w een them is calculated as the cosine v alue of the angle

b et w een their co e�cien t v ectors, i.e.,

M S

LD A

=

h Y

1

; Y

2

i

k Y

1

k � k Y

2

k

; (4.3)
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Figure 4.11: Cropp ed syn thesized training samples for discriminan t subspace analysis.

(a) test (scan) image; (b) image rendered b y the 3D mo del after p ose normalization

(alignmen t); (c-f ) images syn thesized b y the 3D mo del with shift displacemen t in

horizon tal and v ertical directions; (g-j) images syn thesized b y the 3D mo del with

ligh ting c hanges. Only gra y scale is used for app earance-based analysis. Because the

p ose is normalized and feature p oin ts are kno wn, the cropping is done automatically .

where h�i denotes the dot-pro duct.

4.3.2 Dynamic Candidate Selection

In the con v en tional LD A, all the sub jects in the database (gallery) are used for sub-

space construction. As the n um b er of sub jects in the database increases, the com-

plexit y of the recognition problem increases due to large in tra-class v ariations and

large in ter-class similarities, resulting in a lo w recognition accuracy . Ho w ev er, if the
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n um b er of sub jects in the gallery is small, the app earance-based metho d can pro vide

a relativ ely go o d p erformance. F or eac h individual test scan, the gallery used for

subspace analysis and matc hing is dynamically generated based on the output of the

surface matc hing. Only a small n um b er of sub jects in the database are selected for

the app earance-based matc hing, reducing the n um b er of matc hes for the test scan. In

our exp erimen ts, the top M ( M = 30) candidates in the sorted matc hing list based

on surface matc hing are selected (rank-based selection) for constrained app earance

based matc hing.

4.4 In tegration of Range and In tensit y

4.4.1 W eigh ted Sum Rule

Surface matc hing and app earance-based matc hing pro vide t w o scores based on di�er-

en t cues. Since these t w o matc hers explore di�eren t prop erties of the face, namely ,

shap e and texture, they are not highly correlated. A com bination of these t w o matc h-

ers has the p oten tial to outp erform eac h individual matc her [93]. W e applied the

w eigh ted sum rule to in tegrate the surface matc hing and app earance-based matc hing

distances as follo ws:

M D

comb

= M D

I C P

+ � � M D

LD A

; (4.4)

where M D

LD A

= (1 � M S

LD A

) = 2, and M S

LD A

is the matc hing score generated b y the

app earance-based matc hing comp onen t (w e con v ert the matc hing score (similarit y)
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to matc hing distance (dissimilarit y)). The w eigh ting parameter � balances the t w o

matc hing comp onen ts, whic h can b e set b eforehand or learned from an indep enden t

v alidation dataset.

4.4.2 F eature V ector Concatenation

The sum rule based fusion is p erformed at the decision lev el. A t the feature lev el,

feature v ectors from di�eren t mo dalities (range and in tensit y) can b e concatenated

in to a com bined feature v ector. Discriminan t analysis is then conducted on the new

com bined feature v ector for classi�cation.

4.4.3 Hierarc hical Matc hing

The surface matc hing in Section 4.2 fo cused on the region of the face (near ey es and

nose) that is more robust to deformation due to expression c hanges. W e call it the

`lo cal' matc hing sc heme. But to solv e the am biguit y b et w een shap es, a larger fa-

cial area ma y pro vide more evidence, esp ecially for the faces with the same neutral

expression as that of the 3D mo dels stored in our database. Therefore, a hierarc hi-

cal matc hing framew ork is designed, where a `global' surface matc hing comp onen t

is in tro duced, whic h also uses the same ICP algorithm but di�eren t con trol p oin t

selection sc hemes. Figure 4.12 illustrates our hierarc hical system and Fig. 4.13 sho ws

the global con trol p oin t sampling sc heme. Only those test scans for whic h the sur-

face matc hing comp onen t do es not ha v e su�cien t evidence to mak e the decision, are

fed to the com bination stage. This cascading framew ork also pro vides the p oten tial
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to reduce the total computation cost. In our curren t implemen tation, if the shap e

matc hing distance ( M D

I C P

in Eq. (4.2)) is b elo w a pre-de�ned threshold � , then it is

considered as a go o d surface matc hing. Since the surface matc hing distance is mea-

sured b y the ro ot mean square distance among the con trol p oin ts, it has a ph ysical

meaning. W e c ho ose � equal to one millimeter. The v alue of � dep ends on the noise

lev el in the scans and the p erformance of the automatic anc hor p oin t lo cator for the

coarse surface matc hing. The exp erimen tal results demonstrated that this hierarc hi-

cal matc hing framew ork impro v es the system p erformance in terms of b oth accuracy

and e�ciency [108 ].

Figure 4.12: Hierarc hical matc hing design. The full system using surface matc h-

ing only is comp osed of (I), (I I), and (I I I). The full system com bining surface and

app earance-based matc hings consists of (I), (I I), and (IV).
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Figure 4.13: Global con trol p oin t sampling based on three anc hor p oin ts, for left

pro�le, fron tal, and righ t pro�le scans. A 8 � 12 sampling grid is used, resulting in a

total of 96 con trol p oin ts for eac h scan.

4.5 Exp erimen ts and Discussion

4.5.1 Data

Curren tly , there is no publicly a v ailable m ulti-view face scan database, along with

expression v ariations. W e use the MSU-I database in the exp erimen ts. The USF

database is com bined with the MSU-I database to increase the n um b er of 3D gallery

mo dels. In total, there are 598 2.5D test scans, whose distribution is pro vided in

T able 1.1, and 3D face mo dels of 200 di�eren t sub jects in the gallery . Represen tativ e

test scans w ere sho wn in Fig. 1.13. Examples of 3D mo dels w ere pro vided in Figs. 1.12

and 1.15.

W e applied the three ICP algorithms, Besl's [30], Chen's [48], and our h ybrid ICP ,

on the en tire database. The total n um b er of surface matc hing errors among the 598

test scans w ere 98 (Besl's), 88 (Chen's), and 85 (h ybrid). Based on these results, w e

decided to use the h ybrid ICP algorithm in the follo wing exp erimen ts.
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4.5.2 Matc hing P erformance

Based on the three feature p oin ts, con trol p oin ts are automatically sampled for the

ICP registration. Figure 4.9 sho w ed the con trol p oin t sampling sc heme. Examples of

the registration results w ere giv en in Figs. 4.5(c) and 4.5(d). The surface matc hing

w as ac hiev ed using the distance score pro duced b y the ICP registration. Our matc hing

pro cess w as conducted in the iden ti�cation mo de. Eac h scan w as matc hed to all the

3D mo dels stored in the gallery .

Con v en tional app earance-based algorithms su�er from large p ose c hanges [184 , 7],

and their p erformance dep ends on the qualit y of the alignmen t. In our matc h-

ing sc heme, after the surface matc hing, the test scan and 3D mo dels are already

aligned, whic h p ermits the use of app earance-based algorithms. In the constrained

app earance-based matc hing stage, although the n um b er of syn thesized samples, whic h

are used as the training samples for the app earance-based metho ds, can b e arbitrary

large in principle, in practice, w e only generate a small n um b er of samples b ecause

this syn thesis pro cess and the subsequen t LD A need to b e conducted online. In our

exp erimen ts, 4 images with di�eren t shift displacemen ts and 4 images with di�eren t

ligh ting conditions w ere syn thesized. Hence, 9 images for eac h mo del are used for the

LD A calculation (8 syn thesized v ersions plus the original one, see Figs. 4.11(b)-(j) for

an example).

The LD A is only applied to the �rst 30 matc hed candidates based on the surface

matc hing distance. By applying surface matc hing and constrained app earance-based

sc heme separately to the dataset, w e found that the sets of misclassi�ed test scans
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are signi�can tly di�eren t for these t w o matc hing sc hemes, implying that these t w o

sc hemes are not highly correlated. Therefore, a suitable fusion of these t w o sc hemes

has the p oten tial to lead to an impro v emen t in the matc hing accuracy .

W e �rst study the matc hing comp onen t using man ually lo cated feature p oin ts

to eliminate feature extraction errors. The matc hing results are summarized in T a-

ble 4.2. Exp erimen tal results of the fully automatic system using the automatic

feature extractor describ ed in Chapter 3 are pro vided separately in Sec. 4.5.4.

1. F ron tal scans with neutral expression.

In this category , all the test scans are fron tal, with neutral expression, whic h

is similar to the expression con tained in the 3D mo dels. The surface matc hing

ac hiev es 98% accuracy on these test scans. The constrained app earance-based

metho d also ac hiev es the highest accuracy (86%) among all the categories listed

in T able 4.2, due to the go o d alignmen t results and v ery little c hange in the

expression. A com bination of surface matc hing and app earance-based matc hing

giv es an accuracy of 99%.

2. Pro�le Scans with Neutral Expression.

Although b oth surface matc hing and app earance-based matc hing comp onen ts

p erform a little bit w orse than the fron tal case, w e still attain an accuracy of

96% for the surface matc hing and 98% for the com bination sc heme. The lo w er

p erformance here compared to the fron tal cases is due to the smaller o v erlap

b et w een the 2.5D test scan and 3D mo dels.

3. Scans with Smiling Expression.
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Regardless of p ose v ariations, expression c hanges, whic h alter the facial geomet-

ric shap e, decrease the surface matc hing accuracy drastically . This is mainly

b ecause our ICP based surface matc hing is fo cused on extracting the rigid trans-

formation parameters, while the facial expression c hange is a t ypical non-rigid

transformation. Although the app earance-based metho d can handle the facial

expression c hanges to some exten t, its p erformance dep ends on the qualit y of

the alignmen t (p ose normalization), whic h is pro vided b y the surface matc hing

comp onen t. Still, surface matc hing and app earance-based matc hing augmen t

eac h other and their com bination leads to 81% accuracy .

The expression c hange a�ects b oth sides of the face. According to our curren t

con trol p oin t sampling sc heme, the fron tal case has a larger facial area whose

shap e is c hanged more b y the expression than the pro�le views. This could b e

one reason for a lo w er surface matc hing accuracy in the fron tal smiling category

compared to the pro�le smiling test scans.

T able 4.2: Rank-one matc hing accuracy for di�eren t categories of test scans. The

total n um b er of test scans in eac h category is listed in T able 1.1. The n um b er of

errors is pro vided in the paren thesis. The w eigh ts for the surface matc hing and the

constrained app earance matc hing comp onen ts are set to b e equal (i.e., � = 1 in

Eq. 4.4).

T est scan category Surface matc hing Constrained LD A Surface matc hing +

constrained LD A

F ron tal & Neutral 98% (2) 86% (14) 99% (1)

Pro�le & Neutral 96% (7) 84% (35) 98% (5)

F ron tal & Smiling 68% (31) 71% (28) 77% (23)

Pro�le & Smiling 76% (45) 69% (59) 84% (31)

In all the three categories of the test scans, the com bination of surface matc hing
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and app earance-based matc hing outp erforms eac h individual matc hing comp onen t.

4.5.3 Ov erall P erformance

A summary of the exp erimen tal results for the en tire dataset consisting of 598 test

scans is giv en in T able 4.3, running in the iden ti�cation mo de. Out of the 60 errors

o v er the en tire test database (corresp onding to 90% accuracy), 54 test scans con tain

smiling expression. As men tioned earlier, the expression c hange leads to non-linear

surface deformation that is not adequately handled b y the rigid transform based

ICP algorithm. The surface matc hing distance distributions for gen uine users and

imp ostors are pro vided in Fig. 4.14. Figure 4.15 sho ws 4 correctly matc hed examples

using the com bined sc heme.

Figure 4.14: Surface matc hing distance distributions.

The cum ulativ e matc h score curv es for the three di�eren t matc hing sc hemes are

pro vided in Fig. 4.16. The com bination of surface matc hing (ICP only) and con-

strained app earance-based matc hing (LD A only) consisten tly outp erforms eac h indi-
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T able 4.3: Matc hing accuracy with equal w eigh ts for ICP and LD A comp onen ts (i.e.,

� = 1 in Eq. 4.4). The total n um b er of test scans is 598.

Sc heme Rank-one matc h accuracy

Surface matc hing 86%

Constrained LD A 77%

Surface matc hing + Constrained LD A 90%

Figure 4.15: T est scans (top ro w), and the corresp onding 3D mo dels correctly

matc hed. The 3D mo del is sho wn in a p ose similar to the corresp onding test scan.

vidual sc heme.

The p erformance rep orted in T able 4.3 is based on setting equal w eigh ts to surface

matc hing and app earance-based matc hing distances, i.e., the v alue of � in Eq. (4.4)

is set to 1. Ho w ev er, there ma y exist an optimal v alue of � , whic h minimizes the

n um b er of errors. The p erformance c hange with resp ect to � is sho wn in Fig. 4.17.

In practice, the v alue of � can b e learned from the v alidation data.

Using the matc hing distances computed from matc hing 598 test scans to 200 3D

face mo dels, the R OC curv es are generated, whic h are pro vided in Fig. 4.18. The

curv es are calculated b y setting the same threshold for all the users. A user-sp eci�c

threshold could b e computed for eac h user to yield b etter p erformance [89 ]. Note that
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Figure 4.16: Cum ulativ e matc hing p erformance with equal w eigh ts for the surface

matc hing (ICP) and the constrained app earance matc hing (LD A) comp onen ts (i.e.,

� = 1). The LD A comp onen t is constrained b y the surface matc hing (ICP) comp o-

nen t. The LD A is only applied to the top 30 candidate mo dels selected in the surface

matc hing stage.

the app earance-based matc hing (LD A) in Fig. 4.18 relies on the 3D p ose alignmen t

ac hiev ed b y ICP-based registration.

Based on the concatenation-based fusion sc heme in Sec. 4.4.2, the rank-1 recog-

nition rate is 78%, less than 90% obtained b y the sum rule on the matc hing scores

from eac h mo dalit y .

In our curren t implemen tation, on an a v erage, matc hing one test scan to a 3D face

mo del tak es ab out 16 seconds using the h ybrid ICP algorithm for surface matc hing

and 2 seconds using the accelerated Besl's ICP algorithm for surface matc hing, on a

P en tium 4 2.8GHz CPU. The sp eed b ottlenec k is the nearest neigh b or searc h in ICP ,

b ecause the computation required for sequen tial (exhaustiv e) searc h for one con trol

p oin t is prop ortional to N , where N is the n um b er of v ertices in the mo del. W e ha v e
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Figure 4.17: Iden ti�cation accuracy based on the com bination strategy with resp ect

to � , the parameter used to balance the surface matc hing and app earance matc hing.

A higher accuracy is ac hiev ed at � = 2 than the 90% accuracy at � = 1.

in tegrated the KD-tree structure

2

[28, 67] with the Besl's ICP algorithm [30]. The

exp ected computation to p erform the nearest neigh b or searc h for eac h con trol p oin t

is then prop ortional to log N . If w e use only Besl's ICP algorithm in the surface

matc hing stage instead of the prop osed h ybrid ICP algorithm, the en tire matc hing

pro cess can b e ac hiev ed in appro ximately 2 seconds with ab out 2% decrease in the

iden ti�cation accuracy . Unlik e the p oin t-to-p oin t (Euclidean) distance based Besl's

ICP algorithm, the p oin t-to-plane distance based Chen's ICP algorithm cannot b e

in tegrated with the KD-tree structure. The nearest neigh b or searc h in ICP can b e

implemen ted in parallel for eac h con trol p oin t, so parallel computation and hardw are

accelerators can also b e utilized. With the curren t computation p o w er, the prop osed

sc heme w ould b e more suitable for iden ti�cation on a small database or v eri�ca-

tion applications. F or iden ti�cation in a large database, fast screening or indexing

approac hes w ould need to b e in tegrated.

2

The KD-tree soft w are pac k age is pro vided b y Guy Shec h ter.
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Figure 4.18: R OC curv es. ICP (all): surface matc hing on the en tire test database;

ICP (neutral): surface matc hing on the test scans with neutral expression. LD A is

applied only after p ose normalization b y ICP rigid registration. Equal w eigh ts (i.e.,

� = 1) w ere applied to the surface matc hing (ICP) and the constrained app earance-

based matc hing (LD A) comp onen ts.

4.5.4 Automatic F ace Recognition

With automatic feature p oin t extraction (describ ed in Chapter 3) in tegrated, a fully

automatic m ultimo dal face recognition system is dev elop ed. The feature p oin ts are

used for b oth alignmen t in three-dimensional space for surface matc hing and for facial

area cropping for the app earance-based matc hing. The same database (see Sec. 4.5.1)

and the ev aluation proto col are used. Due to computational cost, only Besl's ICP

algorithm [30] is used for surface matc hing.

The face recognition system automatically matc hes the 598 test scans to the 200

3D face mo dels in the iden ti�cation mo de. The iden ti�cation results are giv en in

Fig. 4.19. The iden ti�cation results using man ually lab eled feature p oin ts are also
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plotted for comparison. The plots sho w that the fully automatic system pro vides

iden ti�cation accuracies close to those of the system using (three) man ually lab eled

feature p oin ts. In the curren t implemen tation, the total computational cost of the

fully automatic system is ab out 4 seconds for in tegrating b oth range and in tensit y ,

and 3 seconds for surface matc hing only (2 seconds for feature extraction).

Figure 4.19: CMC curv es of the fully automatic systems in comparison with the

systems with three man ually lab eled feature p oin ts.

4.6 Summary

W e ha v e designed and implemen ted a face recognition system that matc hes 2.5D

scans of faces with di�eren t p ose and expression v ariations to a database of 3D face

mo dels. Both shap e and in tensit y information con tained in 3D mo dels are emplo y ed.
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W e prop ose a com bination sc heme, whic h in tegrates surface (shap e) matc hing and

a constrained app earance-based metho d for face matc hing, that complemen t eac h

other. The surface matc hing is ac hiev ed b y a h ybrid ICP sc heme. The subsequen t

app earance-based iden ti�cation comp onen t is constrained to a small candidate list

generated b y the surface matc hing comp onen t, whic h reduces the classi�cation com-

plexit y . The 3D template registered (after p ose normalization ac hiev ed in the surface

matc hing stage) to the test scan is utilized to syn thesize training samples with fa-

cial app earance v ariations, whic h are used for discriminan t subspace analysis. The

matc hing distances obtained b y the t w o matc hing comp onen ts are com bined using

the w eigh ted sum rule to mak e the �nal decision. A hierarc hical matc hing framew ork

is designed to further impro v e the system p erformance in terms of b oth accuracy and

e�ciency .

The curren t surface matc hing sc heme is still based on rigid transformation, result-

ing in relativ ely p o or matc hing p erformance on face scans in the presence of non-rigid

deformations, suc h as expression c hanges. W e will explore 3D templates that can b e

deformed b y in tegrating prior kno wledge of non-rigid v ariations to deal with facial

expression c hanges for matc hing. Details are presen ted in the next Chapter.
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Chapter 5

3D F ace Deformation Analysis

F ace recognition based on range images has b een in v estigated b y a n um b er of re-

searc hers [98, 75, 156 , 31, 131, 43 ], but only a few of them ha v e addressed the defor-

mation (expression) issue, whic h is a ma jor c hallenge in 3D face recognition [45 , 115].

Ch ua et al. [49] extended the use of P oin t Signature to recognize fron tal face scans

with di�eren t expressions, whic h w as treated as a 3D recognition problem of non-rigid

surfaces. A database of 6 sub jects with 4 expressions w as used in the exp erimen ts.

Chang et al. [44] presen ted a metho d to indep enden tly matc h m ultiple regions around

the nose, and in tegrate individual matc hing results to mak e the �nal matc hing de-

cision. Their metho d w as ev aluated on a database of ab out 4000 facial scans from

449 sub jects. Ho w ev er, the nose region do es not con tain su�cien t discriminan t p o w er

to distinguish faces across a large p opulation. Bronstein et al. [38, 39 ] prop osed an

algorithm based on an isometric mo del of facial surfaces, in an attempt to deriv e an

expression-in v arian t facial surface represen tation for 3D face recognition. Ho w ev er,

they considered only fron tal face scans and the prop osed mo del assumed the mouth
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w as closed in all facial expressions. Their exp erimen ts w ere conducted on a database

con taining 27 h uman sub jects with 8 expressions. P assalis et al. [132 ] �tted an an-

notated face mo del to a giv en facial scan and applied w a v elet analysis to deriv e a

new represen tation, i.e., deformation image, whic h is used for matc hing. The FR GC

V er2.0 database [135 ] w as used to ev aluated the algorithms. A n um b er of 3D facial

expression analysis approac hes are listed in T able 5.1.
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T able 5.1: F acial expression analysis approac hes using 3D data.
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W e address the problem of matc hing multiview 2.5D facial scans (range images) to

3D neutral face mo dels (or 2.5D facial scans) in the presence of expression v ariations.

A 3D deformation mo deling sc heme is prop osed to handle the non-rigid deformations,

e.g., expressions. T o accoun t for the large in tra-sub ject di�erence in 3D facial shap e

caused b y expression c hanges, w e prop ose to explicitly mo del the 3D deformation.

Gross et al. [76] sho w ed that user-sp eci�c deformable mo dels are more robust than

the generic deformable mo del (across sub jects). Ho w ev er, to build a user-sp eci�c

deformable mo del, a large n um b er of training samples for a user are needed; collecting

and storing 3D data of eac h sub ject in a large gallery with m ultiple expressions

is not practical. F urther, it is di�cult to collect face scans to co v er all p ossible

v ariations ev en for the same t yp e of expression, b ecause the expression deformation

is a con tin uous facial mo v emen t. See Figure 5.1.

Figure 5.1: Deformation v ariations for one sub ject with the same t yp e of expression.

W e collect data on 3D facial deformations from only a small group of sub jects,

called the con trol group. Eac h sub ject in the con trol group pro vides a scan with

neutral expression and sev eral scans with non-neutral expressions. The deformations

(b et w een neutral scan and non-neutral scans) learned from the con trol group are

transferred to and syn thesized for all the 3D neutral face mo dels in the gallery , yielding
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deformed templates with syn thesized expressions. Multiple deformed templates for

the same sub ject based on mem b ers in the con trol group are com bined to build

deformable mo dels for eac h sub ject in the gallery .

Our deformation transfer and syn thesis falls under the p erformance-driv en frame-

w ork [172 , 139 , 127, 153 ]. Unlik e previous metho ds designed for realistic animation,

w e simplify the deformation transfer problem that is suitable for 3D matc hing. In or-

der to learn deformation from the con trol group, w e need a set of �ducial landmarks.

Besides the �ducial facial landmarks, suc h as ey e and mouth corners, landmarks in

the facial area with little texture, e.g., c heeks, are extracted in order to mo del the

3D surface mo v emen t due to expression c hanges. W e ha v e designed a hierarc hical

geo desic-based resampling sc heme constrained b y �ducial landmarks to deriv e a new

landmark-based surface represen tation for establishing corresp ondence across expres-

sions and sub jects. Thin-plate-spline (TPS) is used to transfer the landmark-based

deformation. The deformation transfer is ac hiev ed b y minimizing a global b ending

energy function [36 ], while preserving the facial top ology .

During matc hing, the user-sp eci�c deformable mo del is �tted to a test scan b y

solving an optimization problem to yield a matc hing distance. T o handle the head

p ose c hanges, the rotation and translation parameters are in tegrated in to the cost

function for �tting, whic h is solv ed using an alternating optimization sc heme. The

prop osed sc heme is designed to handle b oth expression and p ose c hanges sim ultane-

ously .

The prop osed sc heme of deformation mo deling for 3D face matc hing is presen ted

in Fig. 5.2.

129



Figure 5.2: Deformation mo deling for 3D face matc hing. T o matc h a 2.5D test scan

to a 3D neutral face mo del in the gallery database, the deformation learned from

the con trol group is transferred to the 3D neutral mo del. Eac h sub ject in the con trol

group pro vides its o wn deformation transform. The 3D mo dels with the corresp onding

deformation are syn thesized. The M syn thesized mo dels are com bined to construct

a user-sp eci�c deformable mo del, whic h is �tted to the giv en test scan.

5.1 Hierarc hical F acial Surface Sampling

Human faces share a common geometric top ology , whic h can b e represen ted b y the

craniofacial (�ducial) landmarks de�ned in An throp ometry [64]. T o mo del the ex-

pressions across the p opulation, w e use a �ducial set of 9 landmarks (i.e., t w o inner

ey e corners, t w o outside ey e corners, t w o mouth corners, nasion, nose tip, and sub-

nasal) as constrain ts and the �rst la y er in the hierarc hical sc heme, see Fig. 5.3(a).

T o learn the 3D surface deformation, the corresp ondences b et w een the landmarks

need to b e established [139 , 127]. F or those facial regions that ha v e little texture but

are imp ortan t for expression mo deling, suc h as the c heeks, w e extract landmarks b y

sampling the facial surface hierarc hically based on geo desics, whic h ha v e b een demon-
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strated to b e insensitiv e across facial expressions [38]. The second la y er of landmarks

is established based on the �rst la y er. The geo desic distance and the corresp onding

path b et w een t w o �ducial landmarks (e.g., from one ey e corner to one mouth corner)

on the facial surface are computed based on the fast marc hing algorithm [91 ]. The

deriv ed paths enco de the facial surface mo v emen t of di�eren t expressions as sho wn

in Fig. 5.4. W e divide eac h path in to L segmen ts with equal geo desic length. These

p oin ts are then used as the newly extracted landmarks. Fig. 5.3(b) giv es an example.

(a) (b) (c) (d)

Figure 5.3: Hierarc hical surface sampling. (a) First la y er (�ducial set); (b) second

la y er; (c) third la y er; (d) �nal landmark set.

(a) (b) (c) (d)

Figure 5.4: Geo desic paths (y ello w) across di�eren t expressions. (a,b) A neutral scan

sho wn in t w o di�eren t views. (c,d) A scan of a happ y expression from the same

sub ject in the same t w o views.
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The third la y er of landmarks is constructed based on the extracted landmarks

obtained in the second la y er b y computing the geo desic paths b et w een landmarks in

the second la y er and sampling the paths with equal geo desic length; see Fig. 5.3(c).

This hierarc hical sampling sc heme can b e further conducted automatically to obtain

higher resolution represen tations, based on whic h the corresp ondence across b oth

sub jects and expressions can b e established. Our exp erimen ts sho w that three la y ers

pro vide a reasonable appro ximation for expression mo deling.

The resulting landmark set includes �ducial landmarks (9 p oin ts), �rst la y er land-

marks (34 p oin ts), second la y er landmarks (40 p oin ts), along with the c hin p oin t

(1 p oin t) and mouth con tour (10 p oin ts). The c hin p oin t and mouth con tour are

curren tly man ually iden ti�ed; they are not in v olv ed in the geo desic-based sampling

sc heme but imp ortan t for expression mo deling. In total, there are 94 landmarks as

sho wn in Fig. 5.3(d).

5.2 Deformation T ransfer and Syn thesis

The deformation is learned from a con trol group of M sub jects, who pro vide b oth

neutral and non-neutral expression scans. The learned deformation is transferred to

a 3D neutral mo del in the gallery for syn thesis, according to the follo wing pro cedure,

whic h is illustrated in Fig. 5.5.

(1) Register the non-neutral scan with the neutral scan to estimate the displace-

men t v ector of landmarks due to the expression c hange.

(2) Establish a mapping � from the landmark set ( LS

ne

) of the neutral scan to

132



that ( LM

ne

) of the 3D neutral mo del;

(3) Use the mapping � to transfer the landmarks ( LS

sm

) in the non-neutral scan

to the 3D neutral mo del as LS

0

sm

.

(4) Establish a mapping  from the landmarks ( LM

ne

) of the 3D neutral mo del

to LS

0

sm

.

(5) Apply  to other v ertices in the 3D neutral mo del to mo v e them to the new

p ositions caused b y the expression.

Figure 5.5: Deformation transfer and syn thesis. (a) Landmark set ( LS

ne

) of the

neutral scan in the con trol group. (b) Landmark set ( LS

sm

) of the scan with non-

neutral expression in the con trol group. (c) Rigid alignmen t b et w een (a) and (b)

using the nose region that is in v arian t to expression c hanges; and the deformation

�eld of the landmarks from (a) to (b) after rigid alignmen t. (d) Landmark set ( LM

ne

)

of the 3D neutral mo del (f ) in the gallery . (e) Landmark set ( LS

0

sm

) after deformation

transfer. (g) 3D non-neutral mo del after applying deformation transfer and syn thesis

on (f ). (h) and (i) sho w pro�le views of the mo del in (f ) and (g), resp ectiv ely .

W e use TPS as the mapping and in terp olation to ol for deformation transfer and
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syn thesis.

5.2.1 Thin-Plate-Spline

TPS [36 , 60 ] represen ts a natural parametric generalization from rigid to mild non-

rigid deformations and is used to estimate the deformation F for t w o sets of p oin ts

( U; V ). The thin plate spline algorithm sp eci�es the mapping of p oin ts for a reference

set to the corresp onding p oin ts in a target set. Let g

0

and g

1

denote t w o surfaces. A

w arping of g

0

to g

1

is de�ned as the function F suc h that

F ( g

0

) = g

1

: (5.1)

The function F is called the w arping function, whic h tak es g

0

to g

1

. Giv en a pair

of p oin t patterns with kno wn corresp ondences (landmarks) on t w o surfaces, U =

( u

1

; u

2

; � � � ; u

m

)

T

and V = ( v

1

; v

2

; � � � ; v

m

)

T

, where U � g

0

and V � g

1

, w e need to

establish corresp ondences b et w een other surface p oin ts; u

k

and v

k

denote the ( x; y ; z )

co ordinates of the k -th corresp onding pair and m is the total n um b er of corresp onding

p oin ts. A w arping function, F , that w arps U to V sub ject to p erfect alignmen t is

giv en b y the conditions

F ( u

j

) = v

j

; (5.2)

for j = 1 ; 2 ; � � � ; m . The in terp olation deformation mo del is giv en in terms of the

w arping function F ( u ), with

F ( u ) = c + A � u + W

T

s ( u ) ; (5.3)
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where u 2 g

0

; c , A and W are TPS parameters; s ( u ) = ( � ( u � u

1

) ; � ( u � u

2

) ; � � � ; � ( u �

u

m

))

T

and � ( r ) = j r j . An analytical solution of F can b e obtained for 3D p oin ts [36,

60]. In our application, the set U and V corresp ond to 94 landmarks on a neutral

scan and a non-neutral scan or a 3D neutral mo del, resp ectiv ely .

5.2.2 Deformation T ransfer

The deformation transfer problem is de�ned as follo ws: giv en a pair of source surfaces

represen ted b y meshes (in the con trol group), S and S

0

, and a target mesh T (in the

gallery), generate a new mesh T

0

suc h that the relationship b et w een T and T

0

is

similar to the relationship b et w een S and S

0

. Our deformation transfer is based on

the extracted landmarks. Figure 5.5(a) sho ws the landmark set on the pair of face

scans in the con trol group. The same set of landmarks are extracted on the 3D neutral

mo del for deformation transfer (see Fig. 5.5(d)).

In order to separate non-rigid facial expressions from rigid head motion, a rigid

transformation (translation and rotation), is applied to align the neutral scan and

the non-neutral scan in the con trol group based on those landmarks that are insen-

sitiv e to expression c hanges, suc h as ey e corners and nose tip. This normalizes the

facial (geometry) p osition (see Fig. 5.5(c)). After the rigid alignmen t of neutral and

non-neutral scans, the estimated displacemen t v ectors need to b e transferred to the

3D neutral mo del in the gallery . Since facial geometry and asp ect ratios are di�er-

en t b et w een the scans in the con trol group and the 3D mo dels in the gallery , source

displacemen ts cannot b e simply transferred without adjusting the direction and mag-
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nitude of eac h motion v ector. W e establish a TPS mapping from the landmark set of

the neutral scan in the con trol group to that in the 3D neutral mo del in the gallery .

Since the TPS mapping con tains the a�ne comp onen t and the distortion comp onen t,

b oth the scale and orien tation of the motion v ectors are also adjusted. The land-

marks for the non-neutral scans are mapp ed on to the corresp onding p ositions in the

co ordinate system of the 3D neutral mo del b y applying the estimated TPS mapping.

5.2.3 Deformation Syn thesis

(a) (b) (c)

Figure 5.6: Deformation syn thesis. (a) 3D neutral mo del with landmarks. The dots

are the landmarks in corresp ondence to those in the con trol group (see Fig. 5.5(a)).

The star p oin ts are used for b oundary constrain ts. (b) Syn thesis result without �xed-

p oin t b oundary constrain t. (c) Syn thesis result with �xed-p oin t b oundary constrain ts.

Deformation transfer establishes the new p ositions of the landmarks in the 3D

neutral mo del. A TPS mapping is computed from the landmarks in the 3D neutral

mo del to their deformed p ositions. The resulting mapping is used to in terp olate the

p ositions of surface p oin ts in-b et w een the landmarks. F or the v ertices in-b et w een the

con v ex h ull spanned b y the landmarks, the in terp olation can b e done b y TPS map-

ping. Ho w ev er, for those v ertices that lie outside this con v ex h ull, an extrap olation
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has to b e p erformed, leading to distortions, suc h as sho wn in Fig. 5.6(c). Therefore,

w e add a few additional landmarks (sho wn as `*' in Fig. 5.6(a)), whic h sp ecify the

b oundary constrain ts. These landmarks are mapp ed to themselv es. By computing the

TPS mapping based on this augmen ted landmark set (dots plus stars in Fig. 5.6(a)),

the in terp olation can generate a b etter syn thesis result as sho wn in Fig. 5.6(c).

5.2.4 Syn thesizing Op en Mouth

A n um b er of facial expressions in v olv e op en mouth, but the templates (3D mo del

or 2.5D scan) with neutral expression usually do not con tain an y data inside the

mouth. In order to mo del the op en mouth according to expression c hanges, w e add

�v e landmarks to partition the mouth (lab eled as `+' in Fig. 5.7), so that the upp er

and lo w er lips can mo v e indep enden tly .

(a) (b) (c) (d)

Figure 5.7: Expression transfer and syn thesis with mouth op en. (a) Landmark set

for the neutral scan in the con trol group. (b) Landmark set for the scan with non-

neutral expression in the con trol group. (c) Landmark set for a 3D neutral mo del in

the gallery; p oin ts mark ed as `+' are included to partition the mouth so that the upp er

and lo w er lips can mo v e indep enden tly . (d) 3D non-neutral mo del with syn thesized

expression transferred from the pair (a,b) to (c).
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5.3 Deformable Mo del Construction

While a c hange in facial expression is a con tin uous pro cess, a syn thesized template

(non-neutral mo del) captures only a sp eci�c instance of the expression. F urther, since

eac h single syn thesized non-neutral mo del is obtained b y transferring the deformation

from one mem b er in the con trol group to the neutral gallery mo del, it is not lik ely

to b e the true expression of the gallery mo del. Therefore, w e learn the expression

deformation from all the M mem b ers in the con trol group. This leads to a user-

sp eci�c deformable mo del that is a linear com bination of non-neutral mo dels, eac h

obtained as a result of deformation transfer from one mem b er of the con trol group to

the neutral mo del.

Let S represen t a face surface mo del: S = ( x

1

; y

1

; z

1

; � � � ; x

n

; y

n

; z

n

)

T

, where

( x

k

; y

k

; z

k

) is the lo cation of the k

th

surface v ertex, k = 1 ; 2 ; � � � ; n , and n is the

total n um b er of v ertices. F or eac h sub ject, let S

ne

denote the neutral mo del and S

i

( i = 1 ; 2 ; � � � ; M ) denote the deformed mo del generated b y the i

th

mem b er in the

con trol group. W e assume that all S

i

's corresp ond to the same t yp e of expression

syn thesized from S

ne

. Notice that since all S

i

's are syn thesized from S

ne

, the cor-

resp ondence b et w een them is automatically established. By com bining all the M

syn thesized mo dels, w e construct the deformable mo del for this sub ject as

S = S

ne

+

M

X

i =1

�

i

� ( S

i

� S

ne

) ; (5.4)

where M is the total n um b er of syn thesized templates from S

ne

and �

i

's are the mixing
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w eigh ts. The deformable mo del consists of t w o comp onen ts; the �rst comp onen t is the

sub ject's neutral mo del S

ne

and the second is the v ariation comp onen t represen ting

the c hange in facial surface due to expression. In other w ords, while S

ne

con trols the

sub ject's iden tit y , the v ariation comp onen t do es deformation adaptation b y adjusting

the w eigh ts �

i

. As the n um b er of sub jects, M , in the con trol group increases, the

n um b er of w eigh ts ( �

i

) also increases, leading to a more complex �tting problem in a

high dimensional parameter space. The principal comp onen t analysis can b e applied

to reform ulate the deformable mo del and reduce the complexit y b y k eeping only the

principal mo des [33 ].

5.3.1 Expression-sp eci�c vs. Expression-generic Mo dels

F or eac h sub ject, w e construct one deformable mo del for eac h t yp e of expression of

in terest. So, if the con trol group con tains P di�eren t non-neutral expressions, w e

learn P expression-sp eci�c deformable mo dels. These expression-sp eci�c mo dels can

also b e in tegrated in to a single expression-generic deformable mo del b y adding new

linear v ariation comp onen ts in Eq. 5.4. But this approac h substan tially increases

the complexit y of the mo del as the n um b er of expression t yp es increases, leading

to di�culties in the subsequen t mo del �tting. Exp erimen tal results sho w that the

expression-generic deformable mo del based sc heme giv es lo w er matc hing accuracy

than the expression-sp eci�c mo del based sc heme (see Section 5.5 for details).
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5.4 Deformable Mo del Fitting

Tw o t yp es of transformations are applied to a 3D deformable mo del, when it is

matc hed to a giv en test scan with a claimed iden tit y . The �rst one is the rigid

transformation due to the head p ose c hanges, whic h can b e represen ted b y a rotation

matrix and a translation v ector. The second one is the non-rigid deformation, whic h

can b e mo deled b y the w eigh ts �

i

in Eq. 5.4. Fitting the deformable mo del to a giv en

test scan is form ulated as an optimization problem to minimize the cost function

E ( �

i

; � � � ; �

M

; R ; T ) = k S � � ( S

t

j R ; T ) k

2

= k S

ne

+

M

X

i =1

�

i

� ( S

i

� S

ne

) � � ( S

t

j R ; T ) k

2

;

(5.5)

where R and T are the rotation matrix and translation v ector, resp ectiv ely; S is the

3D deformable mo del, S

t

denotes the test scan, and � ( S

t

j R ; T ) represen ts applying the

transformations of ( R , T ) to S

t

. T o reduce the computation cost in the optimization

pro cess, w e subsample the test scan surface in to a n um b er of con trol p oin ts that are

used for the alignmen t and cost function ev aluation [115 ], see b elo w.

W e factorize the rigid and nonrigid comp onen ts and use an alternating optimiza-

tion sc heme to solv e for them:

1. Initialize the deformable mo del parameters to generate a 3D mo del; estimate

a coarse alignmen t b et w een the mo del and the test scan using three anc hor p oin ts.

See Chapter 3 for an automatic anc hor p oin t extraction algorithm.

2. The iterativ e closest p oin t (ICP) algorithm is utilized to solv e for the rotation

and translation parameters ( R , T ) [30 ] to ac hiev e p ose normalization, while �xing �

i

's.
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3. Giv en R and T obtained in step 2, minimize the cost function E b y solving for

�

i

's.

4. Use the �

i

's computed in step 3 to generate a new instance of the 3D mo del;

rep eat steps 2 to 4 un til the con v ergence is reac hed.

In step 3, the optimization can b e ac hiev ed b y a gradien t-based iterativ e approac h,

suc h as the BF GS quasi-Newton metho d [70 ]. But, b ecause the cost function is

ev aluated based on the con trol p oin ts in the test scan and their closest coun terparts

in the deformable mo del, and the closest coun terparts ma y c hange due to adjustmen t

of �

i

s, the optimization problem is highly non-linear. Multiple iterations of cost

function ev aluation are computationally exp ensiv e due to the large n um b er of closest

p oin t searc hes. Ho w ev er, as an appro ximation, b y �xing the corresp ondence, the �

i

s

can b e obtained in a non-iter ative w a y b y solving a linear least square problem as

�

opt

= (

~

S

T

~

S )

� 1

(

~

S

T

( S

t

� S

ne

)) ; (5.6)

where

~

S is the matrix [( S

1

� S

ne

) ; ( S

2

� S

ne

) ; :::; ( S

M

� S

ne

)]. Exp erimen tal results

sho w that this simpli�cation signi�can tly reduces the computational cost while pro-

viding comp etitiv e accuracy compared to the iterativ e BF GS optimization algorithm.

Moreo v er, this linear non-iterativ e optimization is m uc h more e�cien t than iterativ e

gradien t-based algorithms as the n um b er of parameters ( �

i

s) increases. After the �t-

ting pro cess, the ro ot-mean-square distance calculated b y the ICP algorithm is used

as the matc hing distance. A mo del �tting example is pro vided in Fig. 5.8. In the

expression-sp eci�c mo del based sc heme, for eac h sub ject, w e matc h all its deformable
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mo dels, one p er expression, to a giv en test scan. The minim um of all the obtained

matc hing distances is used as the �nal matc hing distance.

Figure 5.8: Deformable mo del �tting. (a) T est scan. (b) 3D neutral mo del. (c)

Deformed mo del after �tting to (a). Registration results of (a) to mo dels (b) and (c)

are giv en in (d), (e), resp ectiv ely (the test scan (y ello w wire-frame) is o v erlaid on the

3D mo del); the matc hing distances are 2 : 7 and 1 : 3, resp ectiv ely .

5.5 Exp erimen ts and Discussion

W e ev aluate the prop osed sc heme on three databases (MSU-I I, MSU-I, and FR GC

V er2.0 database) in the iden ti�cation mo de, i.e., b y matc hing a test scan to all the

gallery mo dels. The prop osed deformable mo del sc heme is compared with rigid-

only (ICP [29 ]) based matc hing sc heme. The ICP-based baseline algorithm has b een

demonstrated to p erform b etter than the PCA-based baseline metho d [44 ] for 3D

facial surface matc hing. Both expression-sp eci�c and expression-generic deformable
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T able 5.2: Iden ti�cation accuracy of 10-fold cross-v alidation in exp erimen t I.

Mean Std

Without deformation mo deling 91% 3%

With deformation mo deling; expression sp eci�c 96% 2%

With deformation mo deling; expression generic 95% 3%

mo del based sc hemes are ev aluated. The expression-generic deformable mo del is

constructed b y including all 7 expressions collected in the MSU-I I database, whic h

are smile, happ y , surprise, angry , in
ated, de
ated, and neutral (see Fig. 1.14 for

examples).

5.5.1 Exp erimen t I

Exp erimen t I uses the MSU-I I database, whic h con tains range images of 10 sub jects

at 3 di�eren t p oses (see Section 1.5.2 for details). Fiv e sub jects are randomly c hosen

as the con trol group and the remaining 5 sub jects are used as the gallery . There are

105 (5 � 7 � 3) test scans in total. F or the sub jects in the con trol group, only fron tal

scans are used for deformation mo deling. T o eliminate anc hor p oin t extraction errors

when ev aluating the deformation mo deling sc heme, w e use three man ually lab eled

anc hor p oin ts (t w o ey e corners and the nose tip) from a giv en test scan for initial

coarse alignmen t in the mo del �tting pro cess (see Step 1 in Sec. 5.4). The recognition

accuracy based on 10-fold cross v alidation is pro vided in T able 5.5.1.
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5.5.2 Exp erimen t I I

The con trol group is comp osed of the 10 sub jects in the MSU-I I database (only fron tal

scans are used). Another 90 sub jects in the MSU-I database that are not in the MSU-

I I database formed the gallery . There are a total of 90 3D mo dels stored in the gallery

and 533 indep enden t 2.5D scans for testing. The represen tativ e test scans are sho wn

in Fig. 5.9. T o initialize a coarse alignmen t b et w een a test scan and a gallery template

(see Step 1 in Sec. 5.4), three anc hor p oin ts (t w o ey e corners and the nose tip) are

automatically extracted from a test scan (see Chapter 3). The matc hing pro cess is

fully automatic .

Figure 5.9: T est scan examples in exp erimen t I I.

The CMC curv es are pro vided in Fig. 5.10. Based on all the computed matc hing

distances, the R OC curv es are generated, whic h are giv en in Fig. 5.11.
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Figure 5.10: CMC curv es of exp erimen t I I.

5.5.3 Exp erimen t I I I

FR GC V er2.0 [135 ] is a large public domain face database, whic h con tains (near)

fron tal 2.5D facial scans. Although no 3D mo dels are a v ailable for sub jects in this

database, the prop osed deformation mo deling and matc hing sc heme is still applicable

b y replacing a 3D full-view mo del in the gallery with a 2.5D fron tal neutral scan. In

addition to the neutral expression, sub jects pro vided scans with sev eral non-neutral

expressions, suc h as smiling (happiness), fro wn, astonishing (surprise), disgust, sad,

and pu�y c heeks. In our exp erimen ts, all the scans are do wnsampled to 320 � 240.

Due to the computational cost of mo del �tting, the �rst 100 sub jects are selected

from the FR GC V er2.0 database. F or eac h sub ject, the scan with neutral expression

and the earliest time stamp is used as the template to construct the gallery . The

remaining scans with v arious expressions are c hosen as test scans. In total, there

are 100 2.5D gallery templates and 877 indep enden t 2.5D scans for testing. Repre-
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Figure 5.11: R OC curv es of exp erimen t I I.

sen tativ e scans are pro vided in Fig. 1.17. The 10 sub jects in the MSU-I I database

formed the con trol group (only fron tal scans are used). The expression deformations

are learned and transferred from the con trol group to construct a deformable mo del

(a 2.5D deformable fron tal template) for eac h sub ject in the gallery . T o initialize a

coarse alignmen t b et w een a test scan and a gallery template (see Step 1 in Sec. 5.4),

three anc hor p oin ts (t w o ey e corners and the nose tip) are automatically extracted

from a test scan (see Chapter 3). The matc hing pro cess is fully automatic .

The CMC curv es from our matc hing algorithm are pro vided in Fig. 5.12. Based on

all the computed matc hing distances, the R OC curv es are generated, whic h are giv en

in Fig. 5.13. Fig. 5.14 sho ws some of the test scans that are incorrectly matc hed using

rigid transformation (ICP) but correctly matc hed b y using the prop osed deformation

mo deling sc heme.
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Figure 5.12: CMC curv es of exp erimen t I I I.

5.5.4 Discussion

These exp erimen tal results demonstrate that the prop osed deformation mo deling

sc heme impro v es the matc hing accuracy in the presence of expression v ariations along

with large p ose c hanges. Fig. 5.15 sho ws examples where the prop osed sc heme fails

to �nd the correct matc hes in exp erimen t I I I on the FR GC database. One of the

reasons for the matc hing errors is that the curren t �tting (optimization) pro cess is

still sub ject to lo cal minim um. In addition, since our con trol group con tains only 10

sub jects, w e are not able to fully learn the deformation that is generalizable across a

large p opulation.

The a v erage CPU time (P en tium4 2.8GHz) of mo del �tting for a pair of test scan

and a mo del is 5 seconds implemen ted in Matlab r .
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Figure 5.13: R OC curv es of exp erimen t I I I.

5.6 Summary

W e ha v e prop osed a fully automatic framew ork for robust 3D face matc hing in the

presence of nonrigid deformation (due to expression c hanges) and large p ose c hanges

sim ultaneously in the test scan. A hierarc hical surface resampling sc heme with con-

strain ts of �ducial landmarks is dev elop ed to obtain a represen tation for analyzing 3D

facial surfaces across expression and p ose. This hierarc hical represen tation pro vides

the 
exibilit y to con trol the resolution of the deriv ed mo del. Landmarks in facial

surfaces in regions with little texture are automatically extracted using the geo desic-

based approac h. 3D deformation learned from a small con trol group is transferred

to the 3D mo dels with neutral expression in the gallery . The corresp onding defor-

mation is syn thesized in the 3D neutral mo del to generate a deformed template. A

user-sp eci�c deformable mo del is built b y com bining the deformed templates from
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Figure 5.14: Examples of test scans (top ro w) in exp erimen t I I I on the FR GC database

that are incorrectly iden ti�ed with rigid transformation (ICP) but correctly iden ti�ed

with deformation mo deling. Middle ro w: corresp onding gen uine 2.5D neutral tem-

plates; b ottom ro w: corresp onding gen uine deformed templates after mo del �tting.

eac h mem b er in the con trol group. Tw o t yp es of deformable mo dels ha v e b een built,

expression-sp eci�c and expression generic. The matc hing is p erformed b y �tting the

deformable mo del to a giv en test scan, whic h is form ulated as a minimization of a cost

function. Exp erimen tal results demonstrate the capabilities of the prop osed sc heme

to learn and syn thesize the deformation on new face mo dels and to mak e the 3D face

surface matc hing system more robust across expression and p ose.

Landmark lab eling is needed in deformation mo deling. Curren tly , �ducial land-

mark lab eling is done man ually . Although this is conducted in the o�ine training
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Figure 5.15: Examples of incorrect matc hes in exp erimen t I I I on the FR GC database.

T op ro w: test scans; middle ro w: corresp onding b est matc hed templates after mo del

�tting; b ottom ro w: corresp onding gen uine templates after mo deling �tting.

stage, it w ould b e more con v enien t to mak e it a fully automatic pro cess in man y

applications. Reducing the computational cost is also b eing pursued.

The prop osed deformation mo deling sc heme in tegrates the priors of the deforma-

tion (expression c hanges) in to the 3D mo del. The capabilit y of handling deformations

is enhanced for eac h gallery mo del. W e also explored another direction, analyzing

the deformation from the classi�cation p ersp ectiv e, esp ecially for the face (iden tit y)

matc hing purp ose. In general, there are t w o sources of deformation. One is the de-

formation caused b y the expression of the same sub ject. The other is the surface
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shap e di�erence b et w een di�eren t sub jects. T o resolv e the am biguit y in face (iden-

tit y) matc hing in tro duced b y measuring 3D shap e di�erence (deformation) alone, w e

prop ose to explicitly estimate and discriminate the shap e deformation in to t w o classes

for the iden tit y matc hing purp ose, namely , intr a-subje ct deformation and inter-subje ct

deformation .

The prop osed matc hing framew ork captures b oth rigid and non-rigid deformation,

and explicitly classi�es the non-rigid deformation in to in tra-sub ject or in ter-sub ject

category . The ICP is applied to ac hiev e the rigid registration. The non-rigid registra-

tion is p erformed b y the thin plate spline mo del, whic h generates the displacemen t

v ector �eld as the deformation represen tation. The displacemen t v ector �eld is used

as the feature represen tation, whic h is fed in to the deformation classi�er. The de-

formation classi�cation results are in tegrated with the matc hing distances obtained

from rigid and non-rigid registration for the �nal matc h. Preliminary results sho w

that this sc heme impro v es the matc hing accuracy [107].
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Chapter 6

Conclusions and F uture Directions

Fig. 6.1 illustrates the thesis structure asso ciated with the ma jor comp onen ts of the

prop osed 3D face matc hing system. Related publications are Chapter 3 [113 , 112, 109 ,

103 , 88 ], Chapter 4 [105 , 104 , 108, 115 , 106, 116 , 111 ], and Chapter 5 [110, 107 , 114].

Figure 6.1: Thesis structure and the prop osed 3D face matc hing system.
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6.1 Conclusions

The p erformance of face recognition systems that use t w o-dimensional (2D) images

is dep enden t on consisten t conditions suc h as p ose, ligh ting, and facial expression. A

fully automatic m ulti-view face recognition system has b een dev elop ed to b e more

robust to those v ariations, esp ecially large p ose and expression v ariations. Ma jor

con tributions include feature extraction, m ultimo dal in tegration, and deformation

analysis.

6.1.1 F eature Extraction

� An automatic feature extraction sc heme has b een dev elop ed to lo cate facial

feature p oin ts from facial scans captured under large viewp oin t c hanges., leading

to a fully automatic 3D face matc hing system.

� A simple but e�ectiv e approac h has b een presen ted to extract facial area from

the bac kground in a face scan.

� A feature extractor based on the directional maxim um is prop osed to estimate

the nose tip lo cation and the head p ose angle sim ultaneously . A nose pro�le

mo del represen ted b y subspaces is used to select the b est candidates for the

nose tip.

� Assisted b y a statistical feature lo cation mo del, a m ultimo dal sc heme com bining

b oth 3D (range) and 2D (in tensit y) information in m ultiview facial scans has

b een presen ted to extract ey e and mouth corners.
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� With the estimated p ose, the system automatically rejects the feature p oin ts

that are not v alid due to self-o cclusion.

� Ev aluated on b oth self-collected and publicly a v ailable databases, our face recog-

nition system based on automatic feature extractor ac hiev es an iden ti�cation

accuracy close to the system with man ually lab eled feature p oin ts.

6.1.2 Multimo dal In tegration

W e ha v e designed a 3D face matc hing sc heme that matc hes 2.5D scans of faces with

di�eren t p ose and expression v ariations to a database of 3D/2.5D face templates.

Both shap e and in tensit y information of facial scans are emplo y ed. W e ha v e dev elop ed

a com bination sc heme, whic h in tegrates surface (shap e) matc hing and a constrained

app earance-based metho d for face matc hing, that complemen t eac h other.

� The surface matc hing is ac hiev ed b y a h ybrid ICP sc heme.

� The subsequen t app earance-based iden ti�cation comp onen t is constrained to

a small candidate list generated b y the surface matc hing comp onen t, whic h

reduces the classi�cation complexit y . The registered 3D template (after p ose

normalization is ac hiev ed in the surface matc hing stage) to the test scan is

utilized to syn thesize training samples with facial app earance v ariations, whic h

are used for discriminan t subspace analysis.

� The matc hing distances obtained b y the t w o matc hing comp onen ts are com bined

using the w eigh ted sum rule to mak e the �nal decision.
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� A hierarc hical matc hing framew ork has b een designed to further impro v e the

system p erformance in b oth accuracy and e�ciency .

6.1.3 Deformation Analysis

One ma jor di�cult y encoun tered in curren t 3D face matc hing systems is the presence

of the non-rigid deformation in the test scans, whic h is mainly caused b y expressions.

F acial expressions c hange con tin uously and do not ha v e a w ell-de�ned description

using a quan titativ e represen tation for categorization. W e ha v e prop osed a deforma-

tion mo deling sc heme that is able to handle expressions and large head p ose c hanges

sim ultaneously .

� W e designed a hierarc hical geo desic-based resampling sc heme constrained b y

�ducial landmarks to deriv e a facial surface represen tation for establishing cor-

resp ondence across expressions and sub jects.

� Based on the dev elop ed represen tation, w e extracted and mo deled three-

dimensional non-rigid facial deformations suc h as expression c hanges for ex-

pression transfer and syn thesis using thin-plate-spline mo dels as the mapping

and in terp olation to ol.

� F or 3D face matc hing purp oses, w e built a user-sp eci�c 3D deformable mo del

driv en b y facial expressions. An alternating optimization sc heme w as applied to

�t the deformable mo del to a test facial scan, resulting in a matc hing distance.

� Computational cost is sa v ed b y reducing a highly non-linear optimization prob-
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lem in to a linear one that can b e solv ed with a non-iterativ e approac h instead

of traditional gradien t-based iterativ e metho ds.

� Exp erimen tal results demonstrate the prop osed expression mo deling sc heme

impro v es the 3D face matc hing accuracy .

� F or face matc hing purp oses, the non-rigid deformations from t w o di�eren t

sources are discriminated, namely , in tra-sub ject deformation vs. in ter-sub ject

deformation. The deformation classi�cation results are in tegrated with the reg-

istration distances for making the �nal matc hing decision.

6.2 F uture Directions

� Robust and e�cien t feature extraction. The prop osed feature extraction

algorithm is designed to estimate the nose tip and head p ose c hange b y angle

space quan tization. The computational cost to handle the en tire 3D space is

exp ensiv e using exhaustiv e searc h. Therefore, a more e�cien t searc h sc heme

is b eing pursued. Moreo v er, a more accurate feature p oin t lo cator should b e

dev elop ed to reduce the lo calization errors, esp ecially in the presence of large

p ose and expression v ariations.

� F eature selection and reject option. In practical applications, a reject

option is useful for making the system generate few er incorrect decisions. F or

example, feature scores asso ciated with eac h extracted feature p oin t can b e used

as con�dence measures to robustly select the most reliable p oin ts for registration
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or design a reject option if an insu�cien t n um b er of feature p oin ts are extracted.

� Automatic landmark lab eling. Landmark lab eling is needed in deformation

mo deling. Curren tly , �ducial landmark lab eling is done man ually . Although this

is conducted in the o�ine training stage, it w ould b e more desirable to mak e

it a fully automatic pro cess in man y applications. Reducing the computational

cost is also a ma jor researc h topic.

� Expression in v arian t represen tation. Finding an in trinsic represen tation

that is in v arian t to the expression c hanges is desirable. The facial skin elasticit y

mak es more di�cult to �nd suc h in v ariance. In principle, this sc heme should

b e able to handle an y deformation presen t in h uman faces.

With adv ances in 3D imaging tec hnologies, 3D face recognition holds promise to

mak e facial recognition systems more robust in practice. 3D face recognition is an

exciting and c hallenging researc h topic.
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