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Abstract

Despite the signi�c ant e�ort devote d to metho ds for expr ession r e c o gnition, suitable

tr aining and test datab ases designe d explicitly for expr ession r ese ar ch have b e en lar gely

ne gle cte d. A dditional ly, p ossible te chniques for expr ession r e c o gnition within an Man-

Machine-Interfac e (MMI) domain ar e numer ous, but it r emains uncle ar what meth-

o ds ar e most e�e ctive for expr ession r e c o gnition. In r esp onse, this thesis describ es the

me ans by which an appr opriate expr ession datab ase has b e en gener ate d and then enu-

mer ates the r esults of �ve di�er ent r e c o gnition metho ds as applie d to that datab ase.

A n analysis of the r esults of these exp eriments is given, and c onclusions for futur e

r ese ar ch b ase d up on these r esults is put forth.

Thesis Sup ervisor: T omaso P oggio

Title: Eugene McDermott Professor in the Brain Sciences, CBCL
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Chapter 1

In tro duction

Man-Mac hine In terfaces (MMI) seek to eliminate the alienation users frequen tly ex-

p erience when in teracting with automated devices. T o accomplish this, MMIs utilize

information regarding the state of the clien t to go v ern the course of the in teraction.

This information ma y tak e to the form of ph ysical cues, v erbal cues, and information

recorded during previous in teractions with the user. As MMIs approac h con v ersa-

tional lev els on par with t ypical h uman-h uman in teractions, ho w ev er, it will b e nec-

essary that they also incorp orate emotional cues in to their rep ertoire. In particular,

just as h umans direct the course of a con v ersation via emotional cues, so will it b e

necessary for MMIs to recognize these cues during their o wn in teractions with the

user [1].

While emotional cues are expressed in a v ariet y of forms (b o dy temp erature, blo o d

acidit y , breath rate), they are most frequen tly and most readily recognized via facial

expressions. Pro viding MMIs with the abilit y to correlate facial expressions with

emotional states w ould �rst require that a system b e trained to readily ac kno wledge

facial expressions at least as successfully as h umans do. Only when these primitiv e

recognitions are a v ailable will higher-lev el pro cessing b e p ossible.
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1.1 Aims of Researc h

This thesis addresses the c hallenge p osed b y expression recognition in an MMI domain

b y �rst creating a database of images whic h ma y b e used to train an MMI to recognize

facial expressions. Then, building up on existing facial recognition tec hniques, this

thesis in v estigates v arious approac hes to facial expression recognition and ascertains

the relativ e e�cacy of eac h metho d. Ultimately , this researc h will pro vide a framew ork

to direct future e�orts using these tec hniques.

1.2 Thesis Organization

This thesis b egins b y describing the rationale for the creation and structure of the

expression database utilized in this researc h. This includes a description of the pro-

cessing metho ds in v olv ed in generating appropriate images. Subsequen tly , a discus-

sion of the v arious metho ds utilized for facial extraction from the database are giv en.

A description of eac h of the �v e expression recognition algorithms to b e compared

follo ws, after whic h the exp erimen tal results for eac h of the metho ds are describ ed.

The thesis concludes with a discussion of the relativ e success rates of eac h of the

metho ds and recommendations for their impro v emen t.
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Chapter 2

Database Creation and Description

In [12], generating a comprehensiv e and lab eled training database of expressions has

b een stated as one of the main c hallenges p osed b efore automatic facial expression

recognition. Because of the lac k of appropriate databases, researc hers in expression

recognition frequen tly use databases dev elop ed for face recognition [14, 15] and p er-

son iden ti�cation [17]. Unfortunately , these databases usually do not con tain video

sequences and also lac k appropriate lab eling information for the expressions. A sec-

ond set of widely used expression databases stems from b eha vioral science [7]. These

databases often con tain sp eci�c facial m uscle con tractions but lac k natural expres-

sions. In an y of the expression databases ev aluated for use as a training set, it w as

eviden t that at least one of the follo wing de�ciencies w as presen t:

� P o or image qualit y

� T o o few expression samples w ere pro vided for eac h class

� The database did not include video sequences

� The database did not include natural expressions

� The lab eling sc hema used w as insu�cien t

These considerations prompted the construction of a database suitable for expres-

sion recognition researc h whic h sp eci�cally addressed the issues listed ab o v e.
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2.1 Existing Expression Databases

T able 2.1 compares some of the most commonly used facial expression databases

with the database generated for this thesis.

1

Because of their wide-usage, t w o of these

databases will b e discussed in more detail: the Cohn-Kanade database, as an example

of a F A CS-based database and the Human Identi�c ation at Distanc e database (HID)

as an example for a database whic h w as dev elop ed for p erson iden ti�cation.

Name Images Sequences Sub jects Expressions Remarks

Thesis Database original and � 1400 12 pla y ed and natural

pro cessed R GB natural head mo v emen ts

HID [17] 9 m ug-shots 284 natural expr. often

p er sub j. R GB subtle or mixed

Cohn-Kanade [7] None 329 100 pla y ed F A CS co ded,

BW/R GB no head mo v emen t

CMU-PIE [15] � 40,000 includes some 68 pla y ed large v ariations

R GB talking clips in p ose and illum.

FERET [14] � 14,000 None 1009 pla y ed designed for

BW iden ti�cation

JAFFE [11] 213 None 10 pla y ed only Japanese

BW w omen

T able 2.1: Existing Expression Databases.

2.1.1 Cohn-Kanade Database

The Cohn-Kanade database can b e considered to da y's de-facto standard for com-

parativ e studies in facial expression analysis. The sub jects w ere instructed b y the

exp erimen ter to activ ate a sp eci�c action unit (A U) or com binations of A Us; the

recorded sequences w ere annotated using the F A CS. The length of the sequences

v aries b et w een 9 and 60 frames. Eac h of the sequences starts with the neutral expres-

sion and ends when the maxim um in tensit y of the p erformed A U is reac hed. Tw o

cameras recorded the face in fron tal and half pro�le view. F or no w, only the fron tal

views ha v e b een made a v ailable to the public.

1

Completeness is not claimed in this comparison - e.g. commercial databases ha v e not b een

considered at all.
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Using this database to train and test an expression recognizer for an MMI appli-

cation in v olv es a n um b er of dra wbac ks:

� No natural expressions

� No head motion

� The clips don't sho w the full expression o v er time

� Man y clips sho w expressions, or rather activities of A Us, whic h usually don't

o ccur in real life

2.1.2 HID Database

A relativ ely new database has b een recorded within the HID D ARP A pro ject [17].

This database w as designed to test algorithms for p erson iden ti�cation and for h uman

motion analysis. It includes ten m ug shots p er sub ject and video sequences of the

sub jects sp eaking and w alking. Of in terest for expression analysis are the video

clips whic h sho w the natural expressions of the sub jects while w atc hing a ten min ute

video. This video con tained scenes from v arious mo vies and television programs

in tended to elicit di�eren t emotions. Based on the judgmen t of the exp erimen ter,

facial expressions where cut in to �v e second clips and assigned one of the follo wing

elev en lab els: happiness, sadness, fear, disgust, anger, puzzlemen t, laugh ter, surprise,

b oredom, disb elief or blank stare.

A t the time of writing, no publicly a v ailable database whic h includes a fairly large

n um b er of annotated video clips of natural expressions has b een encoun tered b y the

author. In the future, databases of this kind migh t b e extremely helpful, p erhaps es-

sen tial, for ev aluation algorithms with resp ect to their real-w orld applicabilit y . Still,

this database b y itself is not su�cien t for training and ev aluating expression recogni-

tion systems for sev eral reasons:

� Most of the natural expressions are v ery subtle and far b ey ond what is curren tly

recognizable b y state-of-the-art systems
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� Some clips con tain mixtures of expressions (e.g. puzzlemen t whic h turns in to

surprise) whic h are not re
ected in the lab els

� There are rarely more than t w o clips p er sub ject and expression class.

2.2 Database Considerations

Sev eral considerations m ust b e made b efore creating an expression database. In

particular, automated facial expression recognition within an MMI setting p oses a

n um b er of problems that m ust b e addressed b y the database:

� (a) P ose in v ariance. Sligh t c hanges in the p ose of the face are usually handled b y

applying an alignmen t phase prior to extracting the features for classi�cation.

Aligning a face to a canonical view requires the computation of corresp ondences

b et w een a reference image and the image to b e aligned. The corresp ondences

can b e computed sparsely , i.e. b y matc hing or trac king a few facial features (see

e.g. [16]), or across large parts of the face (see e.g. [21]). This thesis mak es use

of an alignmen t algorithm whic h computes a dense corresp ondence map based

on optical 
o w �eld (see Figure 2-2).

� (b) Exploiting temp oral information. Imp ortan t temp oral con text information

is lost when single images are classi�ed indep enden tly [13]. This problem can

b e dealt with on v arious lev els of complexit y . F or example, the results of the in-

dep enden tly classi�ed images can b e merged to classify a whole image sequence.

A more sophisticated approac h is to mo del state transitions in expressions b y

Hidden Mark o v Mo dels (see e.g. [10]). This thesis p erforms eac h recognition

exp erimen t only on single images whic h w ere pro cessed (see Figure 2-2) from

their original temp oral sequence.

� (c) The generalization problem - classifying the expressions of a p erson who has

not b een part of the training set. The expressions b et w een p eople migh t v ary

due to di�erences in the shap e and texture of their faces and di�erences in the

12



w a y they p erform a facial expression. T exture dep endencies can b e remo v ed

b y using optical 
o w as input to the classi�er [3]. One metho d to remo v e the

shap e dep endency in v olv es p erforming the w arp to a syn thetic reference face

(see Section 3.1) [18].

� (d) Subtleness of natural expressions. Often, natural expression sho w a degree

of subtleness whic h is not presen t in databases of pla y ed expressions. This

thesis pro vides a preliminary in v estigation of the e�ect of training a system on

pla y ed expressions, and then testing on natural expressions. This mimics the

requiremen ts imp osed up on an MMI system trained in an arti�cial en vironmen t

and then deplo y ed in a real-w orld setting.

2.2.1 Lab eling Metho dology

The expression lab eling stratagem used in this thesis w as c hosen to address the par-

ticular asp ects of the MMI domain describ ed ab o v e. F or b oth pla y ed and natural

expressions lab els used include: neutral, happ y , surprise, fear, sadness, disgust, and

anger. Within the natural expressions, particular expressions w ere expanded dep end-

ing on the form they to ok. That is, happiness b ecame smile and laugh, and the

categories sho c k, puzzlemen t, dislik e w ere added. The suitabilit y of these expression

categories within an MMI application ma y v ary dep ending on the domain{additional

expressions suc h as anno y ed, confused or b ored ma y b e useful in some circumstances

and should b e considered in the creation of future databases.

2.3 Expression Recording Metho dology

The facial expression database w as sp eci�cally in tended as a training and test database

for expression recognition systems within an MMI setting. In this setting, the p erson

will b e close to the camera, either lo oking straigh t in to the camera or at an ob ject

close b y , e.g. a computer screen, or kiosk terminal. It is lik ely that head motion o c-

curs in and out of the image plane when the user naturally in teracts with a computer.
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Th us, the head motion of eac h of the sub jects in the database w as not constrained

during the recording of their expressions.

Rob ert Fisc her [5] p erformed the video capture using t w o digital video cameras.

Recordings w ere tak en from b oth fron tal and half-pro�le views (ab out 30

�

from cen-

ter) of eac h of the sub jects. The scene w as illuminated b y a ceiling ligh t and a

photographic lamp with a di�user, whic h w as placed b ehind the camera at a heigh t

of appro ximately 2 meters. T able 2.2 lists the sp eci�cations for the video-capture

equipmen t used.

Camera Son y DCR-VX2000

Video standard NTSC

Color format R GB

F rame rate 29.97 fps, non drop-frame

F rame size 720 � 480

T able 2.2: Sp eci�cations for Recording Apparatus.

2.3.1 Pla y ed and Natural Recordings

As men tioned previously , the database consists of t w o parts: pla y ed and natural

expressions. In the �rst part of their recording session, sub jects w ere ask ed to displa y

six basic emotions: happiness, sadness, fear, disgust, surprise and anger. Data from

these categories w ere eac h lab eled as suc h and as b eing pla y ed, not natural. In tending

to create a database demonstrating the widest gam ut of expressions, this lab eling

sc hema w as b eliev ed to b e more suitable than a more gran ular degree or v alence-

based lab eling. F urthermore, degree-based lab eling can b e am biguous, considering

the range of v alues, and unique resp onses pro vided b y eac h of the sub jects.

Most of the sub jects had prior exp erience in acting. Eac h sub ject w as ask ed to

rep eat eac h expression b et w een 10 and 20 times in order to get a su�cien tly large

n um b er of examples.

In order to obtain natural expressions, the sub jects w atc hed a t w en t y min ute mo vie

that consisted of short video clips. The clips co v ered a large v ariet y of topics, suc h

as funn y commercials, scenes of surgery and w ar do cumen taries. Similar to the HID

14



database, the lab eling of the recorded natural expressions w as done b y the judgmen t

of the exp erimen ter (the curren t video clip w atc hed b y the sub ject lik ewise suggesting

whic h emotions w ere most lik ely to arise). Whenev er p ossible, single expressions w ere

isolated and cut from neutral state to neutral state.

2.4 Statistical Ov erview of Database

Of the total of t w elv e sub jects eigh t w ere female and four male. The age of the

sub jects ranged from eigh teen to thirt y y ears; three w ere of African, one of Asian and

one of Indian ethnicit y - the remainder w ere Caucasian. Altogether, 1407 sequences

w ere captured from video, a v eraging 117 sequences p er sub ject and 176 sequences p er

class. Figure 2-1 sho ws sample images of eac h of the sub jects.

sub ject 100 101 102 103 104 105 106 107 500 501 502 503

Sex f f f f f f f f m m m m

Age 20 19 21 22 25 25 29 18 22 30 19 21

Ethnicit y Cauc Cauc African Indian Cauc Cauc Cauc Asian African Cauc Cauc African

T able 2.3: Sub ject Bac kground Information.

Figure 2-1: Sample Images of Eac h Sub ject.
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Sub jects in Figure 2-1 are giv en in pairs, from left to righ t, top to b ottom, in the

follo wing order: 100, 101, 102, 103, 104, 105, 106, 107, 500, 501, 502, 503.

2.5 Alignmen t and Prepro cessing

The initial lab eling and video acquisition w as accomplished in previous w ork b y

Rob ert Fisc her [5]. Using these video sequences, images w ere generated and then pro-

cessed indep enden tly for use in this thesis. Once the videos had b een separated in to

image sequences it w as necessary to extract only that p ortion of the image relev an t to

recognition in a con trolled manner. The o ccasional error in cropping and alignmen t

made it necessary to man ually remo v e sev eral sequences. Additionally , pla y ed ex-

pression sequences w ere edited b y hand so that only those images demonstrating the

expression under in v estigation w ere included in the database. This prev en ted in ter-

mediary neutral expressions in the video sequence from in terfering with the training

of the recognition metho ds. Figure 2-2 outlines the pro cessing metho ds emplo y ed:

Figure 2-2: Generalized Image Pro cessing Metho d.

In (1) eac h of the video sequences w as pro cessed to generate a sequence of images.

These are the images tabulated in \Single Images Before Pro cessing" of T ables 2.4

and 2.5. In (2) the Viola-Jones face detector [2, 19, 20] w as used to extract a 222x222

region around the face in eac h image

2

. As sho wn in (3), a neutral reference image

2

T o accoun t for rotations in the sub ject's head, eac h of the images w as rotated b et w een -30 and

+30 degrees. The soft w are then returned a 222 � 222 pixel cropping of the image at the lo cation

and rotation for whic h the Op enCV recognition metric returned the greatest v alue.
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w as then c hosen for eac h of the t w elv e sub jects and a binary mask w as dra wn on this

image. The region inside this mask w as used in the �rst of t w o alignmen t steps. In

this �rst step, the mapping returned b y the optical 
o w b et w een the mask ed region

of the reference image and one of the sub ject's corpus images w as used to generate a

similarit y transform. This transform w as then applied to the corpus image to align it

with the sub ject's reference image. The pro cess w as rep eated for ev ery image in the

corpus. Th us, b y stage (4) eac h of the sub jects has had the en tiret y of the images in

his or her corpus aligned to a reference image particular to that sub ject. It w as still

necessary to align eac h of the sub ject's corp ora to eac h other so that all images in

the database w ere aligned to one another. In (5), this w as accomplished b y man ually

selecting four p oin ts

3

in the reference image. By selecting the equiv alen t four p oin ts

in the reference images of the other sub jects a second similarit y transformation whic h

w ould minimize the error b et w een those p oin ts w as computed. Eac h of the t w elv e

transformations for eac h of the t w elv e sub jects w as then applied to the images of

their resp ectiv e corp ora so that all images of the database w ere no w aligned with one

another. All the images in this globally aligned database w ere then gra y-scaled and

cropp ed to a 99 � 123 region ab out the face (6). Before eac h classi�cation metho d

w as p erformed, the images w ere further mask ed as sho wn in (7) to extract only the

expression-relev an t p ortions of the face.

T ables 2.4 and 2.5 delineate the �nal state of the database. Eac h sub ject's corpus

of natural images w as used as it w as returned b y the �nal stage of pro cessing in Figure

2-2. Pla y ed expressions, ho w ev er, w ere man ually insp ected to ensure that only those

images of the sequence whic h demonstrated the lab eled emotion w ere presen t. This

explains the signi�can t di�erence in the n um b ers of \Single Images Before Pro cessing"

and \Pro cessed Images" for the pla y ed expressions in T able 2.4.

Finally , it should b e noted that while sub ject 103 is made a v ailable in the �nal

pro cessed images of the database and included in the tables b elo w, her images w ere

ultimately not used during the exp erimen tation phase of this thesis. Sev eral of her

3

These p oin ts w ere the cen ter of eac h ey e, the midp oin t b et w een the nostrils, and the cen ter

meeting p oin t b et w een the lips.
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image sequences con tain expressions whic h w ere am biguous and did not agree with the

lab els assigned to the sequence. Remo ving these sequences w ould ha v e signi�can tly

diminished the size of her corpus relativ e to the other sub jects, so she w as instead

excluded from the trials.

Original Num b er of Pla y ed Video Clips

sub ject neutral happiness surprise fear sadness disgust anger natural

100 6 9 11 16 9 13 14 33

101 10 11 7 8 5 11 8 26

102 7 17 11 14 15 14 9 20

103 11 14 23 25 11 15 12 25

104 6 14 19 18 14 9 19 27

105 9 14 24 16 10 9 12 31

106 7 16 15 12 16 9 18 26

107 7 24 43 33 18 27 11 19

500 5 12 8 12 14 11 17 23

501 6 13 20 10 12 8 8 21

502 2 12 14 14 7 9 13 28

503 6 12 19 10 11 13 16 30

Single Images Before Pro cessing

sub ject neutral happiness surprise fear sadness disgust anger natural

100 1200 896 984 1414 1500 1136 1243 4369

101 1800 1550 558 661 1176 1075 963 5253

102 1260 2627 1018 1791 2532 1562 796 3469

103 774 1301 1234 1713 1464 1693 1553 3107

104 1080 1621 1024 1111 1632 637 1711 6063

105 617 1412 1485 1171 1985 688 1968 3158

106 1260 1842 1232 995 2615 724 1673 4857

107 1260 1787 2854 2380 1860 2265 1031 2762

500 900 1612 771 1211 2444 1427 1985 4503

501 538 1160 1670 1066 1469 640 561 2332

502 200 1182 1159 1051 1094 740 1060 3168

503 1080 1362 1593 1633 1720 1502 1880 5701

Pro cessed Images

sub ject neutral happiness surprise fear sadness disgust anger natural

100 1200 609 324 929 1363 861 958 4369

101 1800 1242 321 418 521 687 702 5253

102 1260 1491 626 1180 1989 949 503 3467

103 774 1301 1234 1713 1464 1693 1553 3107

104 1080 963 507 927 1590 582 1204 6054

105 617 1027 749 748 1822 483 1145 3158

106 1260 1231 391 330 1904 328 627 4857

107 1260 1046 1017 1006 717 931 436 2762

500 900 1065 418 620 1253 874 1478 4306

501 538 979 498 336 1045 400 442 2332

502 200 775 658 556 647 456 612 3168

503 1080 817 853 1238 895 953 1176 5701

T able 2.4: En umeration of Av ailable Pla y ed Data.
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Natural Clips

sub ject neutral smile laugh surprise fear sho c k disgust dislik e puzzlemen t

100 6 5 5 2 4 1 3 4 6

101 10 5 6 1 1 0 3 1 5

102 7 2 11 0 0 0 2 3 1

103 11 3 5 6 0 0 3 5 1

104 6 1 11 5 0 0 6 0 1

105 9 1 11 1 0 2 6 5 2

106 7 2 6 2 1 1 2 4 5

107 7 3 4 0 0 4 2 3 1

500 5 2 8 0 0 0 2 1 3

501 6 2 10 2 0 0 2 2 0

502 2 3 6 0 0 0 3 6 1

503 6 2 6 3 0 0 3 4 5

Single Images Before Pro cessing

sub ject neutral smile laugh surprise fear sho c k disgust dislik e puzzlemen t

100 1200 553 513 81 431 34 281 245 636

101 1800 670 853 69 245 0 331 129 549

102 1260 185 1410 0 0 0 105 386 81

103 774 200 856 340 0 0 153 520 70

104 1080 72 2232 826 0 0 1222 0 86

105 617 88 980 87 0 135 440 333 123

106 1260 202 870 203 171 125 281 535 540

107 1260 308 360 0 0 270 126 249 49

500 900 288 1565 0 0 0 318 51 374

501 538 182 1026 115 0 0 95 126 0

502 200 287 790 0 0 0 296 574 100

503 1080 308 1258 225 0 0 582 546 523

Pro cessed Images

sub ject neutral smile laugh surprise fear sho c k disgust dislik e puzzlemen t

100 1200 553 513 81 431 34 281 245 636

101 1800 670 853 69 245 0 331 129 549

102 1260 185 1408 0 0 0 105 386 81

103 774 200 856 340 0 0 153 520 70

104 1080 72 2223 826 0 0 1222 0 86

105 617 88 980 87 0 135 440 333 123

106 1260 202 870 203 171 125 281 535 540

107 1260 308 360 0 0 270 126 249 49

500 900 288 1447 0 0 0 317 51 374

501 538 182 1026 115 0 0 95 126 0

502 200 287 790 0 0 0 296 574 100

503 1080 308 1258 225 0 0 582 546 523

T able 2.5: En umeration of Av ailable Natural Data.
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Chapter 3

Metho ds for Expression

Recognition

A m ultitude of p oten tial metho ds for expression recognition exist [4, 8, 9], some de-

riv ed up on previously successful w ork in face iden ti�cation and some indep enden tly

pro duced for the expression domain. Metho ds utilizing texture-v alue features and/or

in v olving optical 
o w w ere the fo cus of researc h for this thesis. The follo wing are the

�v e metho ds in v estigated in this thesis:

1. Optical 
o w �elds classi�ed using Null Space Principal Comp onen t Analysis

(NSPCA)

2. Optical 
o w �elds classi�ed using Supp ort V ector Mac hines (SVM)

3. T exture-v alue features classi�ed using SVMs

4. Com bined in ternal classi�cation outputs of the SVMs used in (2 and (3 ab o v e

classi�ed again using SVMs - a hierarc h y of classi�ers

5. Com bined feature sets of (2 and (3 ab o v e classi�ed using SVMs
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3.1 F eatures

Three di�eren t feature t yp es w ere emplo y ed in this thesis. The means for their gen-

eration and the highligh ting attributes of eac h feature t yp e are pro vided b elo w.

3.1.1 Optical Flo w

Optical 
o w [6] generates a matrix of v ectors originating from pixel p ositions in one

image and terminating at pixel p ositions within another image. These v ectors repre-

sen t the mapping b et w een the pixel in tensities in one image and the pixel in tensities

in another. These displacemen t v ectors ma y b e used to describ e corresp ondences

b et w een similar images.

A naiv e approac h to generate expression features using optical 
o w w ould in v olv e

directly taking the 
o w b et w een eac h sub ject's reference image (a neutral expression)

and eac h image of their corpus and use the 
o w �elds in the training and testing

of eac h classi�er. These are the 
o ws sho wn in the top righ t of Figure 3-1 lab eled

\Optical Flo w 2". Eac h arro w in the top p ortion of this �gure represen ts a separate


o w �eld.

It w ould not b e optimal to train on this 
o w, ho w ev er, as it con tains signi�can t

excess information, unrelated to the individual's expression. In particular, this 
o w

still con tains information regarding related to the iden tit y of the sub ject. Directly

comparing the 
o ws from t w o di�eren t sub jects will not yield viable information

regarding their expressions un til this information has b een remo v ed.

F or this purp ose a syn thetic image

1

created from images outside the database w as

used. The optical 
o w can b e tak en b et w een this syn thetic image and the reference

image of eac h sub ject. Because b oth the syn thetic image and the sub ject exhibit

neutral expressions in these images the optical 
o w tak en b et w een this syn thetic image

and the sub ject's reference image will indicate deformations related to the c hange in

iden tit y b et w een the face in the syn thetic image and the face in the reference image.

1

The syn thetic image w as acquired b y morphing images from a w ebsite whic h

itself pro vided the a v eraged morph of a v ariet y of individuals\h ttp://www.uni-

regensburg.de/F akultaeten/phil F ak I I/Psyc hologie/Psy I I/b eaut yc hec k/english/"
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This 
o w is in the top left of Figure 3-1 and is referred to as \Optical Flo w 1". This


o w w as computed for eac h of the sub ject's reference images.

Figure 3-1: Visualization of Optical Flo w W arp.

Using these t w o t yp es of 
o w �elds, it w as then necessary to generate new 
o ws

for all the sub jects whic h only illustrate c hanges resulting from the sub ject's expres-

sion. This w as accomplished b y mapping eac h of the sub ject's expressions to the

syn thetic image using these t w o 
o ws, so that eac h sub ject's expression information

w as normalized to the iden tit y information of the syn thetic image. In other w ords,

the expression taking place on the sub ject's face w ould no w app ear as if it w ere taking

place on the syn thetic face.

This mapping w as ac hiev ed b y using Optical Flo w 1 to index in to the v alues of

Optical Flo w 2. Figure 3-1 illustrates this op eration. The op eration is equiv alen t to

an image w arp ( w ar p : F l ow � I mag e ! I mag e ) using another optical 
o w �eld

instead of an image ( w ar p : F l ow � F l ow ! F l ow ). The optical 
o ws resulting from
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this w arp op eration w ere then mask ed as describ ed in step (7) of Figure 2-2. These

mask ed 
o ws w ere the optical 
o ws used b y the classi�er for training and testing.

3.1.2 T exture-v alue

The same mask applied to the optical 
o ws w as again used to extract the equiv alen t

p ortion of eac h image from eac h sub ject's expression corpus. Histogram equalization

w as then p erformed on the gra y v alues within the mask ed region to remo v e v ariations

caused b y ligh ting. The outputted image from this equalization w as used b y the

classi�er for training and testing.

3.1.3 Com bined F eature Files

The optical 
o w features and the texture-v alue features w ere concatenated in to one

new feature set. Because the ranges of these t w o feature sets did not agree it w as

necessary that they b e normalized. This w as accomplished b y computing the mean

and v ariance of a large training set, �rst for the optical 
o w features and then for

the texture features. The mean of the set w as then subtracted from eac h data p oin t

of that metho d and the result then divided b y the standard deviation of the large

training set. The particular set used for the calculation of the mean and v ariance w as

the training set for the 5 vs. 6 test, whic h will b e describ ed later in this thesis.

3.2 Classi�ers

Three classi�ers w ere used to train and test the previously describ ed feature data.

They include a mo di�ed classi�cation system using Principal Comp onen t Analysis

(PCA) and the n ull space of the returned eigenspace, as w ell as a group of linear and

gaussian trained Supp ort V ector Mac hines(SVMs).
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3.2.1 Null Space Principal Comp onen t Analysis (NSPCA)

Algorithm

F or eac h expression's training set of features, PCA w as applied to the co v ariance ma-

trix of the training set to return the N leading eigen v ectors and eigen v alues. These

eigen v alues drop o� exceedingly quic kly - the latter ones b eing man y orders of mag-

nitude less than their predecessors. As the follo wing �gure demonstrates, almost all

the training sets used in this thesis reac h an appro ximately lev el v alue for succeeding

eigen v alues after N = 30;

Figure 3-2: Example Co v ariance Matrix Eigen v alue Deca y .

The n ull space w as c hosen to b e the space orthogonal to the eigenspace spanned

b y the �rst N = 30 eigen v ectors.

2

Algorithm W alk-Through

The follo wing is a step-b y-step explanation of the NSPCA algorithm and can b e

o v erlo ok ed b y readers familiar with the pro cess.

2

The \n ull space" in the n ull space analysis is not a true n ull space in the sense that the v alues

are n ull. Rather they are su�cien tly small as compared to the largest eigen v alues that they are

b eing appro ximated as b eing so.
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T raining

The training set is comp osed of a stac k of feature v ectors, generating a matrix B of

dimensions M � N where M is the n um b er of feature p oin ts and N the dimension of

a feature p oin t. As an example: the mask ed p ortion of the face on whic h the 
o w is

computed is appro ximately 100 � 100 pixels. Since eac h pixel generates an x and y

comp onen t in the 
o w, a v ector of 20,000 p oin ts results. Since M is rarely larger than

8,000 it w ould b e greatly preferred to base the generation of and later computations

in v olving the co v ariance matrix up on this dimension, rather than the m uc h larger N .

Th us, a familiar optimization

3

in v olving the transp ose of the data matrix w as used

to compute the eigen v alues and eigen v ectors of the co v ariance matrix of eac h training

set. This e�ectiv ely reduces the order of complexit y for the computation from O ( N

2

)

to O ( M

2

).

T esting

T esting pro ceeded b y iterating o v er eac h of the eigenspaces returned for eac h of the

expressions' feature sets and then pro jecting the test feature in to the eigenspace of

that feature set. The set whose eigenspace returned the minimal norm w as the set

whose classi�cation w as giv en to the test feature. This norm is equiv alen t to the

error of the pro jection illustrated in Figure 3-3. If A is the matrix of eigen v ectors in

columns as returned from the PCA, x the mean of the training set, and x is the 
o w

of the test image, the length l

ns

of the n ull space comp onen t ns is giv en b y:

l

ns

= jj ns jj = jj ( I � A A

T

)( x � x ) jj (3.1)

3

The details of this optimization are a v ailable in the lecture notes of Dr. Bernd Heisele a v ailable

at: h ttp://stellar.mit.edu/S/course/9/fa03/9.9 13 /index.h tml
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Figure 3-3: Visualization of the Pro jection and Resultan t Distance Metric.

The length, l

ns

, is in v ersely prop ortional to the test feature's similarit y to the

mem b ers of the training set who generated the eigenspace. The smaller the v alue

of l

ns

the more lik ely that this test feature should b e classi�ed as a mem b er of the

training set from whic h the eigenspace originated.

3.2.2 Supp ort V ector Mac hines

In addition to the NSPCA classi�cation metho d describ ed ab o v e, SVMs w ere used for

classi�cation in a one-v ersus-all strategy . All SVMs w ere run using a linear classi�er

with the exception of the trials run up on the texture-v alue metho d, whose SVM

utilized a set of Gaussian classi�ers with � = 20 : 0. The C-v alue w as set to one for all

exp erimen ts.

Hierarc hical SVM Classi�er

Eac h SVM pro duces classi�er outputs after a testing session - the maxim um v alue

indicating the training class whose expression lab el will b e assigned to the test p oin t.

F or example, giv en six p ossible training categories, the SVM will output six separate

v alues when computing the prop er lab eling of an inputted test feature. By concate-
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nating these v alues, as they w ere output from the training of t w o di�eren t metho ds,

a new dataset of feature p oin ts could b e created and then fed to another SVM for

training and testing. Figure 3-4 illustrates this resulting hierarc hical structure.

Figure 3-4: Hierarc hical SVM Classi�er.

This pro cess w as p erformed for the optical 
o w and texture-v alue data. T raining


o ws w ere run through the SVM against themselv es , to generate the necessary

classi�er data for training.
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Chapter 4

Exp erimen tal Results

4.1 Ov erview

A completed expression recognition system, deplo y ed in �eld, w ould ideally b e able

to

� Recognize expressions from a single individual o v er the course of sev eral sessions.

� Recognize natural v ersions of an expression ha ving trained on pla y ed v ersions

of that expression.

� Recognize expressions of other individuals, ha ving trained on a di�eren t set of

individuals.

Th us, a canon of tests w ere run to v erify the applicabilit y of eac h tec hnique to eac h

of these desired abilities. Individual tests w ere run to ascertain the �rst ob jectiv e,

trials trained up on pla y ed expressions and then tested up on natural expressions w ere

used to ascertain the second, and �nally group tests b et w een groups of sub jects w ere

used to ascertain the third.

As remark ed in the prepro cessing section of this thesis, the image sequences for

pla y ed expressions w ere insp ected b y hand and only those images demonstrating the

lab eled emotion w ere retained. Of the resulting images the �rst third w ere used for

testing and the later t w o-thirds for training. The �nal tabulation of training and
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test pla y ed data for eac h sub ject is pro vided in T able 4.1. Recall that sub ject 103

w as remo v ed from exp erimen tation as man y of her expressions w ere am biguous and

di�cult to classify consisten tly .

sub ject T ested T rained

100 1680 3364

101 1296 2595

102 2244 4494

104 1924 3849

105 1989 3985

106 1602 3209

107 1716 3437

500 1900 3808

501 1232 2468

502 1233 2471

503 1975 3957

T able 4.1: Final Num b ers of Pla y ed Expression Images used for T esting.

As natural expressions w ere mean t to demonstrate the subtlet y of real-w orld clas-

si�cation, their sequences w ere not man ually edited. Additionally , as they w ere only

used for testing, and not for training in the follo wing exp erimen ts, the en tiret y of

a v ailable images for eac h natural expression w ere used in the natural test sets.

In the follo wing tables, the lab el \OF/NSPCA" refers to a trial in whic h the opti-

cal 
o w features w ere classi�ed using NSPCA. Similarly , \OF/SVM" refers to optical


o w features applied to a SVM classi�er, \T exture-V alue/SVM" to texture-v alues

applied to an SVM classi�er, and \Hierarc hical-Classi�ers/SVM", to the the hier-

arhcical classi�er, and \Com bined-F eatures/SVM" referring to the com bined feature

t yp es as classi�ed b y an SVM.

4.2 Individual T ests

The pla y ed training data for eac h sub ject w as trained up on for eac h of the �v e meth-

o ds and then tested up on eac h pla y ed expression's test data.
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Sub ject OF/NSPCA OF/SVM T exture-V alue/SVM Hierarc hical-Classi�ers/SVM Com bined-F eatures/SVM

100 90.2% 89% 91.7% 89.2% 89.5%

101 90.4% 91.7% 89.8% 91.2% 91.3%

102 93.1% 93.3% 94.7% 93.6% 94%

104 92.3% 94.7% 91.3% 94.8% 92.2%

105 79.8% 75.9% 87.8% 76.2% 83.8%

106 93.3% 93.6% 96.4% 93.1% 96%

107 91% 95.5% 93.4% 95.9% 94.3%

500 88.1% 87.4% 86.3% 87.5% 84.7%

501 86.9% 87.7% 95.7% 87.3% 93.9%

502 95.1% 95.3% 98.5% 95.5% 98%

503 97.7% 92.6% 97.1% 92.9% 97.1%

Av erage 90.7% 90.6% 93% 90.7% 92.3%

Std. Dev. 4.5% 5.4% 3.8% 5.4% 4.4%

T able 4.2: Results: Single Exp erimen ts.

Generally sp eaking, all the metho ds did quite w ell on this test, whic h is to b e

exp ected considering the similarit y b et w een the training and test data. This app ears

to b e true regardless of the classi�er or feature set used.

4.3 Pla y ed vs. Natural T ests

Consulting T ables 2.4 and 2.5 one will note that only four expressions w ere common to

b oth pla y ed expressions and natural expressions. These four expressions w ere trained

up on using pla y ed data, and, as w as a v ailable p er sub ject, tested up on using the

natural expressions. Recall that all a v ailable images for eac h natural expression w ere

used for testing, in ligh t of the paucit y of images.

Sub ject OF/NSPCA OF/SVM T exture-V alue/SVM Hierarc hical-Class�ers/SVM Com bined-F eatures/SVM

100 68.5% 25.4% 53% 27% 61.4%

101 59.3% 55.2% 41.3% 56.7% 60.6%

102 37.6% 60% 61.7% 57.9% 56.9%

104 70.1% 67.5% 70% 67.4% 76.4%

105 43.4% 37.9% 33.8% 38.2% 34.6%

106 42.7% 52.7% 56.5% 51.6% 60.4%

107 51.6% 53.5% 72.4% 47.2% 71%

500 6.3% 30.3% 18.2% 27.6% 18.6%

501 33.9% 48.7% 41.1% 50.5% 47.2%

502 80.1% 46% 0% 43.6% 20.1%

503 54.2% 55.5% 43.2% 63.2% 48%

Av erage 49.8% 48.4% 44.7% 48.3% 50.5%

Std. Dev. 19.5% 12.1% 20.8% 12.7% 18.3%

T able 4.3: Results: Pla y ed vs. Natural Expressions.

All the metho ds generally p erformed w orse for this exp erimen t, whic h is again

to b e exp ected as the training data v aries signi�can tly from the test data. F uture
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expression databases m ust b e certain to include natural expressions in their training

corpus for, as these results demonstrate, the di�erence b et w een pla y ed sub ject data

and natural data is signi�can t. The subtlet y of natural expressions c hallenges the

recognition metho d to ac hiev e a high resolution in its classi�cation tec hnique.

The extremely lo w recognition rates for sub jects 500 and 502 can b e explained b y

the v ery few natural expressions they p ossess. The results for these sub jects should

not b e considered statistically signi�can t.

4.4 Group T ests

Tw o tests w ere p erformed to ascertain viabilit y of eac h metho d for group recognition.

In the �rst, related to hereafter as 5 vs. 6, the pla y ed expressions of �v e sub jects (100,

101, 102, 502, 503) w ere trained up on, and then tested against the pla y ed expressions

of six sub jects (104, 105, 106, 107, 500, 501). In a second test, hereafter referred to

as 5 vs. same 5, the �v e sub jects trained up on previously no w had their test data

used to test eac h metho d.

Sub ject OF/NSPCA OF/SVM T exture-V alue/SVM Com bined-Classi�ers/SVM Com bined-F eatures/SVM

5VS6 35.8% 50.5% 51.5% 47.3% 58.2%

5VSsame5 90.9% 89% 92.6% 88.6% 94.2%

T able 4.4: Results: Group Exp erimen ts.

The w arping metho d applied in Figure 3-1 w as explicitly c hosen for its abilit y to

generalize expression data b ey ond the iden tit y of a particular sub ject (as in 5 vs. 6).

Surprisingly , ho w ev er, the four metho ds in v olving the optical 
o w did not p erform

b etter than the texture-v alue metho d. In fact, OF/NSPCA did m uc h w orse than the

other metho ds.

This ma y not b e the case in exp erimen ts where the training and test data is less

forgiving to the texture-v alue features. Recall that the training and test data for

5 vs. 6 con tains individuals of b oth Caucasian and African ethnicit y , as w ell b oth

male and female sexes. Had this not b een the case, and certain sexes or ethnicities

had b een presen t in the training, but not the test set, then the texture-v alue metho d

w ould b e forced to classify on a range of textures di�ering from those on whic h it
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w as trained. Under these conditions the optical 
o w metho d should b e less a�ected

as it do es not rely up on the luminosit y of the sub ject's images, the sub ject's iden tit y ,

nor up on the sub ject's skin color. P ossible reasons for wh y the optical 
o w features

did not dramatically surpass the texture-v alue features are pro vided in the follo wing

c hapter.

Additionally , these results w ould imply that it is imp ortan t to c ho ose a prop er

classi�er when w orking with test data signi�can tly di�ering from the training data.

The p o or p erformance of OF/NSPCA in 5 vs. 6 w as impro v ed 10% b y instead

classifying with an SVM in OF/SVM. Y et, b oth metho ds did appro ximately the

same in 5 vs. same 5 where the training and test data w ere quite similar.

A Receiv er Op erating Characteristic (R OC) curv e p ermits a more detailed com-

parison of eac h metho d's relativ e utilit y . Figures 4-1 and 4-2 illustrate the p ercen t

false p ositiv e classi�cation on the X -axis and the p ercen t correct classi�cation on the

Y -Axis for eac h of the metho ds describ ed ab o v e on b oth exp erimen ts 5 vs. 6 and 5

vs. same 5. Th us, the faster the graph rises and the larger the area b eneath it, the

b etter the classi�cation metho d.

Figure 4-1: R OC curv e for 5VS6.

Figure 4-2: R OC curv e for 5VSsame5.

Clearly , com bining the feature �les of the texture-v alue and optical 
o w metho ds

generated a signi�can tly impro v ed classi�er. It w as not an ticipated that the texture-

v alue features w ould surpass the NSPCA as vividly as sho wn in these curv es.
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Chapter 5

Discussion

5.1 P ostulates for Impro v ed Metho ds

An explanation for the optical 
o w's inabilit y to dramatically impro v e up on the

texture-v alue's results is pro vided b elo w. Additionally , tec hniques whic h will impro v e

the qualit y of the classi�cation and restore the optical 
o w's predicted v ersatilit y are

put forth.

5.1.1 Lo calization of Relev an t Image Regions

Curren tly , the optical 
o w tak es place o v er the en tiret y of the face not mask ed out b y

the mask in (7) of Figure 2-2. While this remo v es signi�can t p ortions of the image ir-

relev an t to expression recognition, remaining p ortions of the image ma y still adv ersely

a�ect training. As it is, ev en after masking, the 
o w still incorp orates information

ab out the nose, p ortions of the c heek region, and c hin whic h w ere not directly in-

v olv ed with the creation of an expression. This inclusion pro vides an opp ortunit y for

errors in the 
o w to b ecome prominen t during the classi�cation pro cess and should

b e excluded. These errors are discussed in detail in the follo wing section.
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5.1.2 Deformation Mo dels for Impro v ed Optical Flo w

During the course of this researc h, it w as made clear that obtaining a satisfactory


o w is not only imp erativ e to successful recognition, but extremely di�cult to obtain.

The failure of the optical 
o w features to increase p erformance dramatically o v er the

texture-v alued features ma y b e explained b y this di�cult y . Figure 5-1 exempli�es the

nature of a fault y 
o w.

Figure 5-1: Side-b y-Side Demonstration of Optical Flo w F ailure.

Eac h pair of images in the �gure consists of the original image of sub ject 100, and

the resultan t image generated when the optical 
o w is used to w arp the syn thetic

image. As men tioned previously , the goal is to map sub ject 100's expression on to the

syn thetic face. In the �rst pair, in whic h sub ject 100 p ossesses a mostly neutral ex-

pression, there is a strong corresp ondence b et w een the w arp ed image and the original

image - signifying a go o d optical 
o w. In the next pair, sub ject 100 b egins to op en

her mouth, and again the 
o w computation con tin ues to �nd a go o d corresp ondence

b et w een her upp er and lo w er lip and the lips of the syn thetic image.

By the third pair of images, ho w ev er, the gap b et w een the lips has pro v en b ey ond

the capabilities of the 
o w, and while it is still p ossible to ascertain the expression

presen t in the syn thetic w arp, a signi�can t amoun t of imp ortan t information has b een

lost. These anomalies are not particular to the mouth, but include other suc h features
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as the ey ebro ws. Note ho w the corresp ondence b et w een the ey ebro ws has b een lost

in the third pair and a sharp, arc hing ridge is presen t that should not exist.

F uture researc h should direct e�orts to constructing a mo del for optical 
o ws whic h

will prev en t this b eha vior. Sp eci�cally , a syn thetic v ersion of the facial motion in a

2-dimensional analog should b e used to constrain the OF computation (e.g. motion

of ey ebro ws, lips, etc.). This deformable mo del could b e used as a foundation from

whic h new 
o ws are computed b efore p erforming the w arp op eration describ ed in

Figure 3-1.

35



Chapter 6

Conclusion

This thesis has en umerated the prop erties required in an adequate facial-expression

database. The to ols used to create and pro cess suc h a database ha v e b een describ ed

and the database images resulting from the application of these to ols ha v e b een

tabulated. Three v arieties of features and three di�eren t classi�ers w ere then used

with the images of this database to determine the relativ e e�cacy of �v e di�eren t

classi�cation metho ds. F rom these trials it w as concluded that:

� The b est p ossible classi�cation metho d w as the SVM applied to the com bined

optical 
o w and texture-v alue feature �les. Ac hieving a 94.2% successful clas-

si�cation rate for groups of sub jects, and a 92% a v erage for individuals, this

classi�er w as able to classify b oth individuals and groups w ell.

� Generalizing data from one set of individuals to another w as di�cult for all the

classi�ers. Ev en the b est classi�er dropp ed from 94.2% to 58.2% when the test

set w as switc hed from a group of individuals in the training set to a di�eren t

group of individuals outside that set.

� Natural expressions are m uc h more subtle than pla y ed expressions and will

c hallenge a classi�er's abilit y to classify min ute c hanges. In spite of this, the

classi�ers used in this thesis w ere still able to classify appro ximately half of their

natural test data correctly .
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� F or training and test sets that are similar, the classi�ers used in this thesis

ac hiev e appro ximately the same recognition rates. Con v ersely , when the t w o

sets do di�er, p erformance w as impro v ed with the use of an SVM rather than

the NSPCA classi�er.

� The optical 
o w, as it w as computed for this thesis, is o ccasionally fault y and

m ust b e complimen ted b y a mo del to guide the computation of the 
o w. The

computation and application of suc h a mo del should b e the fo cus of future

researc h.

� Finally , the texture-v alue features p erformed quite w ell, despite their simplicit y .

In all the exp erimen ts, they w ere able to ac hiev e rates commensurate with that

of the optical 
o w. This ma y not b e the case in a database p ossessing a wider

gam ut of textures.
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