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Abstract

Resarchersin computer vision, machine learning and cognitive sciene have long soughta way to
descrike faces of di er ent people as disjoint subsetsin a feature space of somesort. In recent years,
the madelling of suchsubsetshasplayed an increasingly important role within our community. In this
chapter, we addressthe three important challengesoutlined in the title. First, we showhow we can
model the subsetof each training image when accounting for localization errors. Localization errors
occur whenimprecise (although, geneally, almost correct) detections, create a feature vector that is
not the same as that generated by precise localizations. In our second part, we addressthe issuesof
occlusions and expression changes. While the subsetof localization errors is quite predictable and
can be easily modelled, occlusions and expressionsare usually more complexand will require further
consideration. We presenta generl formulation to addressthesetwo problemsand show extensive
experimental results conducted over the years to prove the usefulnessof our approach. Discussion
on the choices made and alternative explored or to be explored are also presental.

0.1 Intro duction

Object recognition is a core problem in computer vision and other closelyrelated areasof researd,
such as pattern recognition, cognitive scienceand neuroscience[39, 9, 8, 10]. The goal of object
recognition in computer vision is twofold. On the onehand, researtersattempt to build systemsthat
can interact with their environment with the help of a set of cameras. This has many applications
as, for example, in human-computer interaction, biometrics and communications. On the other
hand, researt is alsodriven by the interest to better understand how biological systemswork. Face
recognition is a great window to both of these studies. Facesare so special that some sciertists
arguethat humans have a specializedareain the brain to analyze someof the most commonly seen
objects { facesbeing (possibly) the most common of all [32, 13].

What makes faces so special is that they all look alike, yet small di erences in the location
and shape of our facial features or their texture allow peopleto distinguish among thousands of
individuals. A primary goal in the design of computer vision systemsable to classify facesinto a
large set of classeds to automatically extract those featuresthat vary amongpeopleyet are constart
for ead individual. This is, however, a task much more di cult than one may think. For example,
our perception of a person'sface changesas she speaksand as she expresseseemotions. Facial hair,
glassesor other types of occlusionsexacerbatethe problem. And, obviously, illumination changes
and posevariations also in uence the way a faceis seenwhen projected onto our two-dimensional
retinas.

Earlier work mainly focusedon nding the subsetwhich represerns most of the facesof eath
individual under all possible views and all possible lighting conditions. Structure from motion
and photometric stereo are two well-known examplesof sudh modelings [24, 38]. More recertly,
Belhumeur and Kriegman [1] have shown that the subsetof all imagesgeneratedby any arbitrary
point sourceis a conein a three dimensional space.Combining their result with photometric stereo,
one can construct systemsable to synthesizeand recognizepeople'sfacesseenfrom distinct viewing
anglesand under varying illumination from relatively small sample sets[11].

Recerily, progresshas also beenmade toward solving the other three problems described above:
errors of localization, occlusions and facial expressions. These problems can be summarized as
follows.



(b) (©

Figure 1: (a) Di erent localization results leadto distinct represenations in the feature space,which
can causeidenti cation failures. (b-c) We model the subspacewhere di erent localization lie. From
[21] ( c 20021EEE).

Face localization error: Every face recognition system, whether appearance-or feature-based,
requires a localization stage. However, all localization algorithms have an assaiated error,
namely they cannot localize every single face feature with pixel precision. Unfortunately, test
feature vectorsgeneratedfrom imprecisely localizedfacescan be closerto the training vector of
an incorrect class. This problem is depictedin Fig. 1(a). In this gure, we display two classes
one drawn using crossesand the other with perntagons. For ead class,there are two learned
feature vectors, ead corresponding to the sameimagebut accourting for di erent localization
errors. The test image (which belongsto the \cross" class)is shovn as a square. Note that
while one of the \p entagon” samplesis far from the test feature vector, the other corresponds
to the closestsample;that is, while onelocalization leadsto a correct classi cation, the other
does not. This point becomescritical when the learning and testing imagesdi er on facial
expressionor illumination as well as for duplicates. A \duplicate" is an image of a face that
is taken at a di erent time, weeks,months or even yearslater.

Occlusions One of the main drawbadks of any face recognition system, is its failure to ro-
bustly recognize partially occluded faces. Occlusions are unfortunately typical; e.g., facial
hair, glasses,clothing and clutter. Fig. 2 shows an example, where image (a) is used for
learning and image (b) for subsequeh recognition.

Expressions This problem can be formally stated as follows. \How can we robustly identify
a persons face for whom the learning and testing face imagesdier in facial expression?"
This problem is illustrated in Fig. 3. In this gure, three local areasof three face imagesof
the sameperson, but with di erent facial expressions,have beenhighlighted. It is apparert
that as the facial expressionchanges,the local texture of ead of these areasbecomesquite
distinct (even in the forehead). A classi cation (or identi cation) algorithm, needsto nd
wherethe invariant featuresare. If this was achieved, we would obtain an expression-irvariant
face recognition system. We say that a system is expression-degndert if the image of Fig.
4(b) is more dicult (or lessdicult) to recognizethan the image shown in Fig. 4(c), given
that Fig. 4(a) was usedfor learning. An expression-irvariant algorithm would correspond to
onethat equally identi es the identit y of the subject independertly of the facial expressionon
the training or testing images.

One way to addressthe problems stated above is to nd the subsetwhich represerts most of the
imagesunder all possiblelocalization errors, occlusionsand expressionsfor ead individual. If this
is achieved, the recognition stage will reduceto nding that subsetwhich is closestto the testing
vector. In this chapter we shav how to achieve this. For illustration we will mainly work within the
appearance-basegbaradigm where ead dimensionrepresens the brightnessof ead image pixel. We
will alsodiscusshow our techniquescan be usedwithin a feature-basedapproac where (in general)
a set of shape measuremets is usedinstead.
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Figure 2: (a) A learning image. (b) A test image. (c) The local approach. From [21] ( ¢ 20021EEE).

The rest of this chapter is organized as follows. Section 0.2 preseris the basic ideas of our
modelling and appliesit to the problem of localization errors. This formulation is extendedin Section
0.3to incorporate our solutions to the problems of occlusionsand expressionchanges. Experimertal
results are in Section 0.4. Someof the choiceswe make in our formulation may seemarbitrary at
the time, since other alternatives exist. While this may su ce for somereaders, others will want
to better understand how sudch conclusionswere reached. In Section 0.5, we showv how this was
done, either theoretically, experimentally or both. Additional implications of our results and future
work are alsoin this section{ where someof the most relevant open problems will be introduced.
For example, although the subsetsrepresening ead of the above mertioned variations are assumed
to be in a low-dimensional subspace,it is still not known what this dimensionality is. Important
challengeslie ahead. We concludein Section 0.6.

0.2 Mo delling the Localization Error
0.2.1 Face localization

Any facerecognition systemrequiresof a pre-localization of the face and facial featuresnecessary
for recognition. The localization of these facial features is necessaryto either construct feature-
basedrepresenations of the face[5, 39] or to warp all facesto a standard sizefor appearance-based
recognition [3, 12, 21]. Howewer, it would be unrealistic to hope for a system that can localize
all the facial features (e.g. eyes, mouth, etc.) with pixel precision. The problem this raisesis
that the feature represeration (i.e., the feature vector) of the correct localized face diers from
the feature represertation of the actual computed localization, which can ultimately result in an
incorrect classi cation; Fig. 1(a).

In order to tackle this problem, someauthors have proposedto Iter the imagebeforeattempting
recognition. Filtered imagesare, in general, lesssensitive to the localization problem, but do not
fully tackle it. In [21], we proposedto model the subsetwithin the feature spacewhich corntains
most of the images generated under all possible localizations. An extension of this approad is
summarized below.

0.2.2 Finding the subset of localization errors

We propose to model the subset of the localization problem described above by means of a
probability density function. Assumeat rst that the localization errors for both the x and y image
axesare known, which we denote as vry and vry. Thesetwo error valuestell us that, statistically,

class(i.e., i 2 [1;c], with ¢ being the total number of classes),j meansthe j™ samplein classi,
and r the number of di erent possiblelocalizations while varying the error value from  vry to +vry
about the x image axis and from vry to +vry about the y axis.

We note that r increasesexponertially as a function of f (the number of features localized in

the face); i.e. r = O(2). To be precise,r = (2vry+1) = 'x (@uy+1) (1 v =



Figure 3: As the faceof a personchangesfacial expression,the local appearance(texture) of her/his
face also changes. In this gure, we comparethree local areasof an individual's face under three
di erent expressions(neutral, happy, and scream).

(2ury + )2 1)(2vry + 1)(2"y  1); where fy represeits the number of features that change
their x coordinate value and fy the onesthat changetheir y coordinate value, and, in our notation,
f = fx+ fy. When f is large, this complexity is to be considered. In those cases,given that
accourting for the error in only one feature at a time would not imply a signi cant change of
appearance,a subsetof all theser imagesis expectedto su ce.

Oncethe data set®;; hasbeengenerated,the subsetwherethe j sampleof classi lies can be
readily modelled by meansof a Gaussiandistribution whose sample mean and sample covariance
matrix are

N i =1 Xij o
i;j r ,
. = L(x . )(k - )T- (1)
1) r 1 ] 1) B 1) .

In somecases(especially, when the localization error is large), the subset®;; cannot be assumeo
to be Gaussian. In suc cases,a mixture of Gaussiansis generally a better choice, becauseit can
approximate most convex and non-corvex sets. Better ts cometo an extra costto be considered.

Mixture of Gaussiansare usually estimated with the EM (Exp ectation-Maximization) algorithm
[7], which is an iterativ e method divided into two steps,the E-step
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where G is the total number of modelsusedin the mixture (i.e., number of Gaussians)and [t] means
iteration t. In the formulation above, it is assumedthat all models (Gaussians)are equiprobable
(i.e., g = g, 801;0; where ¢ denotesthe probability of the g™ model).

Note that the subsetmodelling presered in this section can be equally applied to those systems
using an appearance-and those using a feature-basedrepresertation.
0.2.3 Subspace metho ds

Although subspacemethods are applicable to both feature- and appearance-basedalgorithms,
they have found most of their successin the latter group. The reason for this is simple. In
appearance-basedalgorithms, the original spacecorresponds to a densepixel represertation and,
hence,its dimensionality is expectedto be too large to allow the computation of the subsetof the
localization error. In such casesit is corvenien to reducethe dimensionality of the original feature
spaceto one wherethe number of samplesper dimensionis appropriate. Many subspacetechniques
have beenusedto achieve this among which Principal Componert Analysis (PCA) [9], Linear Dis-
criminant Analysis (LD A) [29, 9] and Independert Componert Analysis (ICA) [16] have arguably
beenthe most popular. Sinceour n training sampleswill at most spana spaceof n 1 dimensions,
it is reasonableto reducethe original space<P to <9 whereqg< n and generallyn << p.

Each subspacetechnique will generatea dierent projection matrix. In the rest of this paper
we will use 4 to refer to the projection matrix obtained with method a; e.g., pca is the projec-
tion matrix obtained using the PCA approach. pca can be readily computed from the sample
covariance matrix, which is given by

X Xi X6

X = i ;9 4)
i=1 j=1 g=1

wherem; is the number of samplesin classi. Note that sincethe rank of thesecovariance matricesis

typically lessthan the number of dimensions,it is impossibleto compute the principal componerts

directly from them. In these cases,we generally calculate the eigervectors of X T X instead, where

hand l:ZXeh are the eigervaluesand eigervectors of Eq. (4) [28].

While PCA only computesthe rst and certral momerts of the data, ICA will usehigher momerts
of the data to nd those feature vectors that are most independert from ead other [16]. An
important advantage of ICA is that it relaxesthe Gaussianassumption that PCA imposesupon
the underlying distributions of the data. Note that although we are still assumingthat the subset
represening the localization error can be represened as a mixture of Gaussians,the underlying
causesor latent variables need not be. ICA doesnot have a general closed-form solution, hence
iterative methods are typically required. In our experimental results we have used the Infomax
algorithm of [2], but other alternativ esexist [16].

While PCA and ICA are unsupervised techniques, LDA is supervised. This can facilitate the
task of feature extraction when the number of training imagesis su cien tly large [20]. LDA selects
those basis vectors that maximize the distance betweenthe meansof ead classand minimize the
distance betweenthe samplesin ead classand its corresponding classmean[29].

After oneof thesematrices, ,, hasbeencomputed, we project eat of the Gaussiandistributions
(describing the subsetof the localization error) to the spacespannedby g,

Gy = f&j g€y g05m ; (5)

Finally, to identify any previously unseenimage, t, we seart for the closest model, G =

from the test vector to ead of the mixture of Gaussiansas follows
Mh?(t;G) = nJ_qign (t ey €yt eijg); (6)

wheret= [t. The closestclassis now given by
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Figure 4: Imagesof one subject in the AR face database. The images(a) through (f) were taken
during a rst sessionand the images(g) though (I) at a di erent sessionl4 days later.

Class; = argmin; M h(t; G): (7)

0.2.4 Estimating the localization error

Recall, we still needto determine the error of our localization algorithm; that is to say, the physics
to be modelled. Obviously, this is a dicult task that unfortunately doesnot have an analytical
solution for most face localization algorithms.

If the correct localization valuesare known (i.e., the ground-truth is known) for a set of s samples,

sampless. It is easyto shaw that E(r;x(s)) approximates the true value of r (and, thus, those of
vry andvry) ass! 1 . Obviously, we do not have that much data, and therefore, only estimations
can be made. The reader should keepin mind that, in general,the correct location of every feature
hasto be manually determined, which is a costto be considered.

0.3 Mo delling Occlusions and Expression Changes

When a face is partially occluded or when it changesexpressionits global shape and texture
vary, making it dicult for feature- and appearance-basednethods to work properly. The goal of
this sectionis to de ne a method robust to such variations. Both problems can be addressedby
reformulating our algorithm within a local approad.

We have previously proposedto addressthe expressionproblem by assigninglow weights to those
features of the facethat are more a ected by facial changesand higher weights to those areasthat
are more stable [22, 37]. The occlusion problem can be tackled by applying our algorithms in a
pre-selectedset of local areas. In sud a case,facesare divided into K local regions and then a
probabilistic method is usedto combine the results of theseK local areas[21]. Extensions of these
two approadesare described next.

0.3.1 Expression changes

The problem possedby subspacemethods (as de ned above) is illustrated in Fig. 5(a). In this
example, we used one training images for ead of the four classesto learn our low-dimensional
image represenation. All training imageshave a neutral facial expression. A testing image with a
distinct facial expressionis then projected onto this subspacejFig. 5(a). As the gure shaws, simple
Euclidean distancesdo not classify the test imageinto the correct class.

The problem with subspacetechniques is that the learned features (dimensions) do not only
represen classdiscriminant information but are alsotuned to those speci ¢ facial expressionsof our
training set. Our solution isto rst learn which dimensionsare most a ected by this problem when
comparing the testing image to ead of the training imagesand, then, build a weighted-distance
measurewhich giveslessimportance to those dimensionsrepreserting facial expressionchangesand
more importance to others. In our Fig. 5(a), we would needto assigna small weight to the rst
feature, e1, and a large weight to the secondfeature, e,.

More formally, every test image, t, is classi ed as belonging to the classof the closesttraining
sample given by the following weighted distance



(a) (b)

Figure 5: (a) Expressionchangesare encadedin the feature-spacer subspacexomputedabove. To
addressthis problem we give more importance to those features (dimensions) that are lessa ected
by expressionchanges. (b) Schematic depiction of our system. The optical ow algorithm is used
to determine corresppndencesbetweenimages.

kv (= DK ®
where ~; = 1 i is the mean feature vector of the j! image of classi projected onto the

subspaceof our choice,a= fPCA;ICA; LD Ag, t= [t, ¥V, is the weighting matrix that de nes
the importance of ead of the basisvectorsin the subspacespannedby ,, and kak? = a’ a with
de ning the norm.

Before one can use Eg. (8), we needto compute\f/v. While it may be very di cult to do that in
the reducedspacespannedby ,, it is easyto calculate this in the original spaceand then project
this results onto the subspaceof 5. For example, we can compute the value of the weights in the
original space,W , by meansof the optical ow approad as follows (seealso Fig. 2(b)). First we
compute the optical ow betweenthe testing image and ead of the Gaussianmeans,

Fij ;g = OpticalFlow ( ijg;t): 9)

Second,we compute W by assigninglarge weights to those pixels with small deformations and
low weights to those pixels with large deformations,

Wij.g = diag(Fmax  kFij gK); (10)
where Fnaxc = max; kFj gk.
And, third, we project this result onto our subspace,
Wi:j 9= ;Wi;j g a- (11)

A test image is then classi ed by assigningto it the classlabel of the closestmodel. Formally,
nd the closestmodel,

2 .
and its corresponding class,
Class; = argmin; o hz(t;G): (13)

The reader may have noted that alternativesto Eq. (10) exist. Someof these alternativeswere
de ned and tested on a large set of imagesin [23] of which Eqg. (10) was found to have the highest
performance. Theseresults are summarizedin Section0.5.4.



Finally, we needto selectan optical ow method to be usedin Eq. (9). In our experimertal
results, we used Black and Anandan's algorithm [4], becauseit is robust to motion discortin uities
sud asthe onesproduced by facial musclesmoving in opposite directions.

0.3.2 Occlusions

One way to deal with partially occluded facesis to uselocal approades|5, 15, 25. In general,
local techniques, divide the faceinto dierent parts and, then, usea voting spaceto nd the best
match. Howewer, a voting technique can easily misclassifya test image becauset doesnot take into
accourt how good ead local match is. We will now de ne a probabilistic approad that is able to
successfullyaddressthis problem.

Learning stage: We rst divide eat faceimageinto K local parts and, then, apply the method
de ned above. This will require the estimation of the K subsets, and corresponding weighted
subspaceswhich accourt for the localization error and facial expressionchanges. More formally, let
us de ne the set of imagesof eat local areaas

Xij ok = IXij w1115 X kr O (14)
where x;; . is the k™ local area of the j " sampleof classi.

We assumethat all sample faceshave been previously localized and if necessarywarped to a
standard shape [20]. To obtain ead of the samplesx;; x;m, ellipse-shamed segmets as de ned by
x?=ck + y*>=f = 1 are used, Fig. 2(c). Thesesegmes are then represerted in vector form. The
new mean feature vectors and covariance matrices are given by

Xiij k;m s (15)

ik — Xk )Xk i)
or by the mixture of Gaussiansequations de ned in Eqgs. (2-3). We note that in suc a case,we
would have f ijokigs i ;k;gggzl .

Shall we require the computation of subspaceswe will needto calculate a total of K of them,

section, we will then needto project the estimatesof our subsetsonto ead of the above computed
subspaces,

Gjk = F&; kg€ :k:gggG:1 ; (16)
where €0 = L ijkg ao and e = 5 ij kg Notethat the set X x, which could
be very large, does not needto be stored in memory. Gk = fGi.1x;:::;Gm,«g is the subset of

all imagesof the k" local area of classi under all possible errors of localization. This learning
procedureis summarizedin Fig. 6.

Iden ti cation stage: When a test faceimageis to be recognized,we work asfollows. Let t be
the faceimagein its vector form { after localization and (if necessary)warping. Next, project eadh

te= gtk (17)
Sincethe mean feature vector and the covariance matrix of ead local subsetare already known,
the probability of a given local match can be directly assaiated with a suitably de ned distance

LocResyk = T%X (tk €i;j ;k;g)TWi-l;—j ;k;gei;j ;k;gw i kg (Tk €i;j ;k;g)i (18)
We then add all local probabilities,
X
Res = LocResy ; (29)
k=1



Figure 6: Shown here is the modelling of one of the local areasof the face for two people of our
database. In this example, we have divided the faceinto six local parts; i.e., K = 6. From [36]
( ¢ 2002IEEE).

and seart for the maxima,

Class = argmax; Res; (20)

where Class 2 [1;c].
If a video sequenceis available, we keep adding distances (probabilities) for ead of the images
and only compute Eq. (20) at the end of the sequenceor when a threshold has beenreadced [36].

0.4 Exp erimen tal Results
0.4.1 Imprecise localized faces

Exp eriment 1. In this test we want to answer the following question. Assuming that the
localization error is preciselyknown, how well doesthe above method solve the localization problem?
To this end, we manually marked the facial features of all neutral expression, happy, angry and
screamface images, Fig. 4(a-d), for 50 randomly selectedindividuals of the AR-face database. In
doing that we took careto be as closeto pixel precision as possible. Then we added arti cial noise
to thesedata and, hence,the valuesof vr, and vr, will be precisely known. Sincethe localization
error is now known, the recognition rate is not expectedto drop as a function of vry and vry.

To test this, we usethe neutral expressionimage, Fig. 4(a), of all 50 subjects for learning and all
others (Fig. 4(b-d)) for testing. Resultsfor vry and vry taking the following values?2, 4, 6, 8 and 10,
are shawn in Fig. 7(a). Theseresults were obtained rst for the single (GM) Gaussiancase,G = 1,
and then for the multiple Gaussian(MGM) casewith G = 3. For simplicity both error values, vr
and vry, were assumedto be equal. Results are comparedto the classicaleigenspaceapproad that
doesnot account for the localization error. For the eigenspaceapproad, the Euclidean distance is
usedto nd the closestmatch (class). In the results reported here the original spaceof pixels was
reducedto twenty dimensionsby meansof the PCA approach.

For vry and vry valuesup to 4, neither of the new methods is a ected by the localization error.
The multiple Gaussiancaseobtained slightly better results (as expected) and was not a ected by
the localization error problem until vry and vry, weresetto 8. Obviously, the larger the localization
error, the more probable that two Gaussian models (or mixture of Gaussians)overlap. For our
particular caseof 20 dimensions and 50 people, this happened at vry = vry, = 6 for the single
Gaussiancaseand at vry = vry = 8 for the multiple Gaussiancasewith G = 3.

Moreover, note that results of the new proposedmethods are superior to the classicalPCA ap-
proach. This has a simple explanation. In an attempt to overcomethe localization error problem,
the Gaussianor mixture of Gaussiansdistributions give more importance (weights) to those combi-
nation of featuresthat best describe small deformations of the face (small changesof the texture of
the faceimage). It is reasonableto expect to also nd thesecombinations of features more adequate
for the recognition of testing faceimagesthat expressdi erent facial expressionspecausehe testing
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Figure 7: Summarizedhere are the results of experiment 1, shown in (a) and (b), and the results of
experiment 2, shown in (c) and (d). From [21] ( ¢ 2002IEEE).

imagesalsorepresen texture changesof the face. It is obvious that thesefeatureswill by no means
be optimal, but they can explain the small increaseof recognition rate obtained in our experimert.

It is also interesting to show how the new proposedmethod behaves as a function of rank and
cumulative match smrein comparisonto the classicalPCA approac (which senesasbaseline). Rank
meansthat the correct solution is within the R nearestneighbors and cumulative match soore refers
to the percertage of successfullyrecognizedimages([27]. Fig. 7(b) shaws results for vry = vry = 4
and vry = vry = 10 for caseof G=1. We note that even for localization errors as large as 10 the
recognition results do not divergemuch from the classicalPCA approad (i.e. the vy = vy = 0 case).

Exp erimen t 2: We still needto seehow well our method performs when the localization error
is not known with precision. In this experimert, the localization method described in [21] was used.
An approximation for the localization error for this method was also given in [21]; this wasvry = 3
and vry = 4. The neutral expressionimage, Fig. 4(a)), wasusedfor learning while the happy, angry
and screamfaces, Fig. 4(b-d), were used for recognition. Fig. 7(c) shows the recognition results
for the group of 50 people usedto obtain the values of vry and vry. Fig. 7(d) shows the results
obtained with another (totally dierent) group of 50 people. Sincethe valuesof vry and vry were
obtained from the rst group of 50 people, the results of Fig. 7(c) are expected to be better than
those of Fig. 7(d). Moreover, it seemsto be the case(as for the data shovn here) that the more
uncertainty we have in the estimation of the localization error, the more independert our results are
from G.

It is also expected that the results of the proposedmethod will approximate the baseline PCA
as the uncertainty of vr, and vry increases. To demonstrate this e ect, we repeatedthe rst part

of this experiment (exgeriment 2) three more times with er”” = vrQ] 1 and vr)[,“l] = vr{f] 1,

where ert] and vr)[,t] represen the localization error values estimated at time t. We initially set
vr£0] = 3 and vr)[,O] = 4 (the valuesgivenin [21]). Results are summarizedin Table 1, with G = 1.
As expected the smaller the error valuesare made, the closerthe results of our method are to the
results of the baselinegiven by the PCA algorithm.



t=0|t=1|t=2|t=3
Recognitionrate | 70% | 68.3% | 66.6% | 66%

Table 1: As the valuesof vry and vry are made smaller, the recognition rates obtained progressiwely
approad the baselinevalue of the PCA algorithm.
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Figure 8: Recognition rates on the leave-one-expression-outest with: (a) imagesfrom the same
session(experiment 3) and (b) imagesfrom di erent sessiongexperiment 4).

0.4.2 Expression variations

For the experimerts in this section, we randomly selecteda total of 100 peoplefrom the AR-face
database. Each individual consistsof eight imageswith neutral, happy, angry and screamexpressions
taken during two sessionsseparatedby two weekstime. Theseimagesfor one of the peoplein the
databasewere shavn in Fig. 4(a-d) for those imagestaken during the rst sessionand in Fig. 4(g-j)
for those of the secondsession.

Exp erimen t 3: In this experimert, only those imagestaken during the rst sessionwere used.
The results obtained using the proposedweighted subspaceapproacthesaswell asthose of PCA, ICA
and LDA are shown in Fig. 8(a). In this gure we also show the results obtained by rst morphing
all facesto a neutral-expressionface image and then building a PCA, ICA or LDA subspacewith
the resulting expression-freeimages. Morphing algorithms have been previously used to address
the problem posedby facial deformations with somesuccesq3, 17]. The problem with morphing
algorithms is that they only changethe shape but not the texture of the face. To be able to change
the texture, one would needto be able to rst extract the lighting parameters of the environment
directly from pictures of faces. If this was achieved, morphing algorithms could render the texture
of the faceasit deforms. Yet, to do this with precision, a three dimensionalmodel of ead individual
would also needto be available or realizable from a singleimage. Although much progresshas been
made toward solving these two problems {extraction of illumination parametersand shape from a
single image{ much still needsto be done.

The bars in Fig. 8 shawv the average recognition rate for ead of the methods. All algorithms
were tested using the leave-one-expression-ouprocedure. For example, when the happy face was
usedfor testing, the neutral, angry and screamfaceswere usedfor training. The standard deviation
of the leave-one-expression-outest for ead of the methods is represerned by the small line at the
top of eadh bar.

Exp erimen t 4: This test is almost identical to the previous one exceptthat, this time, we used
the imagesof the rst sessionfor training and those of the secondsessionfor testing. That means
that when the happy faceswasleft out from the training setwhich includesthose imagesof the rst
session(i.e., Fig. 4(a,c,d) were usedfor training), the happy faceimagesof the secondsessionwere
usedfor testing, Fig. 4(h). Theseresults are summarizedin Fig. 8(b). It is worth mertioning that
our weighted-LDA approac worked well for the screamface showvn in Fig. 4(d) with a recognition



First Sessionimages SecondSessionimages

Neutral | Happy | Angry | Scream Neutral | Happy | Angry | Scream
96% 97% 90% 83% 74% 77% 75% 62%

Recognition rate

Table 2: Shown here are the results obtained with Eq. (13) in the leave-one-expression-outest of
experiments 3 and 4. These results are detailed for ead of the expressionsthat were left out for
testing. To compute the results shavn here, the LDA subspacemethod was used.

rate of about 84%. Other methods could not do better than 70%in this particular case.The results
for eadh of the facial expressionsare in Table 2.

0.4.3 Occlusions

Exp eriment 5: The rst questionwe want to addressis: how much occlusion can the proposel
methad handle? To answer this question, the following procedure was followed. The neutral ex-
pressionimagesof 50 randomly selectedparticipants were used for training. For testing, synthetic
occlusionswere addedto the (above used) neutral imagesand to the smiling, angry and screamface
images. The occlusion was simulated by setting all the pixels, of a square of sizep p pixels, to
zero. We tested values of p from a low of 5 to a maximum of 50. For eat of these values of p,
we randomly localize the squarein the image 100 times (for ead of the four testing images,i.e.
neutral, happy, angry and screaming). Fig. 9(a) shows the mean and standard deviation of these
results for eadh of the facial expressiongroups. Fig. 9(b) shows the results one would obtained with
the classical PCA approad. To increaserobustness,one can incremert the number of local areas
(i.,e. K). Howewer, asK increases,the local areasbecomesmaller, and thus, the method is more
sensitive to the localization problem. At the extreme case,K will equalto the number of pixels in
the image; i.e. our method will reduceto a correlation approach. In this case,only those pixels
that have not beenoccluded will be usedto compute the Euclidean (norm 2) distance betweenthe
testing and training images. The results obtained by meansof this approac are showvn in Fig. 9(c).
For comparison, we shaw the results obtained using the classicalcorrelation algorithm in Fig. 9(d).
In general,the most corveniert value of K will be dictated by the data or application.

Exp erimen t 6: The experiment reported above was usefulto describe how good our algorithm
is whenidentifying partially occludedfacesfor which the occlusionsizeand location are not known a
priori. In addition, it is interesting to know the minimum number of local areasneededto successfully
identify a partially occluded face. To study this, the neutral expressionimages, Fig. 4(a), of 50
individuals were usedfor learning, while the smiling, angry and screamimageswere usedfor testing,
Fig. 4(b-d). Four di erent groupsof occlusionswere considered,denotedasocg, with h = f1;2; 3; 4q.
For h = 1, only onelocal areawas occluded, for h = 2 two local areaswere occluded, etc. Occlusions
were computed by discarding h of the local areasfrom the calculation. Giventhat the faceis divided
into K local areas,there are many possibleways to occlude h local parts, For example,for h = 1
there are K possibilities (in our experiments k = 6), for h = 2 we have 5:1 (k ) possibilities,
etc. For eadh value of h, all possibilities were tested and the mean result was computed. Fig. 9(e)
shows the results. ocg serwesa baselinevalue (which represens the non-occlusion case). We have
not included the results of ocg in this gure, becauseits results were too similar to those of ocg
to be visually distinguishable. We conclude from this that, for our experimental data at least, the
suppressionof one local part did not a ect the recognition rate of the system. The results of occ
re ect that our method is quite robust even for those caseswhere a third of the faceis occluded. In
this test G = 1.

Exp eriment 7: The next question we are interested in is: how well does our methad handle
real occlusions? For this purposewe study two classical occlusions, the sun-glassesand the scarf
occlusionsshown in Fig. 4(e,f). The neutral expressionimages,Fig. 4(a), were usedfor learning,
while the occludedimages,Fig. 4(e,f), wereusedfor testing. Here,we usedthe automatic localization
algorithm of [21], for which vry = 3 and vry = 4. Fig. 9(f) shows the results as a function of rank
and cumulative match smre. As a nal test we repeated this experiment (experiment 7) for the
duplicate images,using the neutral expressionimagesof the rst sessionFig. 4(a), for learning and
the occluded imagesof the duplicates for testing, Fig. 4(k,l). Fig. 9(g) shows the results. It seems
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Figure 9: Experimental results for (a-d) experiment 5 and (e) experiment 6, and, (f-g) experiment

7. From [21] ( ¢ 2002 IEEE).
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Figure 10: Summarized here are the results of our method using the images of the AR-database
(experiment 8). (a-b) Usethe neutral image of the rst sessionfor training. The rest of the images
of the rst sessionare used for testing. (a) Results obtained with the PCA space;i.e. a = PCA.
(b) a= I CA. (c-e) Useall imagesof the rst sessionfor training, and those of the secondsessior
for testing. (c) a= PCA. (d) a= ICA. (e) a= LD A. (f) Shows the averageresults for the plots
shown in (c-e).
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Figure 11: (a) The three training imagesfor one of the subjects in our database. (b) A few frames
of one of the video sequencesvith random talking. (c¢) Example of warped faces.

obvious from Fig. 9(f) that the occlusion of the eyes area a ects the identi cation processmuch
more than the mouth occlusion. This result is to be expected, becauseit is believed that the eyes
(or eyes'area) carry the most discriminant information of an individual's face. Surprisingly though,
this was not the casefor the recognition of duplicates, Fig. 9(g). The occlusion of the eyes' area
led to better recognition results than the occlusion of the mouth area. It seemsto be the casethat
little is still known about how the recognition of duplicate works (or can be madeto work). Further
studies along theselines are necessary
0.4.4 Results on all problems

Exp erimen t 8: Finally, we test how our method performs when attempting to solve all three
problems simultaneously; i.e., localization error, occlusion and expression. To this end, we rst
model the subsetfor ead of the 100 randomly selectedpeople of the AR-face database using the
local weighted approacd de ned in this chapter. In our rst test, we only usedthe neutral expression
image of the rst sessionfor training, Fig. 4(a). The other imagesof the rst session,Fig. 4(b-f),
were used for testing. Theseresults are summarizedin Fig. 10(a-b), where we used a rank versus
cumulative match sore plots. In our secondtest, we usedthe non-occluded faceimagesof the rst
sessionfor training, Fig. 4(a-d), and those of the secondsession,Fig. 4(g-1), for testing. These
results are in Fig. 10(c-f). Here G = 3. We note that while in the rst test expressionchanges
decreasethe recognition accuracy more notably than occlusions,the opposite is true in the second
test { where duplicates were used. Once more, we concludethat much still needsto be doneto fully
understand how the recognition of duplicates works.
0.4.5 Using multiple images for recognition

As mertioned above, we could alsouseEqg. (19) in those casesvhere more than onetesting image
is available. These imagesmay correspond to pictures taken from dierent angles,with dierent
camerasor from a video sequence. In either case,our algorithm can keep adding probabilities {
using Eq. (19) { until a con dent threshold is reached or until all imageshave beenconsidered.

Exp erimen t 9: To test this, we collected a new database of static imageswhich were used for
training, and a set of video sequenceghat were usedfor testing. The training set consistsof three
neutral face imagesper person. An example of the training set for one of the subjects is shavn in
Fig. 11(a). The testing set includes two sequencef nearly frontal views of people's faceswith
random talking; seeFig. 11(b). Our current databaseconsistsof twenty two people.

Sincethe localization algorithm usedabove performed poorly on the much smaller imagesof our
new database,a newlocalization algorithm wasrequired. For this purpose,we selectedthe algorithm
of Heiselet al. [14]. This algorithm can quite reliably localize the position of the eyes, mouth and
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Figure 12: Showvn here are the recognition rates obtained with our probabilistic algorithm and two
implemertations of PCA and LDA { onelocal one global.

noseof eat face. Once these facial features have beenlocalized, using the di erences betweenthe
x and y coordinates of the two eyes, the original image is rotated until obtaining a frontal view
face where both eyes have the samey value; i.e., atan(ky:  yok=kx;  X2k), where (x1;y1) and
(x2;y2) are the right and left eye image coordinates. A contour algorithm is usedto seard for the
lateral boundaries of the face (i.e., left and right). The top and bottom of the face are assignedas
a function of the above features and the faceis then warped to a nal standard face of 120 by 170
pixels. Fig. 11(c) shaws the warping results for the imagesshawn in Fig. 11(a). The localization
error of the algorithm described in [14] was found to be 16 by 16 pixels. In our experimernts, G = 3.

In Fig. 12 we shaow the results of our algorithm on the two video sequencesle ned above. We
have comparedour results to those obtained with global PCA and global LDA, where only oneframe
from the sequences used for recognition. To obtained these results, we calculate the recognition
rate of every frame for eadh sequenceand then compute the averagerecognition rate. Theseresults
are labelled G-PCA and G-LDA in the gure. Additionally , we have also comparedour results to
the local weighted PCA and LDA approaches used above. While all the methods are expected to
be robust to localization errors, partial occlusionsand expressionchanges,the two local weighted
algorithms de ned earlier only usedone single static image for recognition. The averagerecognition
rates obtained with thesetwo single-imagemethods are labelled L-PCA and L-LD A. Theseresults
show the improvemert achieved when using our probabilistic approad in a video sequencerather
than using a single frame; i.e., multiple versussingle frame.

0.5 Discussion and Future Work
0.5.1 Why is the warping step necessary?

Most facerecognition systemsdeveloped to date use2D imagesto nd the best match betweena
set of classesand an unclassi ed test image of a face. It is important to keepin mind howewer, that
facesare 3-dimensionalobjects and, as sud, their projection onto the 2D image plane may undergo
complexdeformations. The frontal facerecording scenariois e ected by such deformations, and this
needsto be consideredwhen deweloping face recognition systems.

Frontal face imagesare generally obtained by placing a camerain front of the subject who is
asked to look at the camerawhile a picture is taken. The resulting 2D image projection obtained
using this procedureis called a \fron tal* faceimage. In general,se\eral \fron tal* facesare recorded;
someto be usedfor training purposesand others for testing. However, the word \fron tal" might be
misleading. Since facesare 3-dimensional objects, their orientation with respectto a xed camera
is not guaranteed to be the samefrom image to image { especially for duplicates, becausepeople
tend to orient their facestoward distinct locations on di erent days. For example, when the face
is tilted forwards, its appearance(shape and texture) in the 2D image plane changes. This e ect
is showvn on the left part of Fig. 13. Tilting the face badkwards will result in other appearance
changes. Also, rotating the faceto the right or to the left will imposeappearancechangesdepicted
on the right-hand side of Fig. 13.



Figure 13: The left part of this gure shows the shape changesthat a face undergoeswhen tilted forwards.
The top image correspondsto atotally frontal view. The bottom image represerns the projection of a slightly
tilted face. The bottom face has beenre-drawn next to the top one, to facilitate comparison. The right part
of this gure shows some of the visible deformations causeby rotating the faceto the subject's right. From
[21] ( c 2002 IEEE).

These deformations make the identi cation task di cult, becauseany combination of the above
can be expected. Feature-basedapproades might be inappropriate if this e ect is not properly
modelled, becausethe distance between eyes, eyesand mouth, mouth and chin, etc., are not guar-
anteed to be the samein di erent imagesof the sameperson. Texture-basedapproacheswill also
be a ected, becausethe facial featuresof a subject can easily changepositions in the array of pixels
used to identify the face. A pixel to pixel analysisis then inappropriate [3, 20, 21]. Additional
evidencefor this argumert comesfrom studies shaving that better recognition rates are obtained
when one usesa free-shape represenation asopposedto the original shape captured in the 2D array
of pixels [34, 6].

To overcomethis di cult y, onecould uselarge and represettativ e training sets. By doing this, one
expects to collect enoughlearning data to sample the underlying distribution of the feature-space
that represens all possibledeformations described above. Unfortunately, there are somany possible
orientations of the face consideredto be a \front viewed", that the collecting of this hypothetical
training setwill be impossiblein most practical situations.

We are therefore left with two main alternative. The rst is to model the subsetwhich includes
all imagesunder all possible\fron tal" views. This would require an approad similar to that de ned
in Section 0.2. Alternativ ely, we can de ne a model of a face commonto all peoplewhich cancels
out all the e ects described above. Although, in general, the former approad is slightly superior,
its complexity makesit lessattractiv e.

It has therefore becomecommon practise to warp all facesto a \standard" shape. The local-
ization proceduresused earlier incorporated such a mecanism. Note, however, that the warping
algorithms do not deform the important facial features neededto successfullyrecognizethe identit y
of the facesin ead of the images. The shape of the eyes, mouth, nose,etc., is not a ected. The
warping medanismwill only guarantee that the eyes,noseand chin positions are at the sameimage
coordinate for all individuals, and, that all images(independertly of the facial expressiondisplayed
on the face) occupy a xed array of pixels. This allows us to e cien tly analyze the texture (ap-
pearance)of the faceimage and to usepixel to pixel di erences. Caricaturing might alsobe usedto
improve the results even further [6].

Although the above discussionis quite corvincing with regard to the claim that the warping
step is necessaryto correctly use appearance-basednethods and to successfullyidentify faces,we
still bear the burden of establishing our claim with the help of real data. To prove the validity of
such a claim we have performed a set of experiments [21]. In those, ft y subjects were randomly
selectedfrom the AR-face database. Imageswere then warpedto t a 120x170array of pixels. A
secondset of images, which we shall call the aligned-cropped set, was also created. For this latter
set, eat face was aligned only with regard to the horizontal line described by the eyes' certers;
which requiresrotation of the faceimage until the y valuesof both eyes' certers are equal in value
(i.e., atan(ky; y2k=kx; x2k), where (x1;y;1) are the pixel coordinates of the certer of the right
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Figure 14: Shown here are the recognition rates obtained by either using the aligned-cropped or the warped
images. From [21] ( ¢ 2002 IEEE).

eye and (X2;Y2) the samefor the left eye). Thesefaceswerethen croppedto t an array of 120x170
pixels. After cropping the horizontal that connectsboth eyesis at the samey pixel coordinate for
all images.

A rst (40-dimensional) PCA represertation wasgeneratedby usingthe warped neutral expression
faceimage of eat of the 50 selectedsubjects. A second(40-dimensional) PCA spacewas generated
by using the aligned-cropped neutral expressionimagesof the samesubjects. The neutral expression
image (before warping or aligning-cropping) of one of the participants is showvn in Fig. 4(a). To
test recognition accuracy the happy, angry and screamfaceimages,Fig. 4(b-d), of eat participant
were now used. The warped imageswere usedto test the rst learned PCA represertation and the
aligned-cropped face imagesto test the second. The results, as a function of successfulrecognition
rate, are shovn in Fig. 14(a). In this graphical represetiation of the results, L speci es the image
that was used for learning the PCA represettation and T the one that was used for testing. For
clarity, the results are shavn separately for ead group of testing imageswith a common facial
expression.

As mertioned above, we should expect this di erence to increasefor duplicate images{ because
at dierent sessionspeople tend to orient their facesdierently. To show this e ect we usedthe
neutral, happy, angry and screamimagestaken during the secondsession,Fig. 4(g-j), to test the
PCA represettations of their corresponding duplicate image taken at the rst session,Fig. 4(a-d).
The results are shavn in Fig. 14(b). Note that, asexpected,the improvemert in recognition is now
statistically signi cant.

0.5.2 The subset of localization error

In Section 0.2, we preseried a method to estimate the subsetof all warped faceimagesunder all
possible errors of localization. This method was proven to be e ective in a set of experimerts in
Section 0.4.

A problem of our technique, is that it needsto rst generateall imagesunder all possibleerrors
of localization, beforeit can estimate the corresponding subset. Had the dimensionality and form
of such subsetbeenknown a priori, a smaller set of imagesshould have su ced. Unfortunately, the
warped face imagesare usually generatedby meansof an a ne transformation, and the resulting
feature vectors generally lie in a spaceof large dimensionality. Moreover, this subsetmay sometimes
be noncorvex, making the task of estimating it more challenging.

We beliewe that to be able to estimate the subset of localization errors from a smaller set of
images,the goalis to de ne a warping algorithm which generatesa set of feature vectorsthat lie in
a cornvex set of low dimensionality. More theoretical studies are still neededto make the techniques
proposedin this chapter more generaland readily applicable to other problemsin computer vision.
0.5.3 Mo delling the subset of occlusions

The reader may be wandering as of to why we divided ead faceinto K local areasrather than
modelling the occlusion problem in a similar way to that usedto model the localization error. This
would have worked asfollows. First, we would needto synthetically generateall possibleocclusions.
This could have beenreadily achieved by drawing occluding squaresof increasing size, and placing
them at all possiblelocations of the face. This is similar to what we had done in exgeriment 5 for
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Figure 15: In this experiment, we learned the subset of occlusions by means of a large number
of synthetically generatedocclusions. (a) Results obtained with the PCA subspacetechnique, i.e.
a= PCA. (b) a= ICA.

testing, but now we would use this idea for training. Second,we would project all the resulting
images(or a uniformly distributed set of these) onto the subspaceof our choice and then de ne the
subsetof all occlusionswith Eq. (1) or Egs. (2-3).

This idea works quite well indeed. In Fig. 15, we shaw the results obtained using this approac.
In this test, the neutral face image of 100 randomly selectedpeople of the AR-database were used
for training. Occluding squares,ranging from 3 by 3 to 17 by 17 pixels were usedto generatethe
training set. The modelling of the subsetrepresering all these occlusionswas approximated with
Egs. (2-3) and G = 3. As we had donefor the localization error problem, identi cation is then given
by Eq. (7). This gure shaws results on learning using synthetic occlusionsand testing with real
occlusions;i.e., sunglassesand scarf, Fig, 4(e-f).

Unfortunately, this approac has sewral important disadvantages when compared to the one
proposedearlier. The rst (and, arguably, most important), is that we can only learn the subsetof
thoseocclusionswe synthetically generate. Note that the number of possibleocclusionsis prohibitiv e.
A secondobvious problem is the computational cost assaiated to generatingall the training images.
This is similar to the problem stated in the precedingsection. And, among others, another problem
is that asfacesget larger and larger occlusions,the subsetsrepresening ead individual will overlap
with others. To this, we should add that the results obtained with the approac de ned in this
section are not superior to those obtained with the local method preseried earlier. The approac
de ned in Section 0.3 is, therefore, a more attractiv e option.

An open problem is that of nding the dimensionality of the subsetof most common occlusions.
We note that these subsetsmay very well be approximated by cones,which are generally easyto
estimate [1]. To seethat, note that all subsetswill have a common point (the origin) represetting a
full occludedface(i.e., whereall pixels of the faceare occluded). As more pixels of the faceare made
visible, the subsetsrepresetting ead individual will start diverging from ead other. More and more
feature vectorswill becomepossibleas more and more pixels are madevisible, which should generate
a cone-like set. Although it is obvious to seethat the dimensionality of such subsetswill be very
large, we note that those dimensions (features) that are occluded can be discarded, and therefore
the spaceof all imagescould, in principal, be approximated with a few number of dimensions. This
low-dimensionality argumert is the sameusedby PCA and other subspacealgorithms { techniques
that have had quite successn the past and, in particular, to addressthe problems de ned in this
chapter.

0.5.4 Weighting facial features for expression-v ariant recognition

In Eg. (10) we gave a linear solution to the problem of assigningweights to ead of the dimensions
of our feature space,which may have seemedpretty obvious at the time. Nonetheless,alternatives
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Figure 16: Examples of imagesfrom the JAFFE database.

do exist, and somemay prove critical for the overall performanceof our algorithm. Here, we analyze
di erent alternativesand report comparisonresults.

Two basicalternativ esto that of Eq. (10) are asfollows. The rst oneassignshigh wights to those
pixels that changethe least and low weights everywhereelse. This can be expressedmathematically
as,

1

where g is a constart.
The secondalternativ e is to assignlow weights only to those pixels that have a very large ow
magnitude. Formally,

1
T kFik (q+ MAXE)

It is generallyinteresting to normalize the weights to makethe nal identi cation results consister
gng comparableto ead other. This can be readily achieved as follows, w; = w;=M where M =

i= Wi

In order to test the above described system we will usetwo publicly available face datasets, the
AR-face database[19] and the JAFFE (JapaneseFemale Facial Expressions)dataset [18].

In the JAFFE dataset, ten participants posedthree examplesof six of the basic emotions: happi-
ness,sadnesssurprise, anger, disgustand fear. Three neutral faceexampleswerealso photographed.
This makesa total of 210images. Each participant took imagesof herself while looking through a
semi-re ected plastic sheettowards the camera,which should guarantee frontal faceviews. Hair was
tied away from the faceto make all areasof the facevisible. Light was also controlled. An example
of a set of the sewven imagesof a participant is shown in Fig. 16.

For the AR-test, the dierent facial expressionsused were: happiness,anger and scream. The
fourth image correspondsto a neutral expression. For the experiments reported below, 100 individ-
uals were randomly selectedfrom this database,giving a total of 400images. Theseimagesfor one
subject were shown in Fig. 4(a-d).

Sincethe purposeof our comparisonis to determine which weighting function is most appropriate
for our formulation, we will usethe original spaceof pixels as our represertation. This algorithm
was de ned in Eq. (8).

Basic emotions with JAFFE: It is interesting to seethe extent to which the classi cation
results of the system described above outperform the classicalcorrelation approac when the basic
emotions are displayed on the face imagesby means of facial expressions. For this purpose, the
following test was performed. One of the three neutral imagesof ead of the peoplein the JAFFE
database was randomly selectedand used as sample image. All three examplesof the six basic
expressionsin the database(i.e., happiness,sadness,surprise, anger, disgust, fear) were then used
for testing. Results on the classi cation of imagesby identit y using the correlation approac (corr)
and the weighted distance proposedgivenin Eq. (8) are shown in Fig. 17(a). Note that our method
hasthree di erent results (W1, W2 and W3), corresponding to the three possibleweighting functions
described in Egs. (10, 21 and 22) respectively; with g = 1. We seethat while Eq. (10 and 21) led
to superior results than those of the correlation approac, Eq. (22) did not and, therefore, is most
probably not a good choice. The problem with Eq. (22) is that all pixels are usedexceptthose with
assaiated large ow, which makesthe systemlittle di erent from the correlation technique.

Wi (g+ MAXE): (22)
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Figure 17: (a) JAFFE dataset test. (b) AR-database test using the neutral image for training and
the other imagesfrom the same sessionfor testing. (c) The x-axes speci es the image used for
training. the other imagesfrom the samesessionwere usedfor testing. (d) Training was identical
as before, but now all the imagesof the secondsessionwere usedfor testing.

The AR-face database test: The results reported above are useful for analyzing how good or
bad our method is in classifyingfaceswhendi erent emotionsare displayed on the testing faceimage.
However, the number of peoplein the JAFFE databaseis too small to allow conclusive results. The
AR-face database allows us to test the expressionvariance problem with a much larger group of
people. For this experimert, we randomly selected100 individuals from the AR-face database. The
neutral expressionimageswere used as sampleimages. The other three expressionsfrom the same
session(i.e., happiness,anger, scream) were used for testing. Results for the correlation and the
weighted distance approad are shown in Fig. 17(b). Here, we have added the results one would
obtain by using an 80 dimensional PCA represenation. As expected[5] the PCA approacd performs
worse than the correlation method, but requires lessstorage. In this secondtest, the di erence in
performance (between the correlation measureand Eq. (8)) was more notable than in the rst
experimert. This is due to the fact that a much larger number of classesvas used, leaving room for
improvemert.

The results showvn in Fig. 17(b) were obtained by using a single image for training (the neutral
expressionimage) and the other three imagesfor testing. Alternativ ely, we can usethe smiling or
the angry or the screamingfacesfor training and the other three for testing. This is shawvn in Fig.
17(c), wherein the x-axeswe specify the image usedfor training. The geneal mean represeits the
expected results when either image is used for training. We seethat Eq. (10) and Eq. (21) are
consistertly the best.

Fig. 17(d) doesthe sameas (c) but for the duplicate images. The x-axes speci es the image
(of the rst session)usedfor training. The y-axesindicates the recognition rate achieved with the
duplicate images. For testing, the four images of the secondsession(neutral, happy, angry and
scream)were used. In this caseonly Eq. (10) producessuperior results to simple correlations, and
was therefore our choicein Eq. (12).



0.5.5 Facial Interfaces

Although many algorithms for the automatic recognition of facesand facial expressionshave been
proposedto date, few addressthe question of how adequate these systemsare for applications in
human-computer interaction (HCI); e.g., perceptual interface. While in face recognition the goal
is to design systemsthat can achieve the highest recognition rate possible,in HCI the goal is to
dewelop systemsthat \b ehave" similarly to humans { since the computer is now to interact with
people. We have shown that the method described above is consistert with theserequiremerts and,
therefore, can be usedfor applications in HCI [22, 23].

The readermay have already noted that the motion eld usedto weight eadt of the dimensionsof
our feature spacemay alsobe usedto classifyimagesinto a predetermined set of facial expressions
We have also shawn that this can actually be achieved with quite successn [22)].

0.6 Conclusions

In this chapter, we have shawn that it is possiblefor an automatic recognition systemto compen-
sate for imprecisely localized, partially occluded and expressionvariant faces. First, we have shavn
that the localization error problem is indeedimportant and can sometimesleadto the incorrect clas-
si cation of faces. We have solved this problem by learning that subsetwhich represerns most of the
imagesunder all possibleerrors of localization. We reported results on approximating these subsets
by meansof a Gaussianand a mixture of Gaussiansdistribution. The latter led to slightly better
results, but to an extra computational costto be considered. A drawbadk of this method is that the
ground-truth data (i.e. the correct localization of every feature to be localized on eadt face) for a
set of samplesis neededin order to estimate the localization error of a given localization algorithm.
The problem with this is that the ground-truth data hasto be obtained manually, which is a cost
to be considered. Furthermore, while this subsetwas assumedto lie in a low dimensional space,the
dimensionality of such spaceis not yet known. More theoretical studies are neededtoward solving
this problem. We believe that the important questionto addressis not that of the dimensionality of
our subset. Actually, the goalisto nd that warping algorithm which generatesthe subsetof lowest
possibledimensionality.

To solve the occlusion problem, a local approach was de ned, where ead faceis divided into K
local parts. A probabilistic approad is then usedto nd the best match. The probabilities are
obtained when one usesthe Mahalanobis distance de ned by the Gaussiandistributions described
above (for solving the localization problem). We experimertally demonstratedthat the suppressior
of 1/6 of the facedoesnot decreaseaccuracy Even for those caseswhere 1/3 of the faceis occluded,
the identi cation results are very closeto those we obtained in the non-occluded case.

We have also shown that the results of most face recognition systemsdepend on the di erences
between the facial expressionsdisplayed on the learning and testing images. To overcome this
problem, we have built a weighted subspacerepresenation that gives more importance to those
features that are lessaected by the current displayed emotion (of the testing image) and less
importance to those that are more a ected.

The usedof multiple imageswasalsoshownn to be useful for the recognition of facesunder varying
conditions. Little researt has focusedon this issue,but somerecert studies suggestthat much is
to be accomplishwith suc techniques.

The importance of the approach summarizedin this chapter is not limited to the problems re-
ported above. Earlier, we argued that the recognition of duplicates is a di cult task that requires
further studies. The approac proposedhere could be usedto study which areasof the face change
lessover time and why. The local approac could also be usedto tackle changesdue to local illu-
mination changes. We could use systemsthat are robust to illumination changesand re-formulate
them within the approac de ned above. Theseand other open problems were discussedin Section
0.5. We hope thesewill help de ne new exciting and productive projects.
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