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ABSTRACT that the verification performance of the EGM can be highly
improved by proper node weighting strategies.

In this paper we illustrate where and how discriminant
techniques can be employed in the EGM. More precisely,
each node is considered as a local expert and discriminant
feature selection techniques are employed for enhanang it
recognition/verification performance. The deformation of
each node is considered as a second local similarity met-

In this paper, we investigate the use of discriminant tech-
niques in the elastic graph matching (EGM) algorithm. First
we use discriminant analysis in the feature vectors of the
nodes in order to find the most discriminant features. The
similarity measure for discriminant feature vectors aral th

node deformation are combined in a discriminant manner

in order to form a local similarity measure between nodes. ric that can quantify the relationships with its neighbgrin

Moreover, the local similarity values at the nodes of the L .

. ) . nodes. The new local similarity value at each node is pro-
elastic graph, are weighted by coefficients that are also de- S L
. e I duced by discriminant weighting of both the feature vector
rived by some discriminant analysis in order to form a to-

L . .~ similarity measure and the node deformation. As a final
tal similarity measure between faces. We illustrate the im- . = . Lo i
. . e . discriminant step the local similarity measures at gridesod
provements in performance in frontal face verification gsin

a modified multiscale morphological analysis are weighted by coefficients according to their discrimtnan

' power. The problem of frontal face verification is used in
the following of the paper in order to describe in detail the
1. INTRODUCTION different discriminant steps.

A popular class of techniques used for frontal face recogni-
tion/verification is EGM [1]. In EGM the reference object 2. ELASTIC GRAPH MATCHING
graph is created by projecting the object’s image onto a rect
angular elastic sparse graph where a Gabor wavelet bankn this Section we will briefly outline the problem of frontal
response is measured at each node. The graph matchingace verification and the framework under which EGM per-
procedure is implemented by a coarse-to-fine stochastic opforms face verification. Lel/ be a facial image database
timization of a cost function which takes into account both and each facial image € ¢/ belongs to one of the' per-
jet similarities and node deformation [1]. son classe§ly,Us, ..., U} with U = J, U;. For a
A variant of the standard EGM, the so-callewrpho- face verification system that uses the dataldasegenuine
logical elastic graph matching (MEGM), has been proposed  (or client) claim is performed when a persbprovides its
for frontal face verification [2]. In MEGM the Gabor analy- facial image,u, claiming thatu € U, andt = r. When
sis has been superseded by multiscale morphologicalatitati a persort provides its facial imaga while claiming that
erosion by a scaled structuring function [2]. u € U,., with t # r, an impostor claim occurs. The scope of
Discriminant techniques have been employed in order a face verification system is to handle properly these claims
to enhance the recognition and verification performance of by accepting the genuine claims and rejecting the impostor
the EGM. The use of linear discriminant techniques at the ones.
feature vectors for selecting the most discriminant fesgur The first step of EGM is to analyze the facial image re-
has been proposed in [1, 2]. Several schemes that aim agion of the imagea. Then, a set of local descriptors is ex-
weighting the graph nodes according to their discriminator  tracted at each graph node. In the standard EGM a 2D Ga-
power have been proposed [2, 3]. In [3] it has been shownbor based filter bank has been used for image analysis. The
_ _ _ . _ output of multiscale morphological dilation-erosion oger
This work is funded by the integrated project BioSec IST200 i js g nonlinear alternative of the Gabor filters for fiault
001766 (Biometric Security, http://www.biosec.org), undieformation . .
Society Technologies (IST) priority of the 6th Frameworkgrmmme of ~ Scale analysis and has been successfully used for facial im-
the European Community. age analysis [2]. At each graph node that is located at image




coordinatex a jetj(x) is formed as: most discriminant features. In other words, we should learn
a person and node specific discriminant funcignfor the

i(x) = (fi(x),. .., fs(x)), (1)  I-th node of the reference persenthat transforms the jets
j(xL(r)):
where f;(x) denotes the output of a local operator applied JGx(r) j(xl (1) = g (G(x (1)) (6)
to the imagef at theith scale or at théth pair (scale, orien- K P
tation) ands is the dimensionality of the jet. We will use linear techniques for finding the transform

The next step of the EGM is to translate and deform the & but non-linear techniques can be also used. Before cal-
reference graph on the test image in order to find the corre-culating the linear projections we normalize all the jetstth
spondences of the reference graph nodes on the test imag&ave been produced during the match of the graphs of the
This is accomplished by minimizing a cost function that em- reference person to all other facial images in the train-
ploys node jet similarities and in the same time preservesing set in order to have zero mean and unit magnitude. Let
the node relationships. Let the superscripgdr denote  j(x{(r)) be the normalized jet dtth node. LetF¢ (r) and
a test and a reference person (or graph), respectively. TheF;(r) be the sets of the normalized jets of fhi node that
L, norm between the feature vectors at thh graph node  correspond to genuine claims and impostor claims related
of the reference and the test graph is used as a similarityto persorr, respectively.

measure between jets, i.e.: We use the same criterion as [1],[2] that can give more
than one discriminant directions. L®!(r) andB!(r) be
Cr(3(xr).3(x1) = (i) = (). (2)  thematrices:

W _ o —m(F o —m(F T
Let V be the set of graph vertices. Let al&k!) be the (r) : 2. () -m(Fe(r) (e (r)-m(Fo(r)
four-connected neighborhood of notleln order to quan- ‘ ! @)
tify the node neighborhood relationships using a metrig, th gnqg

local node deformation is used: . ~ . ~ Lo
Bi(n= Y (x(r)-mFe(r)Gx(r)-mFe(r)"

a(xh,xl) = ) [I(xE = xb) = (xt = x8)]], €€ H(D). 3k () €L (r)
¢CH(l) _ o - ®
(3) The optimal discriminative direction®!(r) are given by
The objective is to find a set of verticég!(r),l € Y} ~ maximizing the criterion:

in the test image that minimize the cost function: T
_ w[E () W)@ (r)]

J(®l(r)) =
C({xi(n}) = Y _{Cr((x1),3(x})) + ACa(x;, x1)}. (4) ) tr[ @ (r) " Bl(r)T(r)]

ey

9)

where tfR] is the trace of the matriR. This criterion is
The jet of thei-th node that has been produced after the well suited for the face verification problem due to the fact
matching procedure of the graph of the reference person that it tries to find the feature projections that maximize th
in the image of the test persoms denoted a§(x.(r)). The distance of impostor jets from the genuine class centerewhil
optimization of (4) has been interpreted in [2] as a simualate minimizing the distance of genuine jets from genuine class
annealing with additional penalties imposed by the graph center. IfB!(r) is not singular then (9) is maximized when

deformations. Accordingly, (4) can be simplified to: the column vectors of the projection matrif! (), are the
. -1
: eigenvectors oB!(r) W!(r).
Di(r) = Yy {01 ((x4), ()} subject to (5) In order to proceed to feature dimensionality reduction

X =X, + s+, [|d] < dmax in M < S dimensions the matrix’ (1) should be com-

. . . . Hi —1 1
wheres is a global translation of the graph afiddenotes a  Prised by the eigenvectors Bf (r) ~W'(r) that correspond
local perturbation of the graph nodes. The choicedrfix to the M greatest eigenvalues. The feature vector after dis-
in (5) and of\ in (4) control the rigidity/plasticity of the ~ Criminant dimensionality reduction is:
graph [1],[2]. Obviously, both functions (4) and (5) define a

: e ¢ T
similarity measure between two faces. J(xi(r) = gf (i(x;(r)) = ®'(r) " §(x(r)), (10)
The similarity measure of the new feature vectors can
3. FEATURE VECTOR DISCRIMINANT ANALYSIS be given by a simple distance metric. We have used.the

norm for forming the new feature vector similarity measure
It is obvious that the standard EGM treats uniformly all the in the final multidimensional space:

different features that form the jets. Thus, it sounds rea- (o (o L C
sonable to use discriminant techniques in order to find the Cr(xe(r),3(xp)) = [li(xe(r)) —i(x)|]- (11)



4. LOCAL SIMILARITY MEASURE 5. DISCRIMINANT NODE WEIGHTING
DISCRIMINANT WEIGHTING

In the standard EGM all nodes are treated uniformly when
In [1, 2] only the jet similarity measure has been consid- forming the final similarity measure between faces. Thus,
ered when forming the total similarity measure between two it sounds reasonable to weight the similarity measures of
graph nodes. The node deformation was only employed im-nodes that correspond to different fiducial points with vaésg
plicitly in the matching stage by imposing additional rigid that correspond to their discriminant power. The weights
ity/plasticity penalties. We propose to combine the featur should be person specific due to the fact that different per-
vector similarity distance and the node deformation in a dis sons have different discriminant fiducial points. ketr) €
criminant manner in order to form the new local similarity R’ be a column vector comprised by the new local similar-
measure. The node feature similarity measure between théty values at every node:
reference person and the test persanfor the /-th node is

1
fHr) = Cr(j(x(r)),j(xL)) and the node deformation is z&g:;
di(r) :.Cd(xi(r)jxfﬂ). Letd!(r) € 8?2 be a column vec- o) = " (18)
tor that is comprised by the two similarity measures for the :
nodel between the test persomnd the reference person ck(r)
€. l FHer) whereL is the number of graph nodes. The veatefr) is
dy(r) = [ dz(r) ] (12)  the total similarity vector between the reference faeed a

test face. The standard EGM algorithm approach [1] treats
uniformly all the similarity values:!(r). That is, the total
similarity measure between a reference persamd a test

According to the standard EGM [1] the node similarity value
after the matching procedure is be given by:

cry=flr)+xdi(r)=[1 X ]di(r)=e"di(r) persory is simple the sum of all node similarity measures:
(13) L
where) is the constant that controls the rigidity/plasticity of Dy(r) = Z é(r) = 1Tc,(r), (19)
the graph [1]. In generad” does not contain any discrim- =

inant information. Thus, when forming the local similarity

measure the vecter’ should be superseded by a discrimi-

nant functiony; that is person and node specific. The new
local similarity measure is:

ci(r) = pi(dy(r)). (14) _ o
he discrimi ¢ b db . The transforms,. could be just a weighting vector or a
The discriminant transforms can be constructed by using e complicated nonlinear support vector machine [3]. We

I!nearv?/r nr(])n-lmear(;nl_eg]:('ds fo;bu|Idl?géjls;]cr|r$|napt¢an will use LDA to create a total similarity measure between
tion. We have use in order to find the discriminant 4 - ~terance personand a test persan

transformp!.

Let £L(r) and L (r) be the sets of local similarity vec-
torsd!(r) that correspond to genuine and impostor claims
respectively. In order to form the optimization criteridne

wherel is anL x 1 vector of ones. The algorithm should
learn a discriminant functiop,. that is person specific and
form the total similarity measure between faces:

Dy(r) = Brlce(r)). (20)

Let 7o (r) and7;(r) be the sets of the total similarity
vectors for the genuine and impostor claims of the refer-
' ence person, respectively. Let the within-class scatter ma-

b . . trix and and the between-class scatter for the total siityilar

etween class scatter matri®;(r), and the within class vectorsc, () be Vi (r) and Vz(r), respectively. The op-

scatter matrixDyy (r), of the local similarity vectorsly(r) iz weighting coefficients that are derived from the maxi-
are employed. The optimization criterion used for finding mization of

the discriminant weighting vectef' (r) Ty

\ o 4 DL(re'() Jw(r) = S Valwr) (21)
J(d'(r) = =7 o (15) w(r)” Vi (r)w(r)
a'(r)” Diy (r)a'(r) are the elements of the vectér(r) [4]:
The optimal weighting coefficients are given by [4]: Vi ( )71( (T() (To()
, - wir m T))—1m r
it(r) = R m(L5() - m(Le(m) g *0) = V() T 0) — mTo )l
O = D8, ()7 (g ()~ meLeyl O

w I = The similarity distance between the reference persand

The new similarity value between titeh node of the refer-  the test person after all the successively discriminant steps,
ence graph and the same node of the test graph is now: s given by:

ch(r) = pl(di(r) = ¢ ()" di(r). (17) Dy(r) = Br(ci(r)) = W(r) ey(r). (23)

(22)




Table 1. Error Rates according to XM2VTS protocol for Con-

figuration |
Configuration |
Evaluation set Test set
) FAE=FRE FRE=0 FAE=0 Total Error Rate(TER)
Algorithm | FAE=FRE | FAE(FRE=0) | FRE(FAE=0) [ FA | FR | FA | FR | FA | FR | FAE=FRE | FRE=0 | FAE=0
EGM 9.2 98.2 65.0 79| 50| 988 00| 0.0 | 61.0 12.9 98.8 61.0
EGM-ND 6.3 62.8 56.3 67| 42 | 638] 00| 0.0 | 61.0 10.7 63.8 61.0
EGM-LD 5.2 455 20.0 52| 40 | 450| 05| 0.0 | 17.0 9.2 455 17.0
EGM-FD 25 29.9 55.3 25| 32| 11202 02| 147 5.7 11.4 14.9
DEGM 0.2 0.7 6.5 16| 1.2 | 102 00| 0.0 | 131 28 10.2 131
automatic alignment method [6]. The acronym DEGM will
6. EXPERIMENTAL RESULTS be used when all the discriminant steps were used.
The experiments were conducted in the XM2VTS database 7. CONCLUSIONS

using the protocol described in [5]. The images were aligned
using an automatic alignment method. A8graph anda  The use of discriminant techniques in the EGM framework
modified morphological analysis was used. The training setis explored. The different phases of EGM that discriminant
is used for calculating for each reference perga{nd for information can be used are indicated. The successively dis
each nodé a matrix ¥'(r) for feature selection. A PCA  criminant steps are applied in modified morphological EGM
step is used prior to discriminant analysis in order to abtai algorithm.
the invertibility of B!(r).
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