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Abstract

We propose a formalization of model-based facial fea-
fure recognition as an inexact graph matching problem, one
graph representing a model of a face and the other an im-
age where recognition has to be performed. The graphs are
built from regions and relationships berween regions. Both
nodes and edges are antributed. A global dissimilarity func-
tion is defined based on comparison of attributes of the two
graphs, and accounting for the facr that several image re-
gions can correspond to the same model region. This func-
tion is then minimized using several siochastic algorithms.

1. Introduction

Recognition of facial features such as eyes, lips, etc. is
important in several problems related to face and facial ex-
pression recognition {6]. In this paper we express the prob-
lem of recognition of facial features as an inexact graph
maiching problem [7]. One graph represents a model of fa-
cial features and their characteristics, while a second graph
is computed from an image to be recognized based on an
over-segmentation. Due to this over-segmentation, several
regions can be assigned to the same feature, i.e. to the
same model region. Therefore classical methods for graph
or subgraph isomorphisms are not suitable and the problem
belongs to the class of inexact graph matching, which is
known to be NP-complete [3].

An initial sclution for this problem has been proposed
using a deterministic tree search algorithm. In this paper we
propose stochastic algorithms and show that the results are
largely improved based on preliminary experiments. The
construction of the graphs for the specific application of fa-
cial feature recognition is described in Section 2. Then we
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express the inexact graph matching problem in Section 3.
The proposed algorithms, based on stochastic tree search,
genetic algorithms (GAs) and estimation of distribution al-
gorithms (EDAs), are presented in Section 4, and prelimi-
nary results are discussed in Section 5.

2. Graph construction

The image where recognition has to be performed is rep-
resented as a graph G p (the data graph), based on an over-
segmentation. In our experiments, segmentation was per-
formed using a watershed algorithm, but any other method
with similar properties could be used as well. Each region
in the segmented image corresponds to a node of the graph.
Edges represent spatial relations between any two regions.

The model is represented as a graph Gas (the model
graph), where each node corresponds exactly to one facial
feature of interest. Edges are defined as for G'p. In our
experiments, the model was built manually from a face im-
age. It can be for instance built from one image of a video
sequence, and used as a model for all other images of the se-
quence, or even of another sequence. A tracking procedure,
based on Gabor Wavelet Networks (GWN) [8] provides the
location of the face in each frame, as well as approxima-
tive landmarks of the features of interest, from which rough
regions of interest are defined.

We will denote by Np (resp. V) the set of nodes of
Gp (resp. Gar), by Ep (Epp) the set of edges of Gp (G )
(in our experiments, Ep = Np x Npand Eyy = Nas X
Nar). .

Both graphs are attributed, and the recognition will rely
on similarity functions between attributes. As an illustra-
tion, we use here the following attributes. Let a be a node
of G'p or G ps. The node attributes are defined as the aver-
age grey level g{a) of the region represented by a (normal-
ized between O and 1), a texture index w(a) computed from
wavelet coefficients, and the region label [(a) provided by



the tracking procedure. The latter attribute aims at restrict-
ing the search space.

Let a and b be two nodes of Gp (or of Gar). The edge
attribute is defined as the vector v{a, b) = 5%:?:‘: where p,
and py are the centroids of the regions represented by g and
brespectively, and dy,,; is the largest distance between any
two points of the face region. This attribute is not symmet-
rical in a and & and therefore edges are directed.

Note that this graph construction and the choice of at-
tributes are specific to the considered application and to our
current experimentation, while the following two sections
are more generic.

3. Recognition as an inexact matching problem

Since in general |Np| is much larger than [N ], no ex-
act correspondence can be expected. Therefore, assigning a
node of s to each node of Gp is an inexact graph match-
ing problem. Recognition can then be performed by search-
ing for a homomerphism between G and Gy which sat-
isfies both structural and similarity constraints. A graph ho-
momorphism is a mapping b : Np — Njs such that:

V{ah,ah) € Np, (ah,ap) € Ep = (h(al), h(a})) € Enr

which imposes a structural constraint on the mapping be-
tween edges, and guarantees that each data node has exactly
one label (i.e. model node). '

Similarity constraints are then used to find the best ho-
momorphism. They are based on comparison of attributes.
A good homomorphism will maximize the similarity be-
tween attributes of matched nodes and between attributes
of maiched edges, or, equivalently, minimize a dissimilar-
ity. The dissimilarity between any two nodes gy € Np and
apr € N is defined here as:

ev(ap, ast) = Blgn(an) — grrlan)l+

(1 — Awplap) — warlas)| it Iplap) = lylaar)

where gp,;wp, lp (gar, war, Iar) are the node attributes of
graph Gp (Gar), and B a parameter for tuning the relative
importance of grey level and texture index (in our experi-
ments, we set 8 = 0.7). If the condition in this equation
is not satisfied, then the dissimilarity between ap and aar
is considered as maximal and the corresponding solution is
discarded. This criterion helps the tree-based search algo-
rithms converging fastly to a solution, though it may lead
to errors mainly near the boundaries of each label region.
Nevertheless, such possible situations do not compromise
the resulis in our experiments.

The dissimilarity between two edges ep = (a}y,a%) of
Ep and ey = (aly,a2,) of Ep is defined as:

celen,en) = flo(ah, aby) - v(akh, ad)ll
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Based on these functions, we propose to define a global
dissimilarity as:

Al = = enlap, hap))+
1 ’ND|,,,,§V,, ~lap,hlap
IE_D% >_  csllab,ap). (h(ab). hlad)), (D

(ah e} )EED

where o is a parameter used for tuning the relative impor-
tance of node dissimilarity and edge dissimilarity. In our
experiments we have set o = 0.4.

4. Optimization algorithms

In this Section, we briefly p}esent three types of algo-
rithms aiming at optimizing the global dissimilarity func-
tion. '

Randomized tree search. The first algorithm is an exten-
sion of a deterministic tree search algorithm [2]. The algo-
rithm creates a search tree where each vertex corresponds
to a pair (ap,aar). It is initialized with a dummy node that
is expanded in |Ny| sons (aly,al,), ...(ab, ap™!). The
dissimilarity function is computed for each node. Let us as-
sume that (al;, a3,) has the smallest value. Then it is anal-
ogously expanded in [Ny sons (a2, al,),...(a2,ah™")
and the dissimilarity function is calculated for each son (this
time involving also dissimilarity between edges (al,,a%)
and (af,’w, aj'w)), and so forth, until a tree vertex of the form
(ag\lnl,aﬂw) is reached. All leaves are possible candidates
for further expansion. Here we propose to randomize the
search by creating a priority list of k candidates (k = 100
in our experiments) having the smallest dissimilarity. Then
the next leaf to be expanded is chosen randomly among the
candidates of this list. This procedure is executed several
times, and since different executions may lead to different
solutions, we select the best one. This algorithm is very fast
and provides much better results than the deterministic one.

Genetic algorithms (GAs). Two types of GAs have also
been implemented and tested, in which each individual rep-
resents a correspondence hypothesis. The first one is the
elitist algorithm (eGA) [51, and consists in keeping the best
individual in a population and regenerate all the other indi-
viduals for the next generation. The second one is a steady-
state algorithm (ssGA) [9], where two individuals are ran-
domly chosen in a generation, undergo cross-over in order
to generate a new individual, which is then tested against
the worst individual of the generation. The worst of both is
then removed.



Figure 1. Left: model; middle: over-segmented image {subset); right: results obtained with EDAs.

Estimation of distribution algorithms (EDAs). EDAs
[4] are non-deterministic, stochastic heuristic search strate-
gies within the evolutionary computation approaches,
where a number of solutions or individuals are created every
generation evolving until a satisfactory solution is achieved.
The main characteristic of EDAs comparing to other evolu-
tionary search strategies is that the evelution from a genera-
tion to the next is done by estimating the probability distri-
bution of the fittest individuals, and afterwards by sampling
the induced model. In EDAs, the individuals are not said
to contain genes, but varables (again representing corre-
spondence hypotheses) whose dependences have to be an-
alyzed. Furthermore, while in other evolutionary computa-
tion heuristics the interrelations between the variables form-
ing the individuals are considered implicitly (i.e. building
block hypothesis), in EDAs the interrelations are expressed
explicitly through a probability distribution estimated from
the fittest individuals of the previous generation. Here, we
use different torms of EDAs, described in more detail in
[11: UMDA, PBIL and BSC where all variables are con-
sidered to be independent, MIMIC, where pairwise depen-
dences are included, and EBNA (using two different learn-
ing scores, BIC and K2), where all possible dependences
are considered. The last two categories require the gener-
ation of a probabilistic graphical structure in a form of a
Bayesian network, showing the dependences berween the
variables. In the first category, an arc-less structure is al-
ways assumed.

5. Results

The proposed method was first tested on an ideal exam-
ple, where the solution is known. The model was built man-
ually from a real image and contained 8 regions. These
regions were further subdivided in order to build the data

467

graph with 23 regions. On this example, all algorithms
found the correct solution, except the deterministic tree
search and the elitist GA (as was expected).

Now we present a real example, where the model and the
data do not correspond to the same person (but under sim-
ilar acquisition conditions). The model contains 8 regions
and is shown in Figure 1 (left). The image is automatically
segmented using the watershed algorithm, generating a data
graph with 75 nodes corresponding to one of the 4 rough
regions provided by the GWN {racking procedure [2]. It is
shown in Figure | (middle). The best result is shown in Fig-
ure 1 (right), and has been obtained by all EDAs. The con-
tours of the recognized eyebrow and pupil (including one
small erroneous region on the left of the eye) are shown, as
well as those of the hair region, which has no correspon-
dence in the model. Figure 2 shows the histogram of the
smallest dissimilarity values obtained with a large search
over possible solutions, i.e. the stochastic tree search algo-
rithm has been applied approximately 50000 times. The his-
togram corresponds to these solutions found by the stochas-
tic tree search algorithm. The best solutions obtained by the
stochastic algonthms are also indicated.

Table | summarizes the obtained results with all pro-
posed algorithms. The number of wrongly labeled regions
is computed based on a manual labeling of the segmented
image. All EDAs provide the same solution. Although their
computation time is higher (varying from 1 min for UMDA
and BSC to 8 min for EBNA g ), they lead 1o a better op-
timization. The 5 errors they made are also included in the
solutions provided by the other algorithms. The stochastic
tree search and ssGA are somewhat worse.

Among the 5 errors, 3 correspond to very tiny regions,
for which even the manual result cannot be considered as
reliable. One error corresponds to a region in the hair, and
exhibits one of the limits of the proposed approach, in cases
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Figure 2. Histogram of the best values found
for fi(h).

where the data contain objects that are not represented in
the model. An extension of this approach could be to aliow
for no recognition in such cases. Finally, the last error cor-
responds to a region at one extremity of the eyebrow, which
is labeled as skin. The reason is that the contour between
the eyebrow and the skin was not detected by the watershed
algorithm and therefore this region contains also some skin.

In the model, the skin is divided in several regions, which
are correctly recognized in the data. This result illustrates
the influence of edge attributes when node attributes are
about the same.

6. Concluding remarks

From our preliminary results; we can conclude that
slochastic algorithms are very promising for solving inexact
graph matching problems applied to facial feature recog-
nition. Future work aims at extending the experiments
to larger size problems. It is worth mentioning that the
stochastic tree search algorithm has already been success-
fully applied to images from different databases, thus in-
creasing our confidence in the methed. We also intend to
extend the proposed approach to video sequences by taking
benefit from the limited variations from frame to frame, as
well as to compare it 10 other graph-based approaches, such
as [10].
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