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Abstract

Facial features determination is essential in many applicaions
such as persora identificaion, 3D face modeling and model
based video coding. Fast and accurate facial feature extradionis
still afiled to be explored. In this paper, an automatic extrading
algorithm is developed to locate “key points’ of facia features.
The Delaunay Trianguation/Vorond Diagram technique well
known in computational geometric is applied on the edge
enhanced hinarized facial image. Fadal features are classified
and extraded in terms of various types of Delaunay triangles and
the dual of a subset of the Delaunay triangles, Voronoi edges
form the skeleton of fadal skin. That is, fadia feaure's shapeis
described by Delaunay Trianguation/Vorond Diagram.
Furthermore, the facial feaures can be identified. The method
succeeds in locaing fadal features in the facial region exactly
and is insensitive to face deformation. The method is executable
in areasonably short time.

Keywords: Facial feature extradion, eyes/mouth corners, VVoronoi
Diagram/Delaunay Triangulation, point set cluster, skeleton

1 Introduction

Facial feaure extraction plays an important role in many
visualiz applications. In automatic 3D fadal mode fitting
and in facia expresson analysis, positions of an
individual's face features have to be located in order to
express quantitatively the fadal features shape. For an
automatic face recognition system, the features or
representation of a face are extracted from an input facial
image and then compared in a matching process. In alow
bit-rate video, location of facia feauresis the prerequisite
for model based image wding. Extrading facial feaures
acaratey and efficiently is still acomplex issue. The main
problems are that fadal features vary in shape between
individuals and are even highly deformable for one
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individual; lighting conditions vary for different input
images as well.

Reseachers have developed a number of methods to
extract facial feaures based on; geometricd face modeling
(Jeng et a 1998), fedure template matching (Lin and Wu
1999), deformable template matching (Chow and Li 1993),
eigenface modeling, elastic graph matching (Liao and Li
2000) and Gabor based complex filtering (Liao and Li
2000, Smeradi, Carmonaand Bigiin 2000). Some methods
locate feature only roughly by marking the centers of the
fadal features (Jeng et a 1998 and Smeraldi, Carmonaand
Biglin 2000). The other methods are devoted to more
exading fadal feature extracion (Lin and Wu 1999, Chow
and Li 1993 and Liao and Li 2000).

The precise iris and eye or mouth corner locaions are
given. Among those precise fadal fedure extradion
methods, Chow and Li (2000) propose morphologic
filtering and 8-connected bob coloring to find the intensity
valley regions for the matching o faee template in low
resolution. The fine features sich as the locations and
shapes of eyes or mouth are analyzed in high resolution
based on a Hough transform and the deformable template
methods. The method can extract the g/e boundary with
the deformable template. However, the determination of
the cutoff (threshold) valuefor each feaure in the emplate
energy cost is a difficult task. Lam and Yan (1996 and
1998) improve the method by detecting the g/e and mouth
with a deformable template and corner location. After the
head boundary is locaed using a snake model, the ge
windows are obtained by means of average
anthropometrics. Corners inside the g/e windows are then
detected and classified based on cost functions. The
preprocessing of corner locations avoid incorrect detection
of eyebrows as eyes. However, the assumption that all eye
corners are in a straight line, is inaccurate when detecting
rotated facial feaures and facial expressons. Liao and Li
(2000) describe afadal feature detection based on a Gabor-
based complex vector and dagtic graph matching. A facial
feature is represented by a Gabor-based complex vector,
which is obtained by a set of convolutions with a family of
complex Gabor filters in order to localize facial feaures
automaticdly. For a new fae image, a data structure,



cdled a Face Bunch Graph (FBG), is utilized. Collections
of face images with different points are marked at correct
fadal feature points manualy. Then a bunch of complex
vedors, eat derived from a different face image for the
same facial feature, is dored dadk-like for the
corresponding fadal feaure. The complex vector extraded
from a facial feaure in the new image will be compared to
all complex vectors in the corresponding bunch of the
FBG, and the best fitting one will be selected. Most facial
features are correctly and accuratdy detected but if the
starting point of a fadal feature is not within the crrect
egdtimation range, it will be located at a wrong pdnt. An
extra adjusting process is needed. Also the whole
extraction process istime consuming.

We can see from the above that most of the methods are
approached in a bottom-up way, that is, a face is detected
by a coarse location of fadal features at the first step and
fine features are extracted next. The accuragy of the result
is affected mainly by two factors, fada feaures
segmentation and flexible facial feaures classfication.
Little success has been made so far on the precise locaion
of facia features from a face image. It is difficult to
determine the boundary value to extraa facial feaures
from the background, and the facial feaure identification
is affected by rotation, perspective deformation and minor
scaling.

This paper focuses on the improvement in fadal feature
segmentation with Gabaor filtering and specific adaptive
thresholding method in order to retain precise facial
features in a form in which identification is easy. Another
contribution to the problem is usng Ddaunay
triangulation/Voronoi diagram computation to classify the
feature candidatures, which is aiitable for variation of the
fadal template. In this study, eyes and mouth are sdected
as the facial feaures to be recognized because of ther
generality and salience. Ther respective two corners locae
these features, as corners are important feature points in
shape description and their positions are lesssusceptible to
changesin fadal expression and deformation.

The rest of this paper is organized as follows. Section 2
anayses the intensity digribution of typicd grayscde
fadal images, then designs a thresholding scheme to
extract eyes, mouths (nostrils in some cases) and separate
them from fadal skin. For nea segmentation, Gabor-based
filtering is adopted to enhance the features edges. Section 3
describes facial features clustering, presented and
identified by Delaunay triangulation and the Vorinoi
Diagram. Section 4 contains the experiment results for a
set of fadal images obtained from the ORL database. A
conclusion is presented in Section 5.

2 Facial features ssgmentation
2.1 Intensity distribution of a facial image

Generally, a facial image is evenly illuminated. Intensity
within fada skin regions varies dightly. Due to the
different color of eyes and facial skin and the shadows cast
by eyes, nostrils and mouth over a face, these facial
features have a distinct intensity compared to skin. If we
take a look at the intensty illustration of a negative
grayscale fadal image, we will see the ridge like
distribution. The pe&s are situated in the position of the
eye sockets, mouth and nostrils. The ridges are well
separated. Their edges reflect the sudden intensity change
between eye sockets and skin around them and the shadow
between upper lip and lower lip contragting one from the
other, while the facial skin is distributed smoothly and
flatly.

Figure 1 shows the intensty distribution of two samples of
fadal images. The intensity of fadal skin dominates the
fadal region. The pixelsin the position of eyes, mouth and
nogtrils have generally higher intensity values than that for
fadal skin pixds.

2.2 Local adaptivethresholding

Bernsen’'s method is an edge sensing thresholding (Bersen
1986 and Verbeek, Vrooman, and Van Vliet 1988)
approach, which will highlight regions of the image
having high spatial gradients. In his method, athreshold is
cdculated by satigtically examining the intensity values of
the window for ead pixe. The threshold value H(, j)
takes the mean of the minimum and maximum values of
the locd intensty distribution in the window.

w |
H(, j) =05*{ MAX MAX I (i +m, j +n) +
m=-w n=-|
w |
MINMIN I (i +m, j +n)}
m=-w n=-|
I(i, j) istheintensity for pixel P(i, j) . Subtradingthe
thresholding value from the input, it yidds:
d@,j) =1, j)—-H(a,]j). Asd(, j) hasasecond order
derivative behavior, thresholded at zero (Bersen 1986), it
will highlight the eldge of the image.

There is a reationship between the window sizeused in a
locdly adaptive thresholding and the size of the objects of
interest in the image (Bersen 1986 and Trier and Jain
1995). Too small a window may cause true foreground
pixel be fasely labeled as background On the other hand,
the larger window yields redundancy because of an adverse
affect from the illumination gradient. The large window is
also more computationaly intensive than thresholding
using a smaller window. Figure 2 shows the method with
different values for w. When w=4, mog pixels in the



mouth area ae misudged as background pixels, causing
the lossof mouth feature. When w =20, the facial features
are wrongly enlarged. The method gives a satisfadory
result with w=6.

2.3 Ridge enhancement

A smple thresholding technique is often not sufficient to
extract all thefacial feaure pixels asforeground pixels due
to the intensity osmosis of the features and the background.
To neatly segment thefacia features from the fadal skin, a
restricted verson of a Gabor filter is used to enhance
ridgesthat represent facial feaures.

Thefilter is specificdly designed to give maximal response
to ridges at a specific orientation (Jain, Halici, Hayashi,
Lee, and Tsutsui 1999). The product of a Gaussan and a
consine plane wave gives the impul se response of the filter,
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Where ¢ is the variance of the Gaussian, k :[kx,ky]T is

the wave vector of the plane wave. The main features used
in thefilter construction are locd ridge spadng s and locd
ridge orientation angle 6. The ridge spacing determines
both the magnitude of the wave vector and the variance of
the Gaussian. The magnitude of the wave vector
corresponds to the frequency of the sine along the wave
vedor. Given 8 and s, k is determined by the eguations
bel ow:
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The Gabor filter responses are mmputed only on a number
of orientations in this study, thus imposing a light
computational load. As the orientation of facial featuresis
roughly at the horizontal direction, we choose 6 =0°,

6 =45° and 6 =135’. The choice is sufficient to enhance
the adges in eyes, mouth and in some cases, nodtril . Figure
3 shows an experimental filtering result in the three
orientations. In Figure 3(a), the largest portion of the ge
in the horizontal is captured. Figure 3 (b) and (c) extrad
the arved edge around the I€ft and right eye and eyebrow
corners respectively. Combining Figure 3 (a), (b) and (c),
Figure 3(d) is obtained. Comparing Figure 3 (d) to Figure
2 (b), We can see that each feaure is extraded precisdy
without fragments and the @rners of ead feaureremain.

With the proposed thresholding after edge enhancement,
the fadal features are seperated without fragments, but
some dark portions like hair, clothing and dimples/pimples
on the face might al'so be included. The unwanted parts are
removed by measuring the region’s szeand position. (See
section 4 for detail). Figure 4 isthe result of facial feaures
extraction of Figure 3.

S=

The segmentation of facia feaures from a grayscde image
by Gabor filtering and local thresholding can keep exactly
the g/essmouth corner points. However, the result might
include a number of other blobs that have a similar size
and are dose to the facial features. These blobs cause
difficulty in locaing the e/es/mouth corner points directly
from the segmented results using simple local window
searching or geometric calculation. Instead, Voronoi
diagram/Delaunay triangulation provides an efficient way
for analyzing the regions with the hep of the nearest
neighborhood detection of Delaunay triangulation and the
symmetry of the Voronoi diagram.

3 Facial feature detection

Theoreticd graph techniques have been extensively used in
clustering a planar paoint set (Urquhart 1982 and Tamura
1982). For clugtering, the densty of the point sat is
measured by Delaunay triangle's edge. It reflects the
neaest padking reighborhood of any point in the set.
Among these dustering methods, the minimum spanning
tree, the Gabrid graph and the relative neighborhood
graph represent the dusters of the point set by a graph with
vertices as the esentia paoints. They are the sub-graph of
Delaunay triangulation. Delaunay triangulation describes
the clusters of a point set by the mnnected Ddaunay
triangles with the paints in the set asthe triangles vertices.
The dusters are a subset of the Delaunay triangulation.
They form planar aress with any pair of points within a
cluser close to ead other, while any pair of paints
between two different clusters have a larger distance than
the oneswithin acluster.

3.1 Delaunay Traingulation for facial feature
clustering

Inapoint set P, its Delaunay triangulation is defined as,

DT:{T(pi'pjlpk)lpi UP,p; OP,p UP,
C(pilpjlpk)n P\(pilpjlpk):(p}

Where C(p;, pj, px) is the drcle drcumscribed by the

three vertices p;, p;, px, which form a Delaunay triangle
T(Pis Py P) -

In a well-separated point set, Delaunay triangles can be
classified into two types. A foreground triangle (F-T) isa
Delaunay triangle in a cluster. A background triangle (B-
T) is a Ddlaunay triangle outside any cluster. Highly dense
ponts form F-Ts, while sparse points constitute B-Ts.
Clear boundaries can be found to dfferentiate the two type
of triangles.



F={T(p, P; P) | maxd(p;, P; Py) <th}
B={T(p, P; p,) [maxd(p;, P; Py) = th}

d(pi, pj, py) is the distance between any two vertices in
T(pi,Pj, P«) - this the properly decided threshold which
yields F-Ts representing patterns of the paint set. We have,

DT=FUB FnB=¢

Constructing the Delaunay triangulation on the facial
feature candidature, the triangles in different contours can
be marked with different ID. Triangles are identified with
a threshold that is €ected as the distance greaer than the
minimum geometrical distance between fadal feaures
such as eyes, hose and mouth.

Figure 5 is an example of Delaunay trianges classification in
afacid image. Thefacia features consist of awell -separated
point pattern in a 2D plane. Edge length criteria in the
connected Deélaunay Triangulation alows us to identify
digioint regions with F-Tslying in the feature regions and B-
Ts located in the skin areas. Each region is bounded by the
connected F-Ts. These amnnected F-Ts form the regions of
two eyes/eyebrows and lip/nose. Faciad skin region is an
unseparated area; it digoins each facia feaure region. The
Delaunay edges shared by B-Ts and F-Ts form the boundary
of thefacid skin (see Figure 5).

DT/VD analyssalows usto, not only partition the regions
but also extrad the skeleton of the badkground areg
thereby identifying ead fadal feature.

3.2 Facial skeleton calculation with DT/VR

Blum and Nagd (1978) introduced the mputational
anayss of a skeleton. Congructing the DT/VD on the
boundary of a shape, the skeleton of shape is the discrete
symmetric axis defined by the allection of particular
Voronoi diagram points (Fukushima 1997 and Zou. 2001).
Each of these points is the center of a circumscribed circle
of a Ddaunay triange. We all it a Delaunay center.
Joining ead pair of Delaunay centers corresponding to two
adjacent B-Ts, the discrete symmetric axis (skeleton) of the
shape is obtained. Each of these pairs is a Voronoi edge.
The skeleton is a tree graph. In this discrete discription,
eah B-T is marked as a Jeevetriangle (ST), or a
Terminal-triangle (T-T), or a Junction-triangle (J-T) in
terms of the triangle having ane, two and no edge(s) on the
boundary, respectivdly. An end point is the Delaunay
center of a T-T, and a trunk point isthe Delaunay center of
a JT. A branch is a path of joined Delaunay centers
starting from an end point and terminating at a trunk
point. Pruning al the branches, we obtain the global
symmetric axis of the shape. It is the joint of al paths
between two trunk points.

Figure 6 shows the skeleton of the sample face.

We refer afacial skeleton as the discrete symmetric axis of
fadal skin. Connected B-Ts outline the fadal skin. It is
obtained by linking the Delaunay centers of S-Tsand J-Ts.
The topdogic structure is dightly different, based on two
cases of facial feaures clustering (see figure 6). Three
robust axes will be generated in both cases, 1) an axis (axis
1) between thetwo eyes, 2) an axis (axis 2) between the |eft
eye and the lip, and 3 an axis (axis 3) between the right
eyeandthelip.

3.3 Location of feature orners

The axes of the face skin separate ead region. The pair of
vertices in S-Ts that are the duaity of the axes touch the
boundaries of two different feaures. They are called
opposite paoints in Fukushima's paper (1997). Each axis
has virtualy the same orientation for various faces if they
are viewed from the front. In a frontal view face, axis1is
roughly verticd, while axis 2 and axis 3 are roughly 30°
apart from the horizontal line.

Based on these analyses, the recognition of ead region can
be conducted by checking the orientation and size of the S-
Ts which connect the eye/eyebrow and lip region. Three
such S-Ts are on the boundary of B-T set. We define them
as left triangle (L-T), Right triangle (R-T) and Horizontal
triangle (H-T). Their off boundary edges are the symmetric
pairs connecting different fadal feaures.

Algorithm for L-T, R-T and H-T searchingis asfoll ows:

Input: B-Tset B, F-Tsa F
Output: L-T, R-T, H-T

Begin: L-T and R-T searching

Prune branches by setting the B-Ts associated to
abranch asF-Ts;

H= the height of the image;
Seach the B,

if (aB-T' non-shortest edgeis on the boundary
& the B-T ison theright hand side of the

image)

if (the angle of the edge is greaer than 45° & the
length of the edgeis greater than H/3)

then mark the B-T asR-T;

if (aB-T' non-shortest edgeis on the boundary
& the B-T ison theleft hand side of the image)

if (the anale of the edaeislessthan 135° & the

OncethelL-T, R-T and H-T areidentified, we @n work out
the eye/lip contourby searching the regions that connect to



these triangles, thereby locaing the feaure cornersthatare
in the left/right most of a contour.

Figure 8illustratesthe L-T, R-T and H-T of Figure 7. The
corner paints connecting the triangles are marked.

4 Experiment Results and Discussion

The eperiment is conducted on the database of the Olivetti
Reseach Laboratory in Cambridge. There are 400 facial
images corresponding to 40 persons in the database. Each
image is 92x112 with 256 grayscae level. They were taken
under dightly different lighting conditions, with different
fadal expressions, orientations and perspective variations.
We are ®ncerned with the front view image without
glasses. 304 non-glasses images out of 400 total images
were selected.

4.1 Procedure

The procedure for feaure corner finding can be
summarized as follows:

Gabor [»| Adaptive |5 Contour |5 Noise |,

filtering | | thresholding| |extraction| | removal
»| DTIVR |b| DT |5 Skdeton],| Corner

construction| | Cluster| |extraction point

Contour extraction:

A contour extradion process is performed on the facial
feature candidatures to describe the facial feature's $ape.
Instead of calculating the whole image, only the paint in
the contour of thefacial feature candidatures are examined.
Therefore the Delaunay triangulation computation load is
reduced gredly.

Noise removal:

Filtering is conducted on the general assumption that in a
front viewed, head-and-shoulder image, fadal feaures are
locaed in the middle of the fada image with a specific
size. Only the @ntours having facial feaures size around
the center position of theface are retaned.

The @ntours with sizein the range of R = 0.05 ~ 0.2 and
pasition in 0.2L < x, <0.8L,0.7H <y, <0.1H are picked
up. R is the ratio of the contour's width | over the whole
image's width L or the mntour's height h to the whole
image' s height H. The antour's pasition is estimated with
its center pont c(X., Yo). Where x. = (X+X)/2, Yye =
(YurYa)/2. % is the minimum horizontal coordinate of the
contour; X, is the maximum horizontal coordinate of the
contour; y, is the minimum vertical coordinate of the

contour; Xy is the maximum vertical coordinate of the
region. The width of the mntour is I=x-x, and the height
of the contour is h=ygy,.

4.2 Resultsand discussion

Figure 9 shows the successful corner point location using
the propcsed method.

The only assumption of the feaure locaion method is that
the eyes come up in pairs and the mouth exists. The
method is insendtive to minor scding, perspective
deformations and rotation of an image.

Figure 10 and Figure 11 compare the propcsed method
with the methods of Lam and Yan and Liao and Li. In
figure 10(a), some @rner points do not match the real
corners because the facerotate, eye @rners are not in a
straight line. In Figure 11 (@), the left eyebrow paoint is
wrongly located because itsinitial searching pasition is not
in the estimated area The proposed method is not aff ected
by these conditions.

The method is not able to handle the foll owing situations:
1. The gretouching the boundary of the face or the hair;
2. The g/ejoining the eyebrow;

3. Themouth and face being covered by the beard;

4. Thefaeweaing gasses.

Thefadal feature segmentation affects significantly the
correct location rate and computation time. We ftest correct
location rate R using

Numberof imageswith correctfacialfeatureocation

R =
Totalnumberof testimage

.Table 1 tabul ates the correct location rate with different
image sizes for the same image.

Imagesize | Local ridge spacing S | Correct location
(pixel) (pixel) rate (R)
92x112 7 89%
120x146 9 90%

Table 1: Correct location rate with different resolutions

Table 2 is a comparison between the rrect locaion rate
of the proposed method and Lam and Yan's method for
the same images.




Method The proposed Lamand Yan's
method method
Image size 92x112 92x112
(pixel)
Correct 89% 85%
location rate
(R)

Table 2: Correct location rate with different methods

The processng time depends mainly on the Gabor filtering
computation time (85%). Figure 10 shows the processing
time with different image sizesand s.

We can see from the numerical results that, for the same
image, higher resolution givesa higher | ocation rate, but a
longer processing time than lower resolution; the propcsed
method provides more pricise arner locaion than Lam
and Yan's method.

5 Conclusion

Facial images are generaly illuminated evenly and facial
features guch as eyes, mouth and nostrils have higher
intensity value mmpared to skin. They form ridges in the
negative grayscale image. Gabor filtering in mainly
horizontal orientation enhances the ridges to distinguish
thefadal feauresfrom the facial skin.

Efficient separation of the features from fadal skin will
make the feature locaion easy and accurate. Bernsen's
method sdects an individua threshold for ead pixe,
based on the maximum and minimum intensity values in
their loca neighborhood. This alows the neat
segmentation of images with edge information.

In a Delaunay triangulation of fadal featuresfor aface, the
Delaunay triangles have different sizes in different areas.
By classifying the size of the Ddaunay triangles, the
different facia figures are separated into a number of
regions. Using with the DT and its dual Voronoi diagram
(edges) that represent the skeleton of the skin region, we
can find the symmetric points linking the feature corners
and therefore, locate each feature.

The propcsed method is robust and precise It is
independent of shape, lighting and miner scaling
variations. Also, the propcsed method is executable within
areasonably short computation time.
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