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Abstract

This paper reports ezperiments in detecting fa-
cial features (eyes, mouth, and chin-lines) from
a front-view ID-type picture. First, at low reso-
lution, a context module defines a face template
in terms of intensity valley regions, using mor-
phological filtering and 8-connected blob coloring.
The objective is to generate a list of hypothesized
Jace locations ranked by Jace likelihood. The de-
tailed analysis is left for the high resolution eye
and mouth modules, to confirm as well as refine
the locations and shapes of their respective fea-
tures of interest. The detection is done via a
two-step modelling approach based on the Hough
transform and the deformable template technique.
The results show that facial features can be lo-
‘cated very quickly with Adequate or better fit in
over 80% of the images with the proposed system.
We also report some preliminary experiments on
chin-line following.

1 Introduction

In the research of face recognition, little work has
been done so far on the automatic detection of
facial features that is essential to the eventual
Tecognition goal. The difficulty is the lack of for-
malism in defining what a face is. The problems
we are faced with in automatic facial feature de-
tection therefore exist on two levels:

(1) On the feature level, we need to derive a
model for individual features that is descriptive
enough to embody the common shape, but yet
flexible enough to handle some degree of varia-
tion. As well for practicality, the technique em-
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ploying such a model must be executable within
a reasonably short time.

(2) On the face level, we are concerned with the
overall system integrity. In specific, we would like
to address the question of how individual compo-
nents in the system should interact in order to
maximize the performance.

In reference to the first problem, a number of
different techniques with varying degrees of com-
plexity had been employed in the past. Extrac-
tion techniques based on signature search [9112][7],
contour following [4], and fixed template match-
ing [1] were found to be inadequate mostly be-
cause they had failed to satisfy the representa-
tional requirement. The description in each case
was either too simple to be used as a reliable
recognition measure or too restrictive to cap-
ture variations of the same general shape. The
few successful attempts in this area (6] [8] [12]
[10] [5] have been based on higher level mod-
elling techniques, such as template and spring
model, Hough transform, and deformable tem-
plate model.

Even fewer attempts have been made to’
achieve a complete facial feature location system.
Many of the research mentioned earlier (8][12][10]
assumed that processing could be limited to a lo-
calized region without investigating how it could
be done. Others [9][2][7] adopted a sequential ap-
proach so that the successful location of one fea-
ture would serve to limit the search of other fea-
tures. While it is computationally attractive and
intuitive, it will allow error to propagate and ac-
cumulate from module to module. The integrity
of the overall system in such sequential design
is highly questionable. The solution is therefore
to adopt a hypothesis and verify approach such
as that suggested by Govindaraju et al. (6] and
Craw et al. [5]. However, the hypothesis genera-
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tion mechanism needs to be simplified to be used

effectively in a practical system.

In this paper, we report our experiments in
extracting the shapes and locations of eyes and
mouth from a relatively unposed head and shoul-
der picture of a clean shaven subject without
spectacle. By relatively unposed, we mean that
the facial image is assumed to be a front-view
ID-type picture, but the face location, head size,
lighting, and background are allowed to vary. The
system is composed of three modules: a con-
text module that generates hypothesized face lo-
cations (ie. face contexts), and eye and mouth
modules, whose aims are to confirm as well as re-
fine the locations and shapes of their respective
features of interest. The context module is based
on a speculation and confirmation concept which
employs a simple morphological filter based seg-
mentation technique that is very quick to execute
and yield reliable results. The eye and mouth
modules, on the other hand, are more complex
and are based on a combined approach of the
Hough transform and deformable template tech-
niques. The important design objective here is to
eliminate dependency among confirmation mod-
ules, so that if one fails, the rest can still con-
tinue. As well, the confirmation modules can be
computed in parallel, possibly on a multiple pro-

_cessor system. We also report preliminary exper-
iments on chin line detection. The development
and results of this system is discussed in detail in
the remainder of this paper.

2 Context Module

The design of the facial context module is based
upon the observation that though the sizes and
distance among facial features may vary, their
overall spatial arrangement remains the same. A
facial context is therefore simply a collection of
distinct regions whose spatial arrangement resem-
bles that of the eyes, eyebrows and mouth. The
approach here is to first identify all distinct re-
gions and then attempt to group these regions
into plausible contexts. The eventual objective is
to obtain a list of potential face contexts ordered
by face likelihood.

Image Segmentation:
Since there is a separate confirmation step
for verification and refinement, the emphasis of

our segmentation step will not be in precision.
Rather, we just want to locate regions of interest
roughly and quickly. It is broken down into three
steps as follows:

Resolution Reduction: The original 256 X 256
image is reduced to 64 X 64 by a 4 X 4 averaging
operation.

Valley Detection: Morphological opening
residue operation with a 5 X 5 circle mask is used
to extract dark regions (ie. eyes, eyebrows, and
mouth) in the reduced image [11].

Region Idenification: 8-connected blob color-
ing is employed to assemble the detected pixels
into distinct regions.

In order to facilitate reasoning in the follow-
ing facial context evaluation step, the segmented
image is further condensed into a list of distinct
regions with the following attributes: size, length
and width of the bounding rectangle, average,
maximum and minimum grey level, and centroid
location.

Contezt Constraint Model:

Pair Analysis: The context constraint model
is based primarily on the successful location of the
eyes. The eyes in this case are modelled simply as
a pair of similarly shaped horizontal regions rated
and thresholded in terms of their shape resem-
blance and position correspondence. Shape re-
semblance is measured by overlapping the bound-
ing rectangle of the two’s and taking the propor-
tion between their symmetric difference and in-
tersection. And positional correspondence is de-
rived by forming a vector between the centroid
of the two regions and measuring the amount of
deviation of this vector from the horizon.
Context Completion: Once the pair (ie. eye)
regions are identified, the module then attempts
to complete the context by locating plausible re-
gions positioned at the estimated locations of the
remaining parts (ie. eyebrows and mouth). The
total cost of missing components is simply the
sum of all the missing parts.

Context Evaluation: The final context evalua-
tion is based on a combined cost of the two pre-
vious measure. This combined cost measure is
a heuristic derived through conservative experi-
ments. It can not guarantee that the correct con-
text will be ranked first in the list, but it will
certainly include it in the list for further confir-
mation. This cost measure can be further tuned
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and modified to reduce the time requirement.

FEzperimental Results and Discussion:

The context module described has been imple-
mented and tested with a set of 67 images, all of
which are without spectacles. The correctness of
each context is judged by whether the true eyes
and mouth are included in their estimated po-
sitions. Figure 1 illustrates such example con-
texts. Although the estimate may seem to be

(b) Wrong Context

(a) Correct Context

Figure 1: Example Contexts

over-generous, it is kept conservative in order to
account for the potential error in locating the cen-
troids of the eye regions.

The actual run time ranged from a low of 0.010
sec to a high of 2.117 sec. The average run time
was 0.863 sec with a 0.604 sec standard devia-
tion. Of the 67 test images, the context module
correctly identified the real face as being one of
the potential contexts in 64 images. Fifty-seven of
these ranked it as being the first in the list, while
the remaining 7 ranked it within the top 3 poten-
tial contexts. Of the 3 that failed, lighting was
generally insufficient. As a result, the segmenta-
tion step was unable to pick up one or both of
the eye regions. It was expected that if pictures
were of better quality, better performance could
be achieved with no modification to the module.
The result is very promising since it places the
module at a 96% hit rate with minimal execution
time.

3 Eye Module

The objective of the eye module is to confirm and
refine the eye location in the given region. Our
approach is a two-step technique based on the
use of Hough transform and deformable template

modelling. In the first step, we shall attempt to
locate the irises modelled as a pair of circles us-
ing the circle Hough transform technique, as in
[8]. After the irises have been located, a template
of only the bounding parabolas is used to cor-
rectly orient and complete the description of the
eye pair.

Circle Hough Transform:

Our circle Hough transform routine has been
designed to incorporate gradient direction infor-
mation. The equation of a circle used is (z —a)? +
(y — b)? = (d/2)? where (a,b) is the circle center,
and d is the diameter. Given the coordinates of
a valid edge point, (z,y), the gradient angle 8
and its error 66, the centers of all potential cir-
cles will lie on an arc of  + 7 + 66 at a distance
of % away from the edge point. The parameter
space is therefore a 3 dimensional one with axes
a, b, and d. A modified Midpoint circle algorithm
is used to generate these arcs efficiently. Details
of this routine can be found in [3].

In order to account for potential edge loca-
tion error, a local averaging operation over the
a—b plane within the parameter space is first per-
formed. As well, a preliminary screening based
on statistical measures is applied. For each di-
ameter R, we calculate the standard deviation o
and mean p of the accumulated counts. Only
cells with accumulated count greater than o + p
are screened through to be examined in detail.
Finally, the evaluation of each circle is based
on both its diameter and accumulated count:
SCeircle = count * FLount_

However, the combination of edge inaccuracy
and accidental alignment of edge points produces
a blurred parameter space which makes distinc-
tion of good and bad circles difficult. To overcome
this problem, we apply an additional constraint in
circle selection, namely a pair of identically sized
circles, one in each eye region, must be located.
The circle pair is evaluated using the following
equation: Scpair = SCiircle1 + SCleirclea — tilt?
where SClircier and SC.ireie2 are the score com-
puted from previous equation for the two circles,
and tit is the angular measure in radians be-
tween the centers of the two circles. The equa-
tion SCp,iy is used in a ranking step to obtain an
ordered list of potential iris pairs. In the absence
of a better measure for the time being, only the
first pair is used in the deformable template step.
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This can be refined to an iterative search down

the potential iris list, once a reliable measure has
been established to distinguish a good fit from a
bad.

Deformable Template for Eye Boundary:

The eye boundary template, modified from
that proposed by Yuille [12], is composed of only
two parabolic curves. In order to utilize the sym-
metry between the two eyes, the final template

used is composed of two instances of that tem-

plates. The energy function of our combined tem-
plate can be divided into five separate pieces: the
upper and lower parabolas for the two eyes, and
the combined shape function.

The energy function used is based only on
edges and internal constraint force. The upper
and- lower parabola edge functionals are simply
defined to be the average edge strength over the
boundary of the upper and lower lids respectively
for each eye. The shape functional, on the other
hand, is composed of a number of shape and sym-
metry terms aimed at achieving certain desired
proportionality among template parameters.

The evaluation and optimization of this tem-
plate are done using the a modified Midpoint
_ conic generation routine and Downhill Simplex
respectively. The details of their implementations
and actual system variables used can be found in

(3]
Ezperimental Results and Discussion:

Our investigation was aimed at testing the de-
tection capability of the eye module. The test was
performed on proper eye regions, selected from
the 64 images that were correctly identified by
the context module. The objective was to decide
whether given the proper region, the eye module
could correctly extract the eyes. The final tem-
plate fit was overlaid on the original image and
subjectively rated for goodness-of-fit. The results
are classified into four rating categories similar to
that used by Shackleton et al. [10]. The results of
this Tun are summarized in Table 1. An example
of each is shown in Figure 2.

In general, it was found that a relatively Good
fit can be attained if the image is well contrasted
and of a bigger size. Yet, many images which were
taken early on in this investigation have lower pic-
ture quality and less effective use of available im-
age area (ie. the head size is relatively small).

Rating | Number Description

well fitted

resaonable fit centered
at the correct position.
some error in fit.
failed completely

Good 19 (29%
Adequate | 35 (55%

Marginal | 6 (10%)
No Fit 4 (6%)

Table 1: Eye Module Results

This contributed to the high percentage in the
Adequate category. In those cases, the edge in-
formation was less defined, therefore the fitted
template might be slightly off at some places,
though the overall fit remained fairly close.
Among the Marginal and No Fit cases, the
major source of error came from: the iris size, an
important reference measure for the deformable
template step. This was partly due to the im-
age quality and resolution problems mentioned
earlier. Because of the absence of a measure to
reliably distinguish a good fit from a bad, only
the first iris pair is used in the deformable tem-
plate step. Under poor image condition, the first
iris pair ranked by heuristics was often not the
real iris. Hence, this accounted for some of our
Marginal and No Fit cases. We expect the
percentage of Good to Adequate cases to im-
prove, once a reliable distinguishing criteria is es-

_ tablished. However, we do note that there is an

important problem inherent to our eye module.
And it lies on the use of the circle Hough trans-
form to locate the iris. In doing so we assume that
the iris will appear as a circular region. However,
for many individuals with small eyes (or more pre-
cisely, narrow eye openings), a large portion of
this circular iris is occluded.

4 Mouth Module

The objective of the mouth module is to confirm
and locate precisely where the mouth is within
the given region. The conceptual design of the
mouth module parallels that of the eye module
and is divided into two stages. The first stage
uses the classical Hough transform technique to
identify long horizontal edge segments within the
subregion supplied by the context module. Based
on this refined estimate, the 2nd stage will employ
the deformable template technique as proposed

160 Vision Interface 93




(c) Marginal

(b) Adequate

(d) No Fit

Figure 2. Eye Template Fit

by Yuille to identify the precise location and
shape of the mouth.

The experimentation for this module is set up
in the same format as that of the eye module. We
tested the mouth module with 42 images. This
is a subset of the images we used in a similar
experiment for the eye module. The reason is
that our mouth template is designed to handle
closed mouths and clean shaven individuals only,
and therefore some of the images were excluded.
The results are again evaluated subjectively using

the same rating categories as that of the eye mod-
ule. An example of each is shown in Figure 3. The
results are summarized in Table 2.

Rating | Number

Good 15 (36%
Adequate | 19 (45%
Marginal | 5 (12%)
No Fit | 3 (7%)
Table 2: Mouth Module Results
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(c) Marginal

(d) No Fit

Figure 3. Mouth Template Fit

The findings here are generally the same as
that for the eye module: the mouth module is
capable of extracting a Good to Adequate fit
in over 80% of the 42 test images. Because only
the first horizontal line is used from the list gen-
erated by the Hough transform step, there is no
guarantee that it is in fact part of the mouth.
Most No Fit cases were generated by those with
the incorrectly selected mouth line. This can be

rectified once a robust qualitative measure is de-
rived for distinguishing valid mouths from the in-
valid ones.

However, an important issue to note is the gen-
eral lack of reliable edge information in the mouth
image. Unlike the eyes, lips do not always appear
as a clearly outlined object in an intensity image.
This is particularly true for subjects with very
thin and/or light colored lips.
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5 Preliminary Study on Chin-
line following

To complete the facial description, we also at-
tempt to identify the lower face outline. Unlike
the eyes and mouth, faces come in a variety of
different shape, some are round, some are more
oval, there are yet some which are more angu-
lar. Therefore, it will be very difficult to model
it completely using for example a parabola, or a
partial ellipse. Therefore, the strategy here is to
extract it by line following instead.

Since the displacement of various components
on a human face are highly constrainted, the area
within which the face outline must pass through
can be estimated from the already confirmed lo-
cations of the mouth and eyes. However, even
with reliable constraints, the varying quality of
the outline prompts us to divide the trace into
three segments: left, right and bottom. The left
segment outlines the left margin of the face from
the eye level down to the mouth level. The right
segment does for the other side. The bottom seg-
ment is the boundary between the face and the
neck. The left and right segments are typically
straight and more well-defined, therefore, can be
used to confirm we are on the right track before
attempting the more difficult trace through the
bottom segment.

The trace of each segment is done separately
using the same generic line follower which treats
the edge elements as nodes in an undirected
graph. The process of finding the best edge con-
necting two distinct points in an image is equiva-
lent to finding the minimum cost path through
their respective nodes in the graph. And we
opted for a simple Depth First Search strategy
for its ease of implementation and runtime effi-
ciency. The successors for each accepted node is
ranked using the following criteria to determine
the search order:

(1) edge strength,

(2) proximity to the previous nodes,
(3) curvature,

(4) distance from goal, and

(5) past point performance.

The behavior of this generic line follower can
then be toned by changing system parameters,
le. gap and curvature tolerance to fit the specific
needs of each segment. The need for such relax-

ation parameters is due to the presence of spuri-
ous gaps and noises in the edge image. Therefore,
instead of being in the immediate neighborhood,
the successors of a node can be anywhere within
a cone-shaped area projected from it. The gap
and angle tolerances will then determine the size
of this search cone. Furthermore, given the max-
imum gap and angle tolerance allowed, a lookup
table of neighbor offsets indexed by discretized
distance and angle can be precomputed to maxi-
mize runtime performance.

By examining the chin line generated from 30
different images, we can determine the distribu-
tions of gap size and angular difference between
consecutive points for each segment type (left,
right, and bottom). The optimal parameter for
each type is then chosen so that it will cover 90%
of the total distribution within that type. As
shown, the scope of search chosen for each is as
follows :

Type | Gap tolerance Angular tolerance
left 5 30 degree
right 5 30 degree
bottom 10 60 degree

6 Conclusion

In order to construct a system to automatically
locate facial features, one must address the ques-
tions of how individual features should be rep-
resented and how they should interact with one
another. Our proposed system maps these two
requirements onto distinct levels of processing.
The context module generates hypotheses using
simple heuristics, morphological filtering and blob
coloring. As well, it provides the overall system
control. It was capable of capturing the correct
face location in 96% of the test images with an
average run time of less than 1 second. The eye
and mouth modules have been designed to con-
firm the existence and extract the precise shape
and location of their respective features of inter-
est through a combined Hough transform and de-
formable template technique. The results show
that these facial features can be located with
Adequate or better fit in over 80% of the im-
ages within less than 12 sec. Unlike [8][12][10],
the results reported here do not depend on un-
known pre-processing units or a-priori knowledge
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of the rough location of the desired features, as
well the runtime performance is far better. Fu-
ture research will include enhancement to the cur-
rent feature modules, addition of an alternative
context module for bespectacled individuals, as
well as additional modules for features, such as
eyebrows, noses, or even moustaches. As well,
we have to investigate how the context module
should integrate the results from the various fea-
ture modules and the possibility of refining these
tesults in an iterative process. And with the
current system design, these modifications can
be easily added without imposing drastic impact
on the other components. Hopefully, this will
eventually lead to a completely automated facial
recognition system.
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