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Abstract
This paper explores the use of morphological operators for feature extraction in range images and curvature maps
of the human face. We describe two general procedures. The rst is the identi cation of connected part boundaries
for convex structures, which is used to extract the nose outline and the eye socket outlines of the face. The part
boundaries are de ned locally based on minima of minimum principal curvature on the surface. The locus of these
points suggests boundary lines which surround most convex regions on the surface. However, most of these boundaries
are not completely connected. To remedy this problem, we developed a general two-step connection procedure: the
partial boundaries are rst dilated in such a way that the gaps between them are lled. Second, the resulting dilated
outlines are skeletonized with the constraint that the pixels belonging to the original boundary parts cannot be
removed. A marker which identi es the convex region we are trying to describe is then used to select the region
enclosed by the new connected outline. We show examples of this procedure in the extraction of the nose boundary
and eye socket boundary.
The second general procedure discussed is the identi cation of connected ridge lines, which is demonstrated in
the extraction of the browline and the chin/jaw line. Ridge lines are de ned as local maxima of maximum curvature
in the direction of maximum curvature. The same skeleton-based procedure as above is rst used to connect the
ridge lines. Skeletonization is then used again to reduce these lines to simply connected ones. The last step primarily
consists in extracting the longest path within the obtained components: this is achieved by using the propagation
function to nd the extremities of these paths and then connecting them within the components by means of geodesic
distance functions. The entire process provides a robust and accurate extraction of brow and chin/jaw lines.

1 Introduction: The Study of Face Recognition
Face recognition is a dicult visual representation task in large part because it requires di erentiating among objects
which vary only subtly from each other. It represents a particularly interesting case within the context of object
recognition. It is much less constrained than the case of rigid machined objects most often considered and yet it
is more constrained than the general case which includes \objects" which could be posed in an in nite number
of con gurations (e.g., a cat or a sweater. . . ). Human face recognition abilities provide convincing proof that the
problem can be solved; we have the capacity for remembering and accurately distinguishing among hundreds, maybe
even thousands of faces. Yet, despite a long standing interest in the computer vision research community, very
little progress has been made toward developing a robust automatic face classi cation system. Importantly, face
recognition is also rich in application areas. The most familiar application is in the security industry. Popular
movies and television series have already shown many examples of high security systems which base admittance
on identi cation by face matching. Although the accuracy required for high security applications may not be
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available in the short term, lower security applications or identi cation veri cation systems may be practical in the
near future. Other application areas include the eld of communications, speci cally adaptive image compression
for teleconferencing, and the eld of advanced human interface, which seeks to use information about the facial
expression or identity of the user to adapt interaction paradigms.
Previous research in face recognition has been based primarily on two dimensional (2D) intensity images. This
work can be grouped into two categories. The rst category involves description of individual features and their
relationships. Several di erent approaches of this type are given by [8, 14, 32, 15, 24, 19]. The second type of
approach uses general pattern recognition techniques which do not include processing speci c to faces. Examples
are given by [26, 9, 1, 3]. Some researchers have tried to improve upon these methods with hybrid systems. These
systems tend to use feature extraction to set orientation and bounds for the general pattern recognition techniques
[3, 5, 4].
For all but the simplest cooperative subject security application, however, the view angle of a face will not
be constrained. Thus, unless many di erent views of each subject are used in the system, treating the face as a
2D pattern is not sucient for robust recognition. When comparing among a large number of faces, the multiple
view approach becomes impractical. Taking 3D information into account would allow for a single view invariant
description, which is more robust and practical for large databases. Depth based processing also has the potential
for better accuracy, a richer feature base, and provides the potential to use curvature measures which are inherantly
viewpoint invariant [11].

2 Speci cations of Range Data
Advances in range nding technology have made it possible to trace the shape of the face at a resolution of 0.4 mm or
smaller, making possible accurate calculation of surface curvatures given a careful treatment of noise. The availability
of this type of data opens up many new avenues for face recognition using surface description.
The data used in this paper were generated by a rotating laser scanner system. Depth is stored in a cylindrical
coordinate system, where f (; y) is distance measured from the central vertical axis to the surface (see gure 1). Each
data set has 256 equally spaced samples along the vertical axis, y, and 512 equally spaced samples in  from 0 to 2.
Figure 2(a) shows an example depth le in parameter space. Figure 2(b) shows a view of the same data set rendered
from a polygon model made by connecting nearest neighbors in the depth map. This style of representing range data
has many useful properties. Importantly, it gives a panoramic perspective without complex reconstruction techniques.
A rotation of the object about the y axis maps to a translation in  in the parameter space. A translation of the
object within the range of the sensor will correspond to an expansion in  about one of the longitudes in parameter
space. The mapping from parameter space to absolute 3D coordinates is straightforward.

3 The Use of Di erential Geometry in Surface Description
Information about how a smooth surface is curving is essential in describing natural or free form surfaces such as the
face. Curvature of a surface is also a local surface property, and hence is independent of the pose of the surface with
respect to the coordinate system of the data. Let us summarize brie y the de nition of principal curvature, which is
the basis for the features we wish to extract.

3.1 Principal Curvature
For the case of a curve in a plane, the most intuitive de nition of the curvature  at a point P on the curve is in
terms of the radius of curvature at P , 1=. Three points de ne a unique circle. If we select two points on a given
curve, one on either side of P , the radius of curvature is the radius of the circle de ned by these points in the limit
as the two surrounding points approach P . Curvature can also be de ned as the rate of change of the tangent vector
eld of the curve.
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Figure 1 : Cylindrical parameterization of the depth data.

These concepts based on plane curves can be extended to describe surfaces. At each point P on the surface
(required to be twice continuously di erentiable), a curve is formed by the intersection of the surface and the normal
plane in a given tangent direction t~i . The curvature of this planar curve is the normal curvature n at P in the
direction t~i . The maximum and minimum normal curvatures at a point de ne the principal curvatures, max and
min ; the directions ~tmax and ~tmin associated with each principal curvature are the principal directions of the surface
at P and by Euler's theorem are orthogonal [18].
The principal curvatures and the principal directions are given by the eigenvalues and eigenvectors of the shape
operator matrix:
L = DG,1 ;
(1)
where D is the second fundamental form of the surface and G is the rst fundamental form. These fundamental
forms can be calculated as functions at each point of the rst and second di erences of the sampled surface data.
For a more detailed background in di erential geometry consult [18].

3.2 Ridge and Valley lines
Important surface structure is conveyed by extrema in principal curvatures max and min . To capture this information, we de ne two new features, ridge and valley lines. Ridge lines are de ned as local maxima in max along
the line of maximum curvature (~tmax ) and similarly valley lines are local minima in min along line of minimum
curvature (~tmin ). For practical computation we also apply thresholds, threshr and threshv .
Thus to calculate the ridge lines we
 consider only (kmax > threshr ),
 using bilinear interpolation among the local neighbors of each pixel, suppress all points which are not local
maxima along the line of maximum curvature ~tmax.
Valley lines are found with a similar process. The threshold applied is instead (kmin < threshv ), and points are
suppressed when they are not local minima in direction ~tmin . It is important to note that setting the thresholds
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Figure 2 : (a) Depth of face parameterized as f (; y) (Leonard Nimoy as Spock), (b) rendered
polygonal model of face composed from coarse sampling of depth data.

in this case is not the sensitive process it is in edge detection. These thresholds are absolute measurements related
to the physical structure of the surface. We can set the same threshold across all images. With faces, for instance,
curvature at the magnitude of the nose is signi cant, whereas curvature at the magnitude of skin imperfections of
small wrinkles is not interesting for most applications.
Figure 3 shows ridge and valley lines for two faces. Note how clearly the characteristic features of the face are
displayed by these extrema.
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Figure 3 : (a)(c) Ridge lines: local maxima of (kmax > threshr ) in direction of maximum curvature, and (b)(d) valley lines: local minima of (kmin < threshv ) in direction of
minimum curvature. (a) and (b) are from subject 1, (c) and (d) from subject 2. Data
is presented as f (; y)

3.3 Correspondence of ridge and valley lines to physical features
The correspondence of ridge lines as we have de ned them to physical features of a \ridge" is very intuitive. If any
area on the surface is elevated relative to its surroundings it will have a crest or ridge of some form at its peak. If
the area is elongated, the ridge will form a connected line. These points, as extrema of curvature, are well de ned
and useful for registration and description of the surface.
Valley lines as we have de ned them also have an intuitive correspondence to the physical feature we usually
refer to as a \valley", a depressed region in a surrounding plateau. More importantly for many applications, they
also are found surrounding any compact convex region. This point is related to the de nition Ho man and Richards
[13] gave for part boundaries [11]. It is this con guration of valley lines, enclosing a convex structure, which we are
interested in locating in our data. We discuss this in the next section. Then, in x 5, we discuss the extraction of
features in ridge line images.
Note that once the desired features have been extracted from binary images of valley and ridge lines, they can be

mapped back onto the original 3D model. This allows us to numerically describe these features by means of absolute
measurements. For example, the width of the chin is obtained as the distance in 3D space between the extremities of
the extracted chin line. Other parameters, like the width of the nose or the length of the brow line can be obtained
in a similar manner.

4 Features marked by con guration of valley lines
Although close in some cases, it is important to note that valley lines surrounding convex regions are not generally
completely connected boundaries. A major problem is that, unlike the zero crossings of a function, connecting local
minima of lines of curvature will create curves which can end abruptly with no continuation. This occurs when a
local minimum and a local maximum on one line of curvature coalesce and disappear in nearby lines of curvature.
Combined with a priori knowledge of the face, however, this information can become very useful. If we know what
we are looking for we can use this information to help ll in the gaps and identify signi cant boundary points using
morphology [22, 23]. We illustrate this with the calculation of eye socket regions and the bounding area for the nose.

4.1 Extraction of eye socket regions
For the eye regions, we rst use the location of the corner cavities of the eyes (or approximations based on the eyeball
location if the cavities were not located successfully)[12] to establish a region of interest for the search. All further
processing can be done within this bounding area, speeding up the process considerably. An example is shown by
the rectangle superimposed on gure 4(a).
As already mentioned and as can be seen on gure 4(b), the main diculty we encounter is to connect the
di erent pieces of the boundary of these eyesocket regions. Connection techniques based on neighborhood graphs,
like the Gabriel Graph [10] or the Relative Neigborhood Graph [25] are inappropriate here, since they do not account
for the fact that gaps between boundary parts are relatively small. These graphs would thus yield numerous wrong
connections. Similarly, graph-based techniques like those proposed in [21] would be too global in nature.
For these reasons, we developed a new connection procedure, which we also used in the extraction of nose regions
(see x 4.2) as well as features marked by con gurations of ridge lines (see x 5). It consists of the following succession
of operations:
 First dilate the image by a small isotropic structuring element. Since the gaps between contour parts are not
too large, this transformation has the e ect of reconnecting the eye-socket region correctly (see gure 4(c)).
The structuring element used for this process is a discrete disc of radius 2, i.e. an elementary octagon.
 The contours resulting from this dilation operation need to be thinned. At this point, one cannot simply
erode these contours again by the same disc (thus performing a closing of the original image), since some
of the disconnections could still remain afterwards! Instead, we based our approach on the binary skeleton
transformation [2, 6]. It has the advantage of yielding a 1-pixel thickness contour while preserving the homotopy
(i.e. here, the connectivity) of the dilated contours. However, using a classical skeleton transformation often
produces parasitic barbs, which then need to be pruned. In addition, the resulting pruned skeleton may not
contain the original contour parts any more.
To avoid these problems, we used an algorithm originally proposed in [27, 28], which can be seen as a constrained skeleton algorithm: the previously obtained thick contours are progressively thinned starting from
their boundary pixels. Two constraints are used during this operation:
{ A pixel can be removed only if this removal does not modify the homotopy of the current set of pixels, i.e.
does not break a line or remove a connected component.
{ A pixel belonging to the original contour (the broken valley lines) cannot be removed.
This process is iterated until stability (no more thinning is possible under the constraints). Its result is a
superset of gure 4(b), where the components which had been connected via dilation are now connected by a

1-pixel thickness line (see gure 4(d)). Note that the entire process is extremely fast, since the algorithm is
based on a breadth- rst propagation inside the dilated components, and is implemented via a queue of pixels
[27, 29].
More generally, this connection technique can be used to nicely connect components of a binary image which
are \relatively close to one another". The closeness of two components can be de ned in various ways depending on
the structuring element used in the initial dilation step.
The next stage of the algorithm is to determine which of the boundary points specify the eyesocket itself. This
can be done rather straightforwardly by using a previously extracted marker of the eyeball or lid [12]. This marker
is shown in gure 4(e). Using a morphological seed ll algorithm known as geodesic reconstruction [16], we can now
extract the connected component of the background (inverted gure 4(d)) which is \marked" by this lid. This yields
the region illustrated by gure 4(f). The external boundary of this region is the boundary of the desired eyesocket
(see gure 4(g)).
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Figure 4 : Sequence of images illustrating the extraction of the eyesocket regions

4.2 Extraction of nose region
A similar technique allows us to extract the nose region. In this process it is common to nd more than one nose
marker, since the nose ridge often exhibits a \dip" in its middle, thereby yielding two convex regions below and
above the dip (see gure 5(a)). We connect the broken boundary with the same process as is used for the eyesocket,
and extract the enclosed regions marked. After this reconstruction, an elementary morphological closing is used to
connect the extracted regions into one single nose region (see gures 5(b){(c)), whose boundary is shown gure 5(d).
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Figure 5 : Sequence of images illustrating the extraction of the nose region

(d)

5 Features marked by con guration of ridge lines
We shall illustrate the detection of features marked by con gurations of ridge lines on the extraction on chin/jaw
line and the eyebrow lines. Sample original ridge images are shown in Figure 6.
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Figure 6 : Sample ridge line images used to illustrate the extraction of the chin/jaw line and the
eyebrow lines.

As can be observed on this gure:
1. There are numerous irrelevant ridge lines, primarily oriented vertically.
2. The desired lines are roughly horizontal.
3. The desired lines are not necessarily connected, but the disconnection between their di erent parts are small.
4. The left and right sides of the chin/jaw ridge never curve downward when the face is in the upright position.
In addition, we can use anthropometric data collected from a wide sample set of human faces [7] to set limits on the
location of most facial features relative to other (previously extracted) features. We can nd the expected position
of the brow and chin lines from the location of
 inside and outside corners of the eyes,
 nose bridge and base,
which are extracted with other processes [12]. The expected position can be expressed in the form of a bounding
rectangle. The bounding boxes corresponding to the chin and the eyebrows lines for gure 6(b) are shown in
Figure 7(a).
The mainly horizontal orientation of the ridge lines we wish to extract makes it possible to easily lter out
a great deal of the noise present on gures 6(a){(d). A binary opening with a 2 pixel wide horizontal segment
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Figure 7 : (a) Bounding rectangles containing the desired ridge lines. (b) After ltering out the
ridge lines with the wrong orientation.

eliminates every line portion whose orientation  is not within the bounds [,arctg(1=2); arctg(1=2)]. The result of
this morphological lter for gure 6(b) is shown in Figure 7(b).
The second step of our ridge line extraction method consists in connecting the ridge lines which exhibit small
disconnected parts. This is realized by using again the connection technique introduced in x 4. A dilation of
gure 7(b) with respect to a discrete disc of size 2 produces a coarse connection of our ridge lines (see gure 8(a)).
The second part of the algorithm is the constrained skeleton of gure 8(a), which yields the connected ridge lines
shown in Figure 8(b).
At this point, one can notice that the original connection by dilation induces a number of \bridges" between
ridge parts, sometimes creating holes in the connected ridge lines. These holes are then of course preserved in the
homotopic constrained skeletonization process! The technique used to eliminate this problem consists of lling the
holes in image 8b (in fact, lling the holes only within the bounding boxes of gure 7(a) is sucient), which yields
gure 8(c). Another skeletonization is then used to produce a thin output, shown in gure 8(d).
By intersecting the result of gure 8(d) with the bounding boxes of gure 7(a), we produce gure 9(a). The
nal extraction steps proceed as follows:
 Extraction of the largest connected component within each bounding rectangle. One of them corresponds to
the chin line whereas the other one contains the desired eyebrow line.
 Removal of chin line portions with wrong orientation. Here, we use the fact that the tips of chin line are
ascending in all human faces in the upright position. Using the previously extracted symmetry line of the
image [11], we are able to nd which parts of the chin ridge are on the left and which parts are on the right.
To remove the portions with wrong orientation, we then do as follows:
{ Locate and remove the multiple points of the chin line, thus decomposing it into several simple components.
{ Based on the location of its end points, determine the overall orientation of each component, a technique
originally used in [31].
{ On the left of the symmetry line of the face, components must have angle of orientation 10 >  > ,45,
similarly on the right of the symmetry line, components must have angle of orientation 45 >  > ,10.
Components outside these ranges are removed.
{ \Glue" back the remaining pieces together.
 Extraction of the longest path within each component. This is also a multistep operation which is performed
as follows:
{ Compute the propagation function of the chin and the eyebrow components. Recall that the propagation
function pX associates with each pixel of a connected set X its geodesic distance (denoted dX ) to the
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(c) hole lling

(d) regular 8-connected skeleton
Figure 8 : Connection of ridge lines.
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It turns out to be an extremely useful transformation, whose fast computation was proposed by M. Schmitt
a few years ago [20, 17].
{ Extract the pixels corresponding to the absolute maximum of the propagation function over each component. These pixels are the end points of the desired longest paths.
{ Let X be the considered component, p1 and p2 the previously extracted extremities. To nd the path
connecting these two pixels within X , we use a technique proposed in [30] based on geodesic distance
functions [16]. By computing the geodesic distance between every pixel p 2 X and p1 and p2 , we nd the
pixels p 2 X which satisfy:
dX (p; p1 ) + dX (p; p2 ) = dX (p1 ; p2 ):
The locus of these pixels exactly correspond to the desired longest path, as illustrated by gure 9(b).

(a) clipped ridge lines

(b) result

Figure 9 : Final extraction stages for chin and eyebrow lines.

The nal chin/jaw and eyebrow lines produced by this technique on the initial ridge images of gure 6 are shown
in gure 10.

6 Conclusion
This paper has described general procedures for locating features de ned by the con guration of extrema in principal
curvature. We have termed these extrema ridge and valley lines. Such procedures would be useful in any kind of
surface registration or description task. Illustrations and examples presented were from the domain of face recognition.
We used prior knowledge of the general shape and structure of our surface to generate markers and orientation tuning
parameters.
More speci cally, we rst gave a general procedure for the detection of boundaries of convex markers. This
process was illustrated using the examples of the eyesocket and nose regions. It could also be used with di erent
markers to nd additional structures of the face such as boundary of lip region. The second type of feature we
discussed were orientation speci c con gurations of connected ridge points, which was illustrated by the extraction
of the chin and brow lines. Similarly, this technique could be used with di erent orientation criteria (and di erent
initial bounds) to nd ridge lines of the nose and ears.
A novel connection technique based on the concept of constrained skeleton was also introduced in this paper. It
enables us to robustly and precisely reconnect broken lines or broken objects in a binary image. This technique being
based on a proximity rule de ned by a structuring element, it could be used successfully for a variety of applications.
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Figure 10 : Extracted chin/jaw and eyebrow lines.
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