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Abstract

We present a descriptor for human face objects in visual content. The descriptor enables similarity-based retrieval
using a face image as the query. The descriptor for a set of face objects consists of three components: a face subspace that
is computed using principal component analysis, a discriminant matrix that classifies the set of faces, and a collection of
face vectors with each vector corresponding to a particular face object. Each face vector is computed by projecting the
face image onto the face subspace and then onto classification space using the discriminant matrix. In the classification
space, faces of a person are distinctly clustered, and hence it becomes simpler to classify a novel image when projected
onto that space. Similarity is measured in terms of the Euclidean distance measure. We demonstrate the efficacy of the
descriptor for similarity-based retrieval using MPEG-7 test content. We also discuss how the descriptor satisfies some
key requirements of MPEG-7. © 2000 Elsevier Science B.V. All rights reserved.
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1. Introduction

“I never forget faces, but in your case 1 will be glad to make an exception”, said Groucho Marx. Presumably,
Mr. Marx would have been delighted with a tool that searches for faces (except possibly one) in his
photo-album.

Searching and retrieving parts of videos or still images containing human faces is a very useful capability
that could be supported by image or video database software. A wide range of users including video
producers, security personnel, and home video enthusiasts would benefit from automatic face image retrieval.
The database could be a collection of home videos, a digital album of photographs, a production video
library, mug shots of criminals, etc. Then, there are applications where the searchable database is not static.
In a broadcast scenario with digital video content, one could match thumbnail images of a favorite actor
within frames of the video stream, with the intent that scene clips of the actor be captured. Fig. 1 depicts the
process of matching face descriptors for retrieval. In all these applications, the ability to use query face images
to retrieve multimedia data that contain faces similar to the query is required. The key issue is choosing an
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Fig. 1. A sketch illustrating a retrieval system based on face descriptors.
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appropriate face descriptor that can be associated with multimedia data in the database. The face descriptor,
in MPEG-7 terminology, describes the syntax and semantics of a representation entity for faces. While
several representations are possible, developing a universal scheme for multimedia has clear benefits. It
enables matching faces across databases without having to re-compute compatible descriptors. For instance,
faces in a home video management system from one vendor can be matched directly with faces in a different
home video system. Additionally, standardization helps in developing software libraries and applications
based on face recognition that can be used with different databases. For instance, a PC user authentication
application that uses face recognition can be ported across platforms with different face databases. MPEG-7
seeks to develop such a standardized face representation and resulting descriptor. In this paper, we describe
a face descriptor that was proposed in the MPEG-7 evaluation meeting at Lancaster, UK, in February this
year. The descriptor was evaluated favorably towards becoming part of the MPEG-7 experimentation model
that is being developed.

The aim of the face descriptor is it should succinctly represent a face image, and should be able to
distinguish or classify one face image from another. The set of faces to be distinguished is divided into classes,
with images of any one person belonging to one class. Each face image occupies a point in a very
high-dimensional space, the number of dimensions corresponding to the size of an image. Computation of
the descriptor for the set of faces involves two steps. First, from a large “universal” set of faces that is
a superset of the set of faces to be classified, a face subspace or eigenspace is computed using principal
component analysis [ 15]. The selected principal components of the distribution of faces, or the set of largest
eigenvectors of the covariance matrix of the set of face images, represent the most significant variation among
the “universal” set of face images. This step results in a low-dimensional representation — a subspace — of the
original space. Second, each face image from the set of faces to be classified is projected on to the face
subspace, from which a linear discriminant matrix is computed that optimally separates face classes. When
points in the face subspace (those resulting from projection of face images onto the face subspace) are
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projected onto classification space using the discriminant matrix, they are clustered into distinct face classes.
Any new face image can be classified by projection onto face subspace and then onto classification space.

The problem of face representation for subsequent face recognition has been addressed in considerable
depth in computer vision literature. The approaches developed are far too numerous to be listed here; for
in-depth survey, the reader is referred to [1]. Here, we discuss some methods that are very relevant to our
approach [14,12,15]. In [11,7] the use of principal component analysis for face recognition was explored in
much detail. Like in our approach, a low-dimensional representation of the original space was used, but the
second stage of classification using discriminant analysis was not used. Instead, the average of the projections
of faces onto the subspace, of each person, was used as the class representative vector from which distance
was measured for similarity. Our approach of discriminant analysis results in optimal separation of face
classes, which results in better face recognition [8]. In [4], linear discriminant was used directly on face
images for classification. It was shown in [14] that the performance was poorer when compared to the
cascaded approach of principal component and discriminant analysis. Parametric eigenspaces for general
object recognition was developed in [4]. Samples of each object class in the low-dimensional subspace were
interpolated to obtain a continuous manifold. Euclidean distance from this manifold was used as the
similarity criterion for object recognition. In [10], the use of principal component analysis and linear
discriminant analysis for image retrieval and general object recognition was explored. In [15], the use of PCA
and linear discriminant analysis for face recognition was demonstrated by exploiting the characteristics of
face objects. It was also shown that recognition rate does not degrade when the face size used varies,
a practically very useful implication. The techniques mentioned above, categorized as appearance-based
methods, show significant promise.

A good face descriptor must possess several properties. It must be robust in the sense that the descriptor
does not vary widely with changing illumination, or variation in scale and orientation of the face. The
descriptor must be sufficiently detailed for successful recognition, yet not so fine that would make it too
sensitive to relative changes in face orientation, illumination, etc. — the classic tradeoff between false positives
and false negatives. Further, to be practically useful, the descriptor must be computationally tractable, it
must be extensible, it should be hierarchically expressible to allow for scalability in applications. Towards
this end, MPEG-7 has established a set of requirements that must an ideal descriptor must possess. We
discuss how the descriptor meets a subset of those requirements.

2. Details of the descriptor

In this section, we present a formal definition of our descriptor for face recognition, and motivation for the
approach used. We envision that our descriptor would be part of a larger face Description Scheme (DS)
which would enable indexing to the appropriate face image. The description scheme would include syntax
like bounding box information and duration for which the face lasts in a video, and semantic information
contained in the face like the depicted expression. It could also include information about groups of faces in
an image or video frame like spatial relationships.

2.1. Definition

Consider a set of M face objects F = {fi, f>, ..., fu} stored in a database, where f; is an image vector of
dimension P x 1. f; is constructed by arranging pixels of a two-dimensional face image in a sequential,
raster-scan fashion, f; = {fi.1,fi.2> ---»fip) - The descriptor associated with each face is denoted by
¢ = {Ci1>Ch2s ---» Gy} The descriptor for the database includes a set of N basis vectors
@ = {¢y, ¢,, ..., Py} that spans a subspace of the face vectors with N< < P. The dimension of each basis
vector is equal to the dimension of the original face vector. The set @ is static (normative and computed only
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Fig. 2. Diagram that illustrates computation of the descriptor for a face image.

once) and is common to all databases. The descriptor associated with each human face object ¢, is obtained
by projecting the face object f; onto @, and then transforming the resulting vector by a matrix W. The matrix
W is called the discriminant matrix. This matrix could be specific to each database that allows querying and

. . . . ® .
retrieval of face objects. The transformation of f; to ¢, is denoted by f, — xi 5 ¢, Where x; is an

intermediary representation of dimension N x 1. Hence, the descriptor D for the set of face objects F is given
by

D={C oW (1)

where the set of face images is described by C = {¢, ¢;, ..., ¢y }. @ and W are included in the descriptor
because subsequent matching requires that the query image be projected in appropriate subspaces. Fig.
2 shows the process of computing the descriptor.

As noted earlier, for retrieval, there must be a mechanism for associating C with F. For instance,
a description scheme might be formulated as D, I p, where p represents a vector of indices to specific
regions/portions of still images or video frames in the database corresponding to F, and / indicates a vector of
priority values denoting the relative weights to the indices. Note that the descriptor can be stored locally or
remotely. In the case of remote access, additional appropriate fields may be required to be stored in the
description scheme, for instance, the location of the database itself.

2.2. Motivation

Images in a face image set of different people tend to be correlated since they all represent a common visual
object. This correlation denotes redundancy in data. An obvious step would be to take advantage of the
redundancy in the data, and compress the data into a low-dimensional representation that preserves only
significant variations between data samples. This low-dimensional representation results from projecting
each face image onto the face subspace @. The eigenvectors constituting the subspace can be thought of as
a set of features that account for the most variance within the set of faces. As mentioned earlier, the subspace
is obtained using principal component analysis (PCA).

While principal component analysis reduces dimensionality of data, it does not explicitly deal with
separating data into classes. In our case, each face is a class and images of that face form sample data for that
class. By separating face images into classes, one can classify or label a novel face image. Class separation is
achieved by discriminant analysis of data, which in our case is the result of face images projected onto @.
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Discriminant analysis produces a discriminant matrix W that defines the basis vectors of a space in which
data is separated optimally. We concentrate on linear discriminant analysis (LDA) where the surface of
separation between any two classes is a hyper-plane.

But why should discriminant analysis be performed on face images that have been projected onto @, rather
than on input face image data directly? As noted earlier, projection of a face image onto the subspace
@ preserves features that are significantly different from other face images. Subsequently, it is easier to classify
faces using those features rather than the entire face data. In other words, faces in @ that are then projected
onto W are better clustered and classified than when raw image data is used. This observation was verified
experimentally in [14] where the two approaches were compared.

3. Extracting the descriptor

In this section, we discuss how the components of the descriptor can be extracted. The extraction of the
descriptor, in MPEG-7 usage, forms the non-normative part. Extraction strategies are left to the innovation,
only the syntax of the descriptor is to be standardized.

@ is computed from a “universal” collection F of face image objects as follows. Each face image is first
converted to a vector f; (of dimension P x 1) by arranging all the intensity values of pixels in the face image in
a sequential raster-scan fashion. The average face vector h is computed for the “universal” set F. The matrix
R is constructed after subtracting & from each face vector:

R=[fi —hfo —h, ....fu —h].

Subtracting the average vector ensures that the eigenvector with the largest eigenvalue represents maximum
variance in the image set. The dimension of R is P x M. To compute the eigenvectors of the image set, the
covariance matrix is constructed as:

0 =RR"

The dimension of @ is P x P. The eigenvectors ¢; and corresponding eigenvalues /4; of Q are determined by
solving the eigenvalue problem:

Jithi = 0. 2)

Although there are P eigenvectors for Q, only the eigenvectors corresponding to the largest N eigenvalues are
retained to form @.

There are two issues involved: (a) How does one choose N? (b) What is an efficient algorithm for
computing ®? The second issue is important but not crucial because the subspace is not expected to be
computed for every database, in other words, it is expected to be a normative component of an MPEG-7
compatible database which is computed only once. One way of choosing N would be to use the cumulative
eigenvalue curve ¢(x) defined as:

x P
o(x) = Z ;“i/z i
i=1 i=1

where 4;,i =1, ..., P, are eigenvalues that have been arranged in monotonically decreasing order. ¢(x) is
a montonically increasing function that denotes the amount of information retained in the subspace if x < P
eigenvectors are used to span the subspace. By using an appropriate threshold for ¢(x), top N eigenvalues and
corresponding eigenvectors, can be retained.

Computing the subspace using @ can be computationally expensive, the dimension of @ being P x P with
P being large in general. But one can take advantage of the peculiarity of our problem. When the number of
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samples M is much smaller than P, we can compute the subspace of Q' = R"R which is of dimension M x M.
It turns out that the eigenvectors of Q can be obtained from those of Q" by simply pre-multiplying them by
R (the eigenvalues are the same). Thus, the subspace is computed much more efficiently. There are other
computationally effective ways too; for that the reader is referred to [10].

W is computed for each database that contains face objects, using linear discriminant analysis. First, each
face image vector f; is transformed to an intermediate representation x; by projecting the former on to the
eigenspace defined by @:

X = [¢15 ¢27 "'5¢N]T(ﬁc _h)

where h is the average vector of all face vectors. W is constructed to be the optimal linear discriminant
function (x;) that maps a vector x; onto a classification space that best distinguishes between different classes
of faces. The mapping is given by g(x;) = W "x;. Wis computed from a set of training vectors by solving the
generalized eigenvalue problem:

S W =S, WA (3)

where S, is the Between-Class Scatter Matrix, Sy, is the Within-Class Scatter Matrix, and A is the diagonal
matrix of eigenvalues. S, and §,, are computed as follows:

i (m; — m)(m; —m)"

= |

M
Sy Z - l(k)) - mi(k))T

where R denotes the number of classes that the faces can be grouped into (each class may represent an
individual or a family of individuals), M denotes the total number of face images used in training, m; denotes
the mean of sample vectors in the ith class, and m denotes the mean of all face vectors used for training, and
m;g, denotes the mean vector of the class “i” to which x; belongs.

Solving the eigenvalue problem is equivalent to maximizing the between-class scatter while minimizing the
within-class scatter, i.e. maximizing the ratio of the determinants of WS, W and W 'S, W. This achieves
best class separation in the linear sense. The dimension of Wis N x N when the number of classes in F is
greater than N. If the number of classes is less than or equal to N, say U, then the dimension of W is
N x (U — 1). There are several ways to solve this generalized eigenvalue problem. One way is to directly
compute the inverse of S, and then solve a non-symmetric eigenvalue problem for matrix (Sy,) 'S}, which
may be not numerically stable. Instead we recover a symmetric eigenvalue problem by decomposing matrix
S, [15].

The last step is the computation of the face descriptors in the database. For that, each face vector in F is
projected on to the eigenspace defined by @ and then onto the classification space using W to form the
descriptor ¢, for that face image object:

X = [¢17 ¢23 "'7¢N]T(.fk _h)
= WTxk

The dimension of each face descriptor in C depends on the dimension of W which, as noted earlier, de-
pends on the number of face classes in F. If the number of classes is greater than or equal to N, then the

dimension of ¢; is N x 1. If the number of classes U is less than or equal to N, then the dimension of ¢ is
(U—-1x1.
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3.1. An example

Below, the process of computing the face descriptor for a particular database F is described. There were
10 classes in the database representing people of different races. There are approximately 5 images per
class.

® is computed using a “universal” database of more than 1200 segmented faces. This database contains
male and female faces of different races and colors, and it is a superset of F. The background between the set
of faces is held approximately constant. Each face image is normalized such that the distance between the
pupils of the eyes is fixed. The line joining the eyes is horizontal. The aim of normalization is to obtain a set of
faces with fixed locations of the eyes in the image coordinate system. Each segmented face region was
re-scaled to a size of 48 x 42 pixels. In the experiments, this step is performed manually. Hence, the dimension
of each face vector is 2016 x 1, i.e., P = 2016. The subspace of the face space was computed using principal
component analysis as explained in the previous section, and only 300 eigenvectors which correspond to the
300 highest eigenvalues were retained to form @, i.e., N = 300.

Unlike the computation of @ that requires a large database of faces representing the universe of faces,
W only requires F. Each face image in F is normalized as described earlier, before the between and within
scatter matrices are computed, and the eigenvalue problem is solved. Since the number of classes ( = 10) is
smaller than N, W is of size 300x9. Finally, C is obtained by projecting each face vector

. . [ w . . .
in F onto &, and then onto W, ie., fi & x; — ¢. ¢ is a vector of dimension 9 x 1.

4. Similarity measure for retrieval

To support similarity-based retrieval, distance measures are defined that measure similarity bet-
ween a query face and database face objects, using their descriptors. The computed distances can then
be sorted to produce a ranked list of database face objects that are similar to the query face
object.

To find the set of face objects of the database F that are similar to a query face vector f;, the following steps
may be followed. The input query face image vector is scaled to dimension P x 1, the canonical size used in
computing the database face descriptors. The resulting input vector is projected onto each eigenvector ¢; to
obtain x,:

X, =[¢1, 02, ..., dn1"(f; — D),

where h is the average of the “universal” face object database that was used in constructing ®. x, is then
projected onto the classification space using W to obtain ¢,. To compare with the query face object with each
of the database face objects, we suggest the Fuclidean distance or the weighted Euclidean distance as
candidates for d . The Euclidean distance measure is defined by:

dg = (g — Ck,i)2~ 4)

q.t

A weighted Euclidean distance measure may be defined by:

qu = \/Z?]:ldi(cq,i - Ck,i)2

where o; are weights (based on eigenvalues) obtained during training. The N lowest distances corres-
pond to the N most similar face objects in F. In addition, the measure can be used to rank retrieved
faces.
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5. Experiments

The performance of the face descriptor for retrieval of face image objects in a database was evaluated using
MPEG-7 Test Content Set S4. This set contains a total of 178 face images obtained from 14 different people
(classes). Of the 178 images, 140 views are frontal views, and the remaining 38 are non-frontal (profile) views
of faces.

The set @ is computed from a universal collection F containing more than a thousand face image objects.
@ contains 300 eigenvectors, each of size 2016 x 1. The following two test cases were considered. In the first
case, both frontal and non-frontal face images are used in constructing F, but in the second case only frontal
images are used. Thus, the queries in first case can be frontal or non-frontal. The aim is to test the
performance of the linear discriminant analysis for classification under the two conditions.

5.1. Test cases

(a) From each of the 14 classes, 5 images were selected (a total of 70 images) for computing the discriminant
matrix W. One non-frontal view in each set of 5 images was selected (Fig. 5a). These 70 images were stored in
the database F. Each one of the 178 images available was used as a query image, and the retrieval from the
database was performed using the similarity measure described above. The set of retrieved images, for each
query image, were ordered based on the similarity measure. Using the criterion that the top ranked retrieved
image must correspond to the correct class, an overall correct retrieval rate of 86.5% was observed. Using the
criterion that one of the best three retrieved images must belong to the correct class, the correct retrieval rate
of 90.4% was observed. The receiver operator curve for this test case is shown in Fig. 3.

(b) For each of the 14 classes, 4 images were selected for computing the discriminant matrix W. All 4 images
were frontal views unlike case (a). The resulting 56 images were stored in the database. Each of the 140 frontal
view images available was used as a query image, and the retrieval from the database was performed using
the method described above. The images retrieved were ordered based on the similarity measure. Using the
criterion that the rop ranked retrieved image must correspond to the correct class, an overall correct retrieval

Retrieval Performance on MPEG-7 Test Set
S4 Test Case (A): 70 database images incl.
14 non-frontal views
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Fig. 3. Likelihood that the correct class was retrieved in the top N retrieved images for each query, for various values of N. For N > 42,
likelihood is 100%.



IMAGE 533

W. Zhao et al. | Signal Processing: Image Communication 000 (2000) 000-000 9

Retrieval Performance on MPEG-7 Test Set
S4 Test Case (B): 56 database images - all
frontal views
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Fig. 4. Likelihood that the correct class was retrieved in the top N retrieved images for each query, for various values of N. For N > 52,
likelihood is 100%.

rate of 90.7% was observed. Using the criterion that one of the best three retrieved images must belong to the
correct class, the correct retrieval rate of 93.1% was observed. The receiver operator curve for this test case is
shown in Fig. 4.

As expected, the performance of the descriptor in test case (b) is superior to that in case (a).

5.2. Example results

Three examples of querying are shown in Fig. 5, with the database constructed as in test case (a). In each
case, the top 3 retrieved images are shown. Recall that in test case (a), the database contains both frontal and
non-frontal images, and the query image could be frontal or non-frontal. In the following examples, the query
images are different from those in the database (training and test sets are different).

The intention of test case 1 was to show that recognition performance with non-frontal faces as query
improves when non-frontal images are added to training, as opposed to using frontal images only (we have
not shown the results with non-frontal images as queries with purely frontal image training). However, we do
not claim that the approach solves the problem of non-frontal image recognition, in fact, it is best suited for
frontal face image recognition.

Another issue is the problem of segmenting faces and normalizing them to a canonical size before being
input to the recognition algorithm. In the above test cases the segmentation was done manually, but in
an operational system a face detection component would feed segmented faces to recognition component
after normalization. In our prototype system, we use a training-based detection algorithm for face detection
[6]. Important face characteristics are learnt from a large database of faces after they have been pro-
jected onto a set of wavelet bases. We use wavelet bases because prominent face characteristics are clearly
separated from those less prominent. Subsequently, the learnt characteristics are used to classify
faces from non-faces using a classifier. Unlike the recognition problem where there are as many face
classes as there are number of people to be classified, the detection problem deals with two classes — face and
non-face.
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Training Images from One Class

as09.jpg as03.jpg as08.jpg
(a)

Example 1

as04.jpg as08.jpg as09.jpg as03.jpg

Example 2

km03.jpg

Example 3

wll0.jpg wl03.jpg

(b)

Fig. 5. Results with test case a) where the training database contains both frontal and non-frontal images: (a) Training images from one
class, amongst others, that are used for computing the discriminant matrix. (b) Retrieval results with three different queries. The name of
the image file in the MPEG-7 test set is provided.
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6. Conformance with MPEG-7 requirements

MPEG-7 has prescribed several requirements that an ideal descriptor must meet. In our proposal [5], we
discuss properties of the descriptor against each requirement specifically. Here, we discuss some key
requirements and how our descriptor meets them.

Regarding range of applicability, the descriptor can be associated with variety of media including still
images, collections of images, and video. It may be used at different levels of abstraction in a description
scheme, e.g., it can be associated with specific face regions in an image at the lowest level of abstraction, or
associated with a high-level description of a collection of people, say faculty in a school. Further, multiple
descriptions can be associated with a given face, for instance, different values of ¢,, computed using different
discriminant matrices can be associated the face. For instance, two discriminant matrices can be used, one
obtained using frontal views only, and another obtained with both frontal and non-frontal views. Thus,
retrieval can be attempted with different descriptions.

An important requirement for a descriptor is with respect to scalability: does the descriptor scale in
proportion to size of data? The descriptor scales in two ways: (a) when the input image resolution changes,
the size of each eigenvector changes in direct proportion, (b) when the number of classes in the database is
varied, the dimension of the discriminant matrix varies in direct proportion (unless the number of classes is
greater than the number of eigenvectors). These observations in-turn imply that the descriptor can be stored
hierarchically, a coarse representation corresponding to low resolution face images with few classes, and
a fine representation corresponding to high resolution face images with finer division within face classes.
Consequently, similarity can be computed in a hierarchical fashion.

As discussed earlier, the proposed descriptor supports similarity-based retrieval. Using the retrieval
scheme, interactive queries like “Find all faces similar (or dissimilar) to the query image” can directly be
supported. With some additional information, perhaps stored in the description scheme, queries like “Find
faces to the left of faces that are similar to the query face” can be handled. Thus, the descriptor is useful to
applications like user authentication, browsing of home videos/security videos, etc. that are within the scope
of MPEG-7 applications. As far as coding efficiency is concerned, the proposed descriptor requires only
a small number values to represent each face object in the database. An additional small overhead is incurred
to store the eigenvectors — this is constant for all databases — and a reasonably sized discriminant matrix.

The descriptor has been evaluated against several other schemes in the FERET test [8] that was conducted
by an independent group of researchers in the US Army Research Labs. The results of comparison with other
schemes are reported in [9]. The study found that a descriptor, consisting of a combination of PCA and LDA
schemes, significantly outperformed various other schemes. Thus, the efficacy of the descriptor is favorable.

6.1. Integration into the description definition language

The syntax for the description definition language (DDL) is being developed using XML Schema as the
basis [3]. Some color, texture and motion descriptors and associated description schemes have been
described in that syntax. The following is a tentative syntax for the face descriptor based on the current DDL
syntax:

< DescType name = ‘FaceRecogDescriptor’ / >
< attrDecl name = ‘W_matrix’ >
< datatypeRef name = ‘matrix’/ >
< /attrDecl >
< attrDecl name = ‘Phi_matrix’ >
< datatypeRef name = ‘matrix’/ >
< /attrDecl >
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< attrDecl name = ‘c_vector’ >
< datatypeRef name = ‘vector’/ >
< /attrDecl >
< /DescType >

< datatype name = ‘matrix’ >
< sequence minOccur = ‘m’ maxOccur = ‘m’ >
< sequence minOccur = ‘n’ maxOccur = ‘n’ >
< datatypeRef name = ‘real’/ >
< /sequence >
< /sequence >
< /datatype >

< datatype name = ‘vector’ >
< sequence minOccur = ‘n’ maxOccur = ‘N’ >
< datatypeRef name = ‘real’/ >
< /sequence >
< /datatype >

Note that the syntax is subject to change, and has been described here for illustration purposes. As mentioned
earlier, the face recognition descriptor would most likely be part of a larger description scheme.

7. Conclusion

We presented a descriptor for face objects in visual content that could be part of an MPEG-7 compatible
database. We described extraction of the descriptor that forms the non-normative part of MPEG-7. By
controlled experiments, we showed that the descriptor is effective in terms of retrieval using MPEG-7 test
content. We also discussed how the descriptor satisfies some key MPEG-7 requirements.

Future work will concentrate on improving the performance of retrieval using better preprocessing
techniques like illumination compensation, developing algorithms for incrementally updating the dis-
criminant matrix when new faces are added to the database, and sensitivity of the descriptor to changing face
pose. Currently, to compensate for illumination variation, a face mask and a heuristic approach based on face
symmetry are applied [12]. Recently, some systematic approaches have been suggested for dealing with
illumination variation for face recognition (for example, [13,2]) which may be useful for us too.

Several important issues have yet to be dealt with, for instance, coding of the descriptor in MPEG-7
streams. First, how should the linear discriminant matrix be transmitted? Clearly, it is inefficient to transmit
the matrix with every face descriptor. It may be more efficient to transmit the matrices as a separate stream,
and allow the descriptor for each face to point to the appropriate discriminant matrix. Second, given that the
subspace matrix is normative, where should it be stored? Should it be stored with each MPEG-7 compatible
database, or should there be a global location for the matrix?

Standardization of the description scheme that holds the face descriptor is key to useful applications. The
description scheme must be flexible enough to contain a set of descriptors for face recognition given that
MPEG-7 would likely standardize a set, rather than any single descriptor. If the description scheme is rich
enough to contain details about the location of features on the face like the eye, mouth, etc., then applications
like facial expression recognition can be enabled. In summary, we believe that the face description is a vital
aspect of MPEG-7, with potentially wide applications.
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