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Abstract

This paper introduces a new face recognition system
that can be used to index (and thus retrieve) images
and videos of a database of faces. New face recog-
nition approaches are needed because, although much
progress has been made to identify face taken from dif-
ferent viewpoints, we still cannot robustly tdentify faces
under different llumination conditions, or when the
facial expression changes, or when a part of the face
1s occluded on account of glasses or parts of clothing.
When face recognition methods have worked in the past,
it was only when all possible “image variations” were
learned. Principal Components Analysis (PCA} and
Fisher Discriminant Analysis (FDA) are well-known
cases of such methods.

In this paper we present a different approach to the
wndexing of face images. Our approach is based on iden-
tifying frontal faces and it allows reasonable variability
mn facial expressions, illumination conditions, and oc-
clusions caused by eye-wear or items of clothing such
as scarves. We divide a face image wnto n different
regions, analyze each region with PCA, and then use
a Bayesian approach to finding the best possible global
match between a query image and a database image.
The relationships between the n parts is modeled by us-
ing Hidden Markov Models (HMMs).

1 Introduction

The rapidly increasing interest in Content Base Im-
age Retrieval (CBIR) systems is fueled by the possi-
bilities that are envisioned in many diverse domains.
One such fertile domain consists of retrieving face im-
ages from large multimedia databases, as might be pro-
duced by television and newspaper establishments. In
this paper, we present an approach that uses Hidden
Markov Models (HMMs) to identify and index face im-
ages from a database of static and dynamic (video)
images.

In the past, several researchers have worked with the
Principal Components Analysis (PCA) [4, 15] based
approaches for face identification. However, in gen-
eral, the face images of a multimedia database may
have been taken under different illumination condi-
tions; might correspond to different facial expressions;
may suffer from different degrees of occlusion (wearing
scarf or sun-glasses is seen as an occlusion problem);
and the images may have been taken from different
viewpoint. Therefore, the identification procedure has
to be designed in such a way as to be unaffected by all
these distortions. Although much progress has been
made in identifying face images taken from different
viewpoints (e.g. [16, 7]), not a whole lot has yet been
done to account for different illumination conditions
[10, 1] and facial expressions [7, 1] and almost none on
resolving the occlusion problem.

As a solution to the illumination problem, [10] pro-
posed to eliminate the three largest eigenvectors of
the eigenspace because it has been empirically shown
that these three largest eigenvectors mainly represent
changes of the illumination conditions. The main prob-
lems with this approach are: (a) a priori it is not
known either there are or there are not illumination
changes in the given sample images (note that if there
are no changes the elimination of these three largest
eigenvectors will make the system learn a much worse
eigenspace because these three vectors will be the ones
that best describe the sample faces); (b) it has not
been shown that for every possible combination of il-
lumination changes this approach is correct; and (c)
we are still losing some information because not all the
information in these three first eigenvectors is related
to the illumination conditions. [1] and [14], took an-
other route proposing the use of Fisher Discriminant
Analysis (FDA) instead. The main advantage of FDA
versus PCA is that 1t allows us to find those features of
the space that are most discriminant, rather than those
that are most descriptive (in a linear sense). However,
even then, the illumination problem can only be re-
solved by adding samples of all possible illumination
variations (notice that a priori we might not know or
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Figure 1. (a) The sample image used for train-
ing. (c) The new incoming image to be identi-
fied. (b,d) A local part of the images.

might not be able to predict all possibilities).

The other problems that arise in face identification —
problems caused by variations in facial expressions and
problems caused by occlusion — can only be solved by
adding samples with such distortions into the database
used for training. But, unfortunately, the logistics of
collecting data sometimes make it too difficult to in-
clude samples corresponding to all possible variations
in the training set. Clearly, assuming that figure 1(a)
was used for training, figure 1(b) could hardly be iden-
tified by means of any of the above techniques (when
the whole mug-face is used). A better approach con-
sists of using local areas, as we will explain in this con-
tribution. Our approach divides all pre-localized faces
(the localization step is done manually) into n different
parts (in this paper we make n = 6) and project the
raw information of each of these local parts into the
eigenspace (PCA-space). [7] has also proposed the use
of a local PCA, but only a voting strategy is used to
find the best global match. Our approach makes use
of a Gaussian mixture model in a HMM approach to
better overcome the above defined problems.

Our overall approach presented in this paper consist
of assuming that there is an underlying identity asso-
ciated with the observed sequence, and then invoke a
HMM to find that model (identity) that best fits the
given observation. Although it is true that up to this
point we could also use a Markov Model (MM) instead
of a HMM to compute the given observations, we will
see that given the fact that faces can appear under dif-
ferent illumination conditions and partial occlusions,
the observable sequence cannot directly match with a
given model, but that several possibilities have to be
tested (which means that the identity reminds hidden,
and that HMM are needed).

HMMs have proved to be very successful in speech
recognition (see for example [11]). HMMs have also
been used in computer vision, as for example for learn-
ing the saccadic movements produced by an active vi-
sion system [12]; for American Sign Language (ASL)
recognition [13]; for learning and recognizing facial ex-
pressions [8]; and for modeling human behaviors [9].

In the rest of this paper, Section 2 presents the local
PCA feature extraction procedure; Section 3 derives
the HMM procedure used for learning and recognition
(the mixture of Gaussian approach is also described);
Section 4 reports the experimental results obtained to
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Eigenspace

Figure 2. The face is divided into six differ-
ent local areas. Each area is projected into a
global eigenspace.

day; and, finally, conclusions are in section 5.

2 Local feature extraction using a den-
sity model approach

As shown in figure 1, it seems that it would be more
appropriate to match local features than the features
that depend on the whole image (the global features).
We therefore propose to divide face images into n dif-
ferent parts, analyze them independently (locally), and
finally merge all this information using a HMM ap-
proach. In this paper we make n = 6. Figure 2 shows
an example of this local feature extraction process.

Each of these local areas are projected into the
eigenspace where learning takes place. To build the
eigenspace, we first learn it using all the local areas
obtained from all the images in the database. Each
area is described by a vector (x;) and then normalized
such that ||x;|| = 1. The average of all vectors (c) is
also subtracted from each vector x; to ensure that the
eigenvector associated with the largest eigenvalue rep-
resents the dimension in the eigenspace in which vari-
ance of images is maximized (in a correlation sense).
The vector X = {x; —¢,...,x, — ¢} is used to define
the covariance matrix: Q = XX?. The eigenspace 1s
obtained by taking the m eigenvectors associated with
the largest eigenvalues of \;e; = Qe;. These m eigen-
vectors define the projection matrix M = {eq, ..., em}.

One problem that we have to contend with is that
face localization (a step that is carried out manually at
the time an image is entered into the database) cannot
be precise enough to guarantee that the extracted local
information will always be projected into the correct
area of the eigenspace (corresponding to the correct
sample). Figure 3(a) shows an example of that. In
order to avoid this problem, not only do we extract
information from the selected local area, but also from
its adjacent pixels (using a p x ¢-size window). As
shown in figure 3(b) this creates a distribution that
can be modeled using a mixture of Gaussians learned
using the EM algorithm [2].



Figure 3. (a) We cannot know which of the
two points is the best match. (b) Using a PDF
approach, we can give a probability value in
a more robust manner.

3 Using HMM to learn and recognize
faces

As pointed out in the introduction, it is worthwhile
to assume that there is an underlying identity that al-
though not directly observable can nonetheless be ob-
served using a (or a set of) stochastic process. We use
the previously defined eigenspace as the observation
process.

3.1 Hidden Markov Modeling

A time domain process demonstrates a Markov
property if the conditional probability of the current
event, given all present and past events, depends only
on the jth most recent events. When the current
event depends solely on the most recent past event,
we say that the process is a first order Markov pro-
cess, i.e. P(qr = Sjlgr—1 = S, q¢—2 = Sk,...) = P(qs =
Silge—1 = Si), where S; denotes the ith state (of a fi-
nite state machine) and ¢; the state value at time ¢
(i.e. the actual state). This probability, denoted in the
sequel as a;;, corresponds to the probability of being
in state S; at time ¢ —1 and at state S; at time¢. Typ-
ical restrictions in a Markov chain are: a;; > 0 and

Zj\f:l a;j = 1 (where N is the total number of states).
We can formally define an HMM by its probabilities
measures A(A, B, 7), its states S = {S1,...,Sy} and
its associated symbols (the alphabet) V' = {v1,...,vpr}
(where A = {a;;} defines the transition probabilities,
B = {bj(k)} defines the probability of having symbol
vk while in state S;, and m; = P(¢1 = S;) defines the
initial state probabilities).

However, we do not have a discrete alphabet V', but
a continuous observation density instead. The most
general PDF used in a HMM is the mixture of Gaus-
sian [11]. In such a case, an HMM is essentially a
mixture model encoding information about the history
of a time series in the value of a multinomial variable
— the hidden state. Then, we redefine:

M

b;(0) =Y ¢jmG(O, tjm, jm) (1)

m=1

where O is the vector being modeled, ¢;,, is the mth
mixture coefficient in state j, and G is the multivari-
ate Gaussian density function (f;n and X;,, are its
associated mean and covariance matrix). M is the to-
tal number of models used in each state (this number
i1s assumed to be known and in consequence must be
given to the system). The ¢;, coefficients satisfy the

restrictions 2%21 ¢jm = 1 and ¢, > 0, so that the
PDF is properly normalized, i.e. ffooo b;(0)dx = 1.
It has been shown [5] that the re-estimation formulas

(based on the EM algorithm [2]) for ¢jm, pjm and ;.
are of the form:
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where v:(j, k) is the probability of being in state j

at time ¢ with the kth mixture component accounting
for O, which can be written as:
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where a:(j) is the forwards variable and 3;(j) the
backwards variable of the HMM used to reestimate the
probability measure previously defined. The forwards
variable can be iteratively defined as: aq(j) = m;b;(01)

Vt(jak): M

] l cikG (O, i, Qi)
Zm:l ijg(ot’ Him, Q]m)

N
ae1(f) = [Z ag(i)aij| bj(Ocy1)
i=1
and the backwards variable as: gp(i) =1
N
Be(i) =Y aijhj (Orr1) B (4)-
j=1

3.2 Learning

The above method can be used to learn the sample
face images. When doing so, the re-estimation formulas
for the HMM parameters (7; and @;;) can be written
as: m; = v1(4) and

2 (e (8)agb;(0441)Bi1 (7)) /P(OIN)
St (i)
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Figure 4. A HMM consists of six states each
belonging to the six local parts of a face. All
forward transitions might be used, but this
will depend on the training data set.

where N o
P(O[N) = > in1 2ojm (i) aijhj(Oeg1)Bey1(j) and T
the number of observations.

For each image of each individual, the system cre-
ates an HMM model (see figure 4). The states of each
HMM correspond to each of the six local parts. The
use of a HMM instead of a simple MM is justify because
observations need not contain the six local parts, but
can only have some of theme (the others part being oc-
cluded or not present). Thus, the observation sequence
is not known and the identity of each observation re-
mains hidden and can only be observed by probabilistic
models.

This process ends up with P x H HMMs, where P 1s
the number of people in the database and H the num-
ber of sample images per person. However, a more de-
sirable case would correspond on having a single HMM
per person. In order to achieve that all HMMs of the
same person are merged together (in a single one).
In doing so, the new transition probabilities (between
models) are set to 1/H. This also implies that HMMs
have to be used; since many combinations are allowed,
the underlying identity remains hidden.

In the future, it might be of interest to use an active
learning procedure, such as e.g. [12], to on-line up-
date these transition probabilities as new images are
introduced into the database.

3.3 Indexing and Recognition

To index a new image for entry into the database,
we first need to identify the class to which it belongs.
This recognition process consists on finding the HMM
that best represents a given observation sequence. The
normal way to achieve this is by computing the proba-
bility of a new observation sequence O given a possible
model A, i.e. P(O|A). The model A that maximizes
this probability infers the (hidden) class value. The
usual way to find the best matching is using the Viterbi
algorithm [11].

3.4 Recognition in video sequences

The above recognition process can be improved
when recognizing faces in a video sequence. Assuming
that all face images of the sequence are frontal faces, we
can use a longer observation O (where the observation

is now a sequence of images under slightly different
viewing/environmental conditions). When using this
approach, the above definition of models has to be ex-
tended by linking the last state (of each learned HMM)
to the first state (of each learned HMM).

4 Experimental results

In order to test the accuracy of the indexing sys-
tem described, a new face database was built. It in-
cludes face images of over 100 individuals [6]. Faces
(as shown in figure 5) appear at different facial expres-
sions, illumination conditions and occlusions (wearing
sun-glasses or a scarf). Images with occlusions are
also under different illumination conditions. All im-
ages were taken by the same camera under tightly con-
trolled conditions of illumination and viewpoint (all
images correspond to frontal faces). All images are
of 768 by 576 pixels and of 24 bits depth (RGB color)
stored in “raw” files (this database is publicly available
from http://rvll.ecn.purdue.edu/~aleix/). For this re-
search, we also processed 30 video sequences. Each
sequence consists of 25 images and almost all of them
containing a frontal face (only those images with frontal
faces were used in the experiments reported in this
paper — this can be readily achieved using a frontal
face detector). When running the tests, 50 people (25
males and 25 females) were randomly selected from the
database. Images were converted to gray-level images
(by adding all three color channels) and sampled at
half their size.

Five different tests were run: (i) learning using all
images (a-l) and recognizing by “erasing” one of the
local features, 1.e. making one of the local areas equal
to random noise with mean zero (all images are tested
with all possible “erasing”, i.e. six possibilities), (ii)
learning with images (a-f) and recognizing images (g-
1), (iii) learning with images (g-1) and recognizing with
images (a-f), (iv) learning with (a.f), recognizing with
(b-e,g-1), and (v) learning with images (a-f) recognizing
using all 30 sequences.

All tests were done using the six states HMM de-
scribed above. Each state containing a single Gaussian
model. The PCA space was of six dimensions. p = 4

and ¢ = 4.
Test # | Lear. Rec. Rec. rate
1 a-l | a-1 + noise 96.83%
11 a-f g-1 98.5%
111 g-1 a-f 97.1%
iv a,f b-e,g-1 2%
v a-f | sequences | 28/30 (93.5%)

5 Conclusions

In this paper, we have introduced an indexing ap-
proach based on the identification of frontal face im-
ages. Faces are allowed to appear at different illumi-
nation conditions, facial expressions and occlusions. A
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both. Wearing glasses with
illumination ¢ onditions: (g) normal, (h) right, (i) left.

Bayesian approach was used to find the best match
between a sequence of “local” observations and the
learned “local” features models. The use of HMMs has
allowed the system to achieve recognition even when
the conditions under which the new incoming image
was taken did not correspond to the conditions previ-
ously encountered during the learning phase. This last
point is very important, because it gives a new “gener-
alization” capability to the system.
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