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ABSTRACT

The work presented in this paper describes a Hidden
Markov Model (HMM)-based framework for face recog-
nition and face detection. The observation vectors used
to characterize the states of the HMM are obtained us-
ing the coeflicients of the Karhunen-Loeve Transform
(KLT). The face recognition method presented in this
paper reduces significantly the computational complex-
ity of previous HMM-based face recognition systems,
while slightly improving the recognition rate. Consis-
tent with the HMM model of the face, this paper in-
troduces a novel HMM-based face detection approach
using the same feature extraction techniques used for
face recognition.

1. INTRODUCTION

Face recognition and face detection, from still and video
images is emerging as an active research area with nu-
merous commercial and law enforcement applications.
Face detection and recognition systems can be used to
allow access to an ATM machine or a computer, to
control the entry of people into restricted areas, and
to recognize people in specific areas (banks, stores),
or in a specific database (police database). A robust
face identification system must operate under a variety
of conditions, such as varying illuminations and back-
grounds, it must be able to handle non-frontal facial
images of both males and females of different ages and
races, and be robust in the presence of two or more
faces within an image.

A survey on face recognition is given in [1]. Previous
attempts to develop a face recognition system include
geometric feature-based methods, template-based meth-
ods ([2], [3], [4]), and more recently model-based meth-
ods ([5], [6]). In [5], Samaria introduced an HMM-
based face recognition system. For a frontal face, the
significant facial regions such as hair, forehead, eyes,
nose and mouth occur in a natural order from top to

bottom. Therefore, each of these facial regions is as-
signed to a state, in a left-to-right one-dimensional con-
tinuous HMM.

This paper presents a face recognition and detec-
tion system using an HMM approach. An efficient
method for extracting the observation vectors using
the KLT coefficients is presented. Consistent with the
HMM framework for face recognition, a novel face de-
tection approach is introduced. Compared to the classi-
cal template-based methods, the HMM-based approach
offers a more flexible framework for detection and recog-
nition, and can be used more efficiently in scale invari-
ant systems.

2. HIDDEN MARKOV MODELS

Hidden Markov Models (HMM) are a set of statistical
models used to characterize the statistical properties of
a signal [7]. HMM consist of: (1) an underlying, unob-
servable Markov chain with a finite number of states, a
state transition probability matrix and an initial state
probability distribution and (2) a set of probability
density functions associated with each state.
The elements of a HMM are:

e N, the number of states in the model. If S is
the set of states, then S = {S1, Sa,...,Sn}. The
state of the model at time ¢ is givenby ¢; € S, 1 <
t < T, where T is the length of the observation
sequence (number of frames).

e II, the initial state distribution, i.e.
where:
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e A the state transition probability matrix, i.e. A
= {a;;} where
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with the constraint,
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e B, the state probability matrix, i.e. B = {b;(Oy)}.

In a continuous density HMM., the states are char-
acterized by continuous observation density func-
tions. The most general representation of the
model probability density function (pdf) is a fi-
nite mixture of the form:

M

bi(0y) = Y cik N(Op, pir, Ui), L<i <N (3)
k=1

where c¢;;, is the mixture coefficient for the k£ th
mixture in state . Without loss of generality
N(Oq, pir, Ui) is assumed to be a Gaussian pdf
with mean vector p;, and covariance matrix Ujy.

Using a shorthand notation, a HMM is defined as
the triplet

A= (A,B,II). (4)

3. FACE IMAGE HMM

Hidden Markov Models have been successfully used for
speech recognition and more recently in action recog-
nition where data is essentially one dimensional over
time. In this paper we investigate the recognition and
detection performance of a one dimensional HMM for
gray scale face images. For frontal face images, the
significant facial regions (hair, forehead, eyes, nose,
mouth) come in a natural order from top to bottom,
even if the images undergo small rotations in the im-
age plane and/or rotations in the plane perpendicular
to the image plane. Each of these facial regions is as-
signed to a state in a left to right 1D continuous HMM.
The state structure of the face model and the non-zero
transition probabilities a;; are shown in Figure 1.
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Figure 1: Left to right HMM for face recognition

4. FEATURE EXTRACTION

Each face image of width W and height H is divided
into overlapping blocks of height L and width W. The
amount of overlap between consecutive blocks is P (Fig-
ure 2).

Figure 2: Face image parameterization and blocks ex-
traction

The variations of the recognition performance with
parameters P and L is extensively disscused in [5].
However, the performance of the system is less sen-
sitive to variations in L, as long as P remains large
(PLL-1).

In [5] the observation vectors consist of all the pixel
values from each of the blocks, and therefore the di-
mension of the observation vector is L x W. The use of
the pixel values as observation vectors has two impor-
tant disadvantages: First, pixel values do not represent
robust features, being very sensitive to image noise as
well as image rotation, shift or changes in illumination.
Second, the large dimension of the observation vector
leads to high computational complexity of the training
and detection/recognition systems. This can be critical
for a face detection or recognition system that operates
on a large database or when the detection/recognition
system is used for real time applications.

In [6], the 2D-DCT coeficients extracted from each
block were used to obtain an efficient set of observation
vectors. The coefficients inside a rectangular window
over the lowest frequencies in the DCT domain, which
concentrate most of the block energy, were used as ob-
servation vectors. The choice of the 2D-DCT coeffi-
cients reduced dramatically the size of the observation
vectors and therefore decreased the complexity of the
system.

In this paper, the observation vectors consist of the
Karhunen Loeve Transform (KLT) coefficients. The
KLT compression properties as well as its decorrela-
tion properties make it an attractive technique for the
extraction of the observation vectors. From the images
in the training set, the blocks are extracted and ar-
ranged column-wise to form vectors. The eigenvectors



corresponding to the largest eigenvalues of the covari-
ance matrix of these vectors form the KLT basis. Let
1 be the mean of the vectors used to compute the co-
variance matrix. To obtain the observation vectors, the
mean vector pu is subtracted from each of the vectors
corresponding to a block in the image. The resulting
vector is then projected onto the eigenvectors of the co-
variance matrix and the resulting coefficients form the
observation vectors. In Figure 3 the typical observation
vectors for blocks corresponding to some significant fa-
cial regions are illustrated.

(b)

Figure 3: Typical KLT coefficients for: a - hair (left),
forehead (middle) and eyes (right), b - nose (left) and
mouth (right).

5. TRAINING THE FACE MODELS

For face detection, a set of face images is used in the
training of one HMM. The images in the training set
represent frontal faces of different people taken under
different illumination conditions.

For face recognition, each individual in the database
is represented by an HMM face model. A set of images
representing different instances of the same face are
used to train each HMM.

After extracting the blocks from each image in the
training set, the observation vectors (KLT coefficients)
are obtained and used to train each of the HMMs.
First, the HMM X = (A,B,II) is initialized as fol-
lows. The training data is uniformly segmented from
top to bottom in N = 6 states, and the observation
vectors associated with each state are used to obtain
initial estimates of the observation probability matrix
B. The initial values for A and IT are set given the left
to right structure of the face model. (Figure 4). At the

next iteration, the uniform segmentation is replaced
by the Viterbi segmentation. The iteration stop, and
the HMM is initialized, when the Viterbi segmentation
likelihood at consecutive iterations is smaller than a
threshold. The final parameters of the HMM are ob-
tained using the Baum-Welch recursive procedure.
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Figure 4: Training Scheme

6. FACE DETECTION

Given a test image that contains one or more faces in
a cluttered background, face detection begins by look-
ing within each rectangular window in the test image,
extracting the observation vectors, and computing the
probability of data inside each window given the face
model. In order to cover all possible face locations in
the image, adjacent windows have a large amount of
overlap in both the horizontal and vertical directions.
For simplicity, the probability computation is carried
out via the Viterbi algorithm. The windows that have
a face model likelihood higher than a threshold are se-
lected as possible face locations. In order to remove the
false alarms in windows close to the detected face po-
sition, only the windows with the maximum face like-
lihood over a vicinity around the current window lo-
cation are selected as candidate faces. This approach
allows a fast implementation due to the breaking of the
face template into short observation vectors. The com-
putation of a face likelihood of a window requires only
the computation of a few new observation vectors, cor-
responding to the amount of shifting between consec-
utive windows, followed by the Viterbi segmentation,
which is relatively inexpensive procedure (Figure 5).
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Figure 5: Face Detection

Figure 6 shows some of the face detection results.
The horizontal lines show the Viterbi state segmenta-
tion. The face detection system has been tested on
the MIT database (48 images of 16 people with back-
ground, the face resolution is about 60 x 90 pixels)
taken under different illumination conditions. The man-
ually segmented faces from 9 images were used in the
training set. The other 39 images were used for testing.
Our experiments show 90% correct detection over this
database.

Figure 6: Face Detection Results

7. FACE RECOGNITION

The HMM face modeling capabilities for face recogni-
tion were tested using a set of face images (with no
background) not used in the training phase.

After extracting the observation vectors as in the
training phase, the probability of the observation se-
quence given each HMM face model is computed via a

simple Viterbi recognizer. The model with the highest
likelihood is selected and this model reveals the identity
of the unknown face (Figure 7).
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Figure 7: HMM recognition scheme

The face recognition system has been tested on the
Olivetti Research Ltd. database (400 images of 40 in-
dividuals, 10 face images per individual at the resolu-
tion of 92 x 112 pixels). Half of the images were used
in training, and the other half were used for testing.
The database contains face images showing different
facial expressions, hair styles, and eye wear (glasses/no
glasses). On the same database the recognition per-
formance of the method in [5] and [6] was 84%. The
approach in [5] is computationaly very complex because
of the large size of observation vectors. The accuracy of
the system presented in this paper is slightly increased
to 86 % while the recognition time is 250ms / face com-
pared to 700ms / face in [6].

Figure 8 presents some of the recognition results.
The crossed images represent incorrect classifications,
while the rest of images are examples of correct classi-
fication.

8. CONCLUSIONS

This paper describes an HMM-based approach for face
recognition and detection that uses an efficient set of
observation vectors based on the extraction of the KLT
coefficients.

A novel HMM-based face detection approach was
introduced in this paper. The accuracy of this method
with respect to variations in lighting conditions and its
complexity efficiency, suggest that this method may be
a promising approach for face detection.

The HMM modeling of human faces appears to be
a promising method for face recognition and face de-



Figure 8: Face Recognition Results

tection under a wider range of image orientations and
facial expressions.
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