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Abstract

In this paper, we propose an improved version of {D-HMM for face verification, DCT coefficients of face images are used a3 observation
vectors in HMM states. Three types of modifications have been proposed to improve the overall performance of the classical model: (1}
Replacing Baum-Welch algorithm with K-means' clustering algorithm, (Z) Replacing K-means with adaptive K-means and (3} Adaptive
selection of training images amongst the availabie images in data set. The resulis show identical computational cemplexity in verification
phase and better verification performance compared with other 1D-HMM methods. The proposed algorithm has been successfully tested on
the ORI, fuce image data set, exhibiting an acouracy of 96%. This is almost 10% higher than the identification rate of the classical 1D-
HMMs and is comparable with 2D-HMMs accuracy; which basically has much higher processing complexity than 1E-FIMM.
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1. Introduction

Face recognition and face verification tfechniques are
categorized into three principal classes: peometric feature
methods, template based methods and model based methoeds,
Geometric methods use the angles and distances of the facial
components for recognition. Template based methods such
as PCA' [1,2], LDA? [1], Neural networks [3] and DLA [4]
use the template matching approaches. A  simplified
implementation of dynamic link architecture, the so-called
EGM’, is often preferred for locating objects in a scene with
a known reference {5]. It has been shown that the template
based approaches generally perform better than geometric
feature methods [6] and work well for classifying frontal
views of faces [71. However, both methods are very sensitive
to the variations in the size of images. This problem can be
solved by using templates with different sizes; however this
soltion increases the computational complexity of the
problem. Unlike the template based methods, the model
based methods, such as HMM® [8] and SVM® [9]110], allow
for greater flexibility and less sensitivity with respect to

different lighting conditions, facial expressions and
orientations such as hair style, facial hair and eye wear
(glasses / no glasses). This flexibility is a result of using &
mathematical model to incorporate information from
different instances of faces at different scales and
orientations. In model based methods, rather than comparing
feature vectors that represent face templates to determine the
identity of a face, the face model parameters are used for
recogaition [11]. The advantage of the HMM-based approach
is its ability to handle variations in scale [11], which is a
challenging problem for any face detection/ recognition
fverification fechnigue, and #s computational efficiency;
which is comparable to or lower than other approaches. This
robustness is due to the statistical nature of the model.

HMMs are a set of statistical models used to characterize the
statistical properties of a signal. These models have been
widely used for speech and speaker recognition, where data is
naturally one-dimensional along the fime axis. HMMs are
spreading to a variety of applications including digital signal
processing and pattern recogaition. 1D and 2DD-HMM have
also been applied for face recognition. Samaria introduced
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the use of the 1D continuous HMM for face recognition,
vielding an identification rate of 84% on ORL’ face database
[12,13]. The highest identification rate of 2D-HMM tested on
ORj. face database for face recognition is reported in {14,15].
The 15-HMM has been extended to a pseudo 2D-HMM by
Samaria [8]. The results show a recognition rate of more than
95%, but also an important increase of the computational
complexity. FThe equivalent full-connection 2D-HMMs
presented by Neflan [16], Kohir {17,18] and Eickeler {19]
reach an identification rate of 98-100%, but lead to very high
compuiational complexities, which makes it inappropriate for
real-thme applications.

We have enhanced the performance of the 1D-HMM for face
verification by increasing is accuracy almost up to the
identification rate of the 2D-HMM. Moreover, the
computational compiexity of our proposed mode} is as low as
the computational complexity of the ciassical 1I-HMM, The
high accuracy and the low complexity of the proposed model
make it appropriate for real-time applications.

The remainder of this paper is organized as follows: section 2
is dedicated to a general overview of the HMM.based
approach in face verification/recognition, section 3 presents
the proposed technique, section 4 contains the experimental
results and section 5 conciudes the paper.

2. Human Face Modeling in Classical
HMM

The significant facial regions (hair, forehead, eyes, nose,
mouth) come in a natural order from top to bottom for frontal
face images, even if the images are taken under small
rotations and/or rotations in a plane perpendicular to the
image plane [14]. A state is assigned to each of these regions
in a left to right continuous 1D-HMM. The state stracture of
the face mode} and the transition probabilities a; are shown
in Figure 1.
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{nose)

(forshead)  {Eyes) :
Figure 1. Face modeling using left to right 1D-HMM

The basic elements of 2 HMM are the number of states {N),
state fransition probability matrix (A), the state probability
matrix (B) and initial distribution (n). Using a shorthand
notation, a HMM is defined as a triplet: ) = {A, B, n}.

In face detection applications, a set of face images are used to
frain a universal HMM: for face-class; which includes all
faces. For face recognition/ verification, each subject in the
database is represented by one HMM face model and face
images of the same subject are used to train its independent
model.

In biock extraction phase, the observations sequence is
generated using the technique shown in Figare 2, where a
window scans an image from top to bottom, to generate
blocks with some overiap. After extracting blocks from each

image in the training set, the observation vectors, which
contain DCT coefficients {117 or pixels gray scales {12], are
used to train each of the HMMs,

During the training phase (Figure 3), the training data is first
segmented uniformly in N sections® from top to bottom, and
then, the HMM parameters are initialized. At the next step,
the aniform segmentation is  replaced by the Viterbi
segmentation {20,217 {Figure 4). Once the Viterbi
segmentation likelihood becomes smaller than a predefined
threshoid, iterations stop. The best sequence of states in
Viterbi algorithm is computed as shown in Figure 4,

== =

Figure 2. Image scanning in 1D-HMM
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Figure 3. Training phase in classicai 1D-HMM [11]

The final parameters of the HMM are obtained using the
Baum-Welch recursive procedure [21,23, 24], where the
model parameters are re-estimated.

In a face recognifion system, during the recognition phase,
the probability of the observation sequence for eack HMM
face medel is caleanlated. Then, a model with the highest
likelibood is selected, revealing the identity of the unkanown
face.

During the face verification phase in face verification
applications, the probability of the observation seguence is
calculated for the HMM model belonging to the claimed
identity, using the Viterbi algorithm. I this probability
exceeds a threshold, which is determined during the training
phase, the claimed identity is accepted, This threshold, which
depends on the required degree of security of environment, is
caiculated during the training phase.
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1. Imtialization:
S{(D)=n,-blo)
v (=0

where &) indicates the probability of occurring

observation sequence at time ¢ for state , N is the

number of states, 7, is the probability of being in siate

i intime ¢ and b0, is the probability of f observation o,
in state £,

1sis N (I

2. Recursion:

for 251ST , 1SjSN
5{ (.f} e max{a:l ) a.rj] 'bj (O.- ) (2)
w () = argmaxls,,()-a,] &

where  (jyindicates the previous state's number for

the best sequence in time f and state J, 7' is the number
of vertical observations and gy indicates the probability
of transitioning from state 7 to state 7.

3. Termination:
P’ =maxid, (1] 4)
i ()= argmaxfp’] (5)
where p’ indicates the best previous state with the

iargest probability for observation s equence.
4, Reconstruction:

for t=T-1, -2, .., 1,
#O)=w,, 6 on) 6

The resulting trajectory, i (1),i'(2), ..., (T} is the most
iikely sequence of states for model and observation.

Figure 4. Viterbi algorithm in 1D-HMM

Three categories of HMMs have been used in face
recognition/ verification as shown in Figure 5:

1) ID-HAMM: this ordering suggests the use of a top-down
model, where only the transactions between adjacent
states is allowed. The recognition rate obtained on ORL
dataset is 85% {14, 15].

2) 2D-HMM: in this model, images are scanned in two
directions (horizontal and vertical) [26,28). The number
of states is N*M, where N and M are the number of
vertical and  Thorizontal states, respectively. The
recogrition rate obtained on ORL dataset is about 100%.
However, the meain probiem of 2D-HMM is its deficiency
in real time processing, caused by its high computational
complexity. '

3} Pseudo 2D-HMM (p2D-HMM): this is a mixture of 1D-
HMM and 2D-HMM. In this model, ID-HMM is
generalized, giving it the appearance of a 21 structure by
allowing each state in 2 1D-HMM to be a (D-HMM
itself. The model consists of a set of super states with a
set of embedded HMMs. Images are scanned in 2 zigzag

form, The p2D-HMM was first proposed by Samaria in
{8]. Depending the structure of the model and the image
sampling rate, the recognition rate of this model varied
between 90% 10 95%, on the ORI dataset. Then, Nefian
it [15,16] and kohir in [18] increased the recognition rate
of 2D-HMM, on the ORL dataset, up to 98% and 100%,
respectively. The complexity and the accuracy of the
p2D-HMM are both higher than those of 1D-HMM and
are close to the 2D-HMM's complexity and accuracy
{15]. A comparison between three categories of HMMs in
term of complexity is shown in Table 1.

Table 2 shows a brief survey of HMM models used in face
recognition and verification systems.

Table i. Complexities of HMMs for face recogaition

Complexity
Testing Complexity
Model

Classical 1D-HMM

NJST,

(Z:ﬂg N:m)z'ﬁ,?;

S NV TT, + NIT, Pseudo 2D-HMM

{Nenumber of super states, N/ =nunvber of states in the &'th super
state . Fy=number of vertical observations, Ty=number of horizental
observations in 2D and p2B-HMM enly}

2D-HMM Classicat

As shown in Tables 1 and 2, 2D-HMM and p2D-HMM
reached an accuracy of 180% on the ORL database, but their
complexity is too high for real-time appiications,

On the other hand, despite its low complexity, which makes it
appropriate for fast operations in real-time face verification
applications, the identification rate of the classical 1D-HMM
is too low to be considered as a strong and reliable model for
face verification. As a result, in order to implement an
efficient face verification method for real-time systems, we
have investigated on improving the 1D-HMMs performance
to obtain both the fow compatational complexity of the 1D«
HMM and the high identification rate of the 2D-HMM in a
unique system. The detail of the propoesed model is described
in the following section.

3. Improved 1D-HMM

Our main objective s to find an efficient method for real-
time face verification applications, Due fo Hs low
computational complexity, the 1D-HMM is a good choice for
such a systems. However, as it's shown in Table 2, the
highest recognition rate of 1D-HMM is 85%. in order to
improve the recognition rate of the model, without increasing
ity computational complexity, we proposed the following
modifications in the fraining algorithm of the 1D-HMM {30]:

1} Replacing the Baum-Welch algorithm with the K-means
¢lustering algorithm,

2y Using adaptive clustering for each state;

3) Selecting the best training images for each subject.

In this section, we will describe the details of these
modifications and in section 4, we will present the resuits
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Figure 5. Three categories of HMM models used in face verification/recognition [25,26,27)

obtained in different experimentations, based on incremental
modifications,

3.1 Replacing Baum-Welch algorithm with
K-means clustering algorithm

Figare 6 shows the graphical representation of this
modification in training algorithm  with respect to the
classical method, shown in Figure 3.

In the propesed method, the main part of the training phase
consists of consecutive repetition of K-means’ and Viterbi
ajgorithms. Thus, the Baum-Weich aigorithm is completely
eliminated from the training phase. In this approach, unlike
the classical method, the K-means algorithm is repeated for
each state to estimate the pdf of state and to calculate the
parameters of the model, i.e. covariance mairix, averages, A
and « matrices. The number of clusters is identical for ali of
the states'®, The Viterbi algorithm determines the optimum
path in each repetition of the whole algorithm. Training phase
is continued untii the predefined threshoid valie of the
Viterbi probability is reached.

As it will be shown in Section 4, by this modification, we
could reduce the error rate of the face verification procedure.
it is aiso important fo note that, despite the fact that K-means
has been formerly used in speech recognition applications
based on HMM, in the field of the face recognition using
HMM, Baum-Welch algorithm has been replaced, for the
first fime in our approach, with K-means clustering
algorithm,

3.2 Replacing K-means with adaptive K-means
In first improved version of ID-HMM (section 3.1), the
number of clusters in ali of the states are taken identical. This
might not be the best method to model different states.
Indeed, different states of the model, which correspond to
different regions of a face are best modeled with different
number of clusters, depending on the amount of details in
each region. Regions with more details need to be clustered
with a higher number of clusters.

In order to determine the best number of clusters for each
state, we propose to replace K-means with adaptive K-means.
In our proposed method, to make adaptive clustering, the ‘S’
criterion is used to evaluate the performance of the clustering
aigorithm. It is defined as the ratio of the entire scattering of

clusters to the minimum distance befween centers of clusters,

as follows:

mx Nottuster
3{?‘ (variaice %) scattering of clusters

Min (dfst(xf.xj}) " mindist between the cluster centers
o, fe . et Mo clusted
(H

S::::

where x; is the center of cluster /.

Figure 7 shows the modified training algorithm with '$
criterion incorporated i algorithm to make adaptive
clustering. The number of clusters varies between 2 and a
maximum number, which is set to be § in our work. We used
the hierarchical clustering for each state with "dendrogram!’

311

We describe the difference between K-means and adaptive
K-means clustering algorithms using the example shown in
Figare 8. The data in Figure 8(a) and 8(b) represent both the
same distyibutions, i.e. five different clusters generated using
a Gaussian random generator. Figure 8(c} and B(d) iflustrate,
in z similar way, three different CGaussian distributions,
Sampies in Figure 8{a) and 8(c} are clustered using K-means
algorithm, with a constant number of clusters {4 in this
exampie), while the data in Figure 8(b) and &(d) are clustered
using adaptive K-means algorithm, with a variable number of
clusters. Cleatly, in Figure 8(a) and 8(c), samples are
clustered inte a wrong number of clusters, but adaptive K-
means could determine the correct number of clusters for
both cases in Figure 8(b) and 8(d), i.e. 5 and 3, respectively.

3.3 Adaptive selection of training images
Relatively low recognition rate of the classical 1D-HMM for
face recognition is, essentially, caused by the inappropriate
selection of the iraining images and, therefore, lack of
important information in these images. needed for an
adequate training,

Indeed, in classical algorithm [113[123{22], the first five
images of each person, in ORL dataset, are used to train the
model. Despite the fact that there are some degrees of
randomness in these selected images, they do not necessarily
contain uncorrelated information. In addition, there are some
important information existing in other images, that are absent
in first five images.

To overcome this problem, we propose fo select the best
{raining images automatically, amongst the available images
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Table 2. A survey of HMMs used for face recognition/verification
Research
Efclkler, . .
Othman, Abcuinasr Ri; 9;:2\;;:?; Kehir , Desai Nefian , Monson , Hayes Samariy, FOUpS
12526271 i [18.i7) {14,15,16] Harter[8,3} Models
{19] specifications
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Resotution
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Figure 6. Replacing the Baum-Welch algorithm with

Kw«means in training phase
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Figure 7. Using Adaptive K-means in training phase
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for each subject. In the case of the standard ORL database,
the problem consists of choosing five optimal training images
out of the total ten images available for each subject.
Obviously, the best training set is one that contains the
maximum amount of information, i.e, images with different
aspecis of a subject's face, taken in different conditions. In
order to construct such a training set, we first calculate DCT
coefficients of the images'”, and then select images with the
most distinguishable coefficients for HMM model training.
Thus, one cam extract the most imporant information
available in subject images, from the obtained training data
set 132].

Figure 8. Resuits of K-means ({2} and (c)) and adaptive
K-means, {((b) and (d))} clustering algorithms.

The algorithm used.to determine the best training images is
as foliows:

1. Choose one training image randomly;

2. For alf remaining images, calculate the minimum Euclidean
distance between each image and the selected ftraining
image(s),

[l

D:;.‘j = Z(da(n)_ d_,e (”))2 ®)

n=l
where m is the length of image vector, i.e. No. of rows' x
No. of columns'.
3. Select the image with the largest minimum distance as the
nexl fraining image:

Index of the nexi =
training image

Arg Max; (Min (D,))

%)
4. H there are stiil training images to choose, go o step 2.
5. End.

By applying this algorithm to the image data set, one can
expect that the last image contains information, which was
not present in the previous face images (Figure 9). Also, one
can sece that the face images in Figure 9b are the most

different images out of 10 availabie images. The different
steps for training image selection in Figure 9 are shown in
Figure 10,

4. Experimental Results

The initial parameters used in our {D-HMM face verification
system are:

Number of states: 5

Face database: ORI,

Number of fraining images: 5

Image dimension: 112x92

Number of DCT coefficients in each block: 39

Overlap between consecutive blocks during the feature
exfraction phase: 75%
+ Initial segmentation: uniform

* & * & & 8

According to [14], [221 and [29], these values are the most
appropriate values for ID-HMM in face recognition,

The experiments have been conducied on the ORI, database.
The ORL database consists of a total of 400 gray scale
images of a total of 40 people, 10 samples per person (Figure
11). This database supporis the illwmication, pose and
expression changes between images of the same subject. All
images of ORL have been used in our experiments: five
images of each person in training phase and the remaining in
test phase.

it}

Figure 9. Images of a subject taken from ORL database.
a) 10 available images for training and test phases. First five
images are used for training according to the classical 1D-
HMM. b) Training images selected using adaptive method

In order to compare our resulis with the results obtained from
the classical HMMs, we first calculated a decision threshold
to obtain 2 False Rejection Rate (FRR), similar 1o one
obtained in the previous works, that is 15%, and then, with
this threshold, we calculated the False Acceptance Rate
{FAR) of different models. Table 3 shows the results of
incremental improvements of the classical 1D-HMM.

We considercd different techniques for selecting training
images. In the classic HMM methods, the first five images of
each subject in the ORL data set have been used for training
the mode! and the next five images for evaluating the
performance of the model. However, in order to make our
results statistically significant, we selected the training
images randomiy and repeated our tests 10 times for each
subject. Then, we calculated the average of FARs and FRRs
for different decision thresholds.
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Selected image(s)

Input
Emaye

5 4 3 2 i Step

Random selection of the first image 1

561 | 416715991 503

4.60 | 443 | 6341 0 | 590 2

26,1107

561 1416 514} 503 4.60 | 443 ; 493 G 3.90 3
2,61
56114164361 5403 460 | 443 | 4.58 g 9 4
2,6,1,10
g 416 | 436 ;] 5.03 3.95 | 443 | 458 g ] 5

Figure 10. An example of training image selection steps based on our method. The values in this table show the
minimum distance between each image and previously selected images in each step

In the first stage of our experiments, the K-means
clustering algorithm replaced the Baum-Welch algorithm.
The number of clusters has been considered identical for
ali HMM states {4 clusters/state) and, through severai
siages of test, the identification rate of 87% were obtained,
ie. an improvement of 2% in FAR, compared to the
classical 1 D-HMM's identification rate.

Adding the S criterion to make adaptive clustering
improved the identification rate up to 6%, Le. an accuracy
of $1%. Figure 12(a) shows the average FARs and FRRs
obtained with different threshold values,

Finally, by adaptive selection of the training images, the
identification rate increased to 96%, as shown in Figure
12(b}, i.e. more than 10% decrease in FAR compared to the
classical  1D-HMM, considering the fact that the
computational complexity is not increased.

Table 4 shows a comparison between our method and the
other HMM based methods for face verification. The
processing order of our method is O(N,’75), which makes it
an adequate choice for real time applications.

Table 5 shows the average training and test times for each
subject, as well as the identification rates of the classical
and the proposed models, obtained on 2 personal computer
with Pentiom IV processor (CPU speed = 1.6 GHz and
RAM = 512 MB). As it is shown in this table, comparing
with the classical model, the training time of the proposed

mode! increased slightly (almost 2 sec), while the test time
remained unchanged and the identification rate increased
significantly.

Figure 13 shows some of the face images segmented in
five regions using our approach. As one cap see, the
regions does not change {or have a small change) for
different images of the same subject, even in different
conditions. The crossed image represents incorrect
classification, while the rest are examples of correct
classification.

Table 3. Incremental improvements of the proposed
method in comparison with the classical 1D-HMM

Resalts
Verification
Accuracy

Steps of Enprovemen

Replacing Baum-Welch with K- An increase of
means 2% (up to 87%)

An increase of

Replacing K-means with )
6% (up to 91%)

adaptive K-means

Adaptive selection of training An increase of
images 1 1% (up to 96%)

" In comparison with the identification rate of the
classical | D-H
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Figure 11. ORL database

B e e

P T o eshold=10-X N thrshoid=10-X
§ 708 8 W #8113 4 18 1% 7 6 7 & 8 1 11 % 3 4 5 18 17
(® ®

Figure 12. FARs and FRRs obtained with adaptive K-means and {a) random and (b) adaptive selection of training imag

‘Table 4. Identification rates and complexities of HMMs for face recogaition and

verification
Identification rate .
(FRR=15%) Fest Phase Complexity
85% NﬁzTe Classical 1D-HMM [15]
100% M NE VT, +NIT, Psendo 2D-HMM [15]
96% . N7, Improved ID-HMM

{Ng=number of super states, N;"=number of states in the k’th super state ,
Tenumber of vertica! observations, Ty/=number of horizontal observations in 2D and p2D-HMM only)
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Table 5. Average time and accuracy of classical and
proposed models

’Fra?m:zzg ’Etest Identification
time Time Rate
{off-line} | {on-iine}
Classical
iD- 6.7 Sec .25 Sec 83%
HMM
Improved
iD- 9.8 Sec 0.25 Sec 96%
HMM

Figure 13, Face segmentation results, using our method

5. Conclusions

Classical 1D-HMM model used in face identification
obtained an identification raic of 853%. By epplying the
proposed method in this paper, we improved the model
accuracy significantly, reaching an identification rate of %96.
ID-HMM performance improvement were obtained by
replacing the Baum-Welch algorithm with the K-means
clustering algorithm, by adaptive selection of the number of
clusters for each state and finally by finding the best training
images for each subject.

The interesting point to note is that, the identification rate of
the proposed model increased, without increasing the model
complexity in verification phase (Table 4). In fact, only the
training time increased slightly, mainiy due to the adaplive
selection of training images. Since the training phase is
generaily done in off-line mode, such a small increase in
training time is acceptable. Consequently, we believe that the
proposed model can be used successfully in accurate real-
time face verification applications. The future work consists
of the evaluation of the proposed model on a realtime
application, using a large image dataset,
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% Hidden Markov Mode!

¢ Support Vector Machine
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*Nisfixedwo § according to {22}

® Details of the k-means clustering algorithm is available in 21, 28}

® 1a our experimentations, the number of clusters is defined equal to 4,
which corresponds to the best experimentat resulés obtained with different
rumber of clusters between 2 and 5.
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¥ Dendrogram is a binary tree that shows the structure of the chusters and in
addstion provides the simiarity measure hetween clusters (the vertieal axis).
The best number of clusters corresponds to the smallest value of 5.

2 DCT coefficients have been used for compatidility with classical approach
presented dn [§1] B has been shown that DCT cocfficients are the best
featares for face verification/recognition using $DWHMM.
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