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ABSTRACT

This pelipcr is addressing a challenging face recognition pro-
blem: Face Identification From One Single Face Image. We
present 4 novel approach to face identification, which is ca-
pablec to identify a person from Lace images that are signif-
icantly different from the sample image in terms of illumi-
nation, camera view angles and expressions. The approach
is based on a new measurement of dissimilarity between
the two face images. A person is identified based on the
smallest dissimilarity, which is the summation of the dis-
similaritics of all pairs of observations extracted from the
face image on both vertical and horizontal directions. Qur
experiment rcsults tested on both the AR face database and
the CMU PIE face database show that the proposed method
outperforms the PCA, LDA, LLFA based approaches.

1. INTRODUCTION

The aim of a computer based [ace identification system is to
identify a person from his/her digitized facial image. Such
* an automatic system bas a lot of practical applications, for
instance, personal record retrieval, access control, security
monitoring and surveillance. Within the past decade, many
face recognition systems have emerged that are capable of
achieving high recognition rate of over 95% accuracy un-
der controlled condition. However, there are limitations in
the usc of face identification at critical places such as border
control station, e.g. the airport, mainly due to the availabil-
ity of true facial images of the wanted people and the re-
quirement of real-time processing. In our study we make a
minimal assumption that orly ene sample face image of the
wanted person is available. This can be formed as a techni-
cal problem: Face Identification From One Single Face Im-
age. Even if a single face image is available it was mostly
taken in an uncontrolled environment. It is very challeng-
ing to most face identification techniques. This is due to the
environmental condition, and the used camera as well as its
set-up when the sample image was taken differs from those
during identification. To deal with the facial appearance
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changes between the sample face wnage and the captured
onc in the ficld, alignment techniques have to be used [1, 2).
A typical way is 1o synthesize a new view from the sam-
ple face image by means of 3D morphable model [3].-The
problem is that the quality of synthesized view is aftected
by the accuracy of the employed 3D model. Furthermore
most of current face recagnition algorithms require some
manual initialization and the complexity duc to image syn-
thesis is too high to be used in real-time applications as in
the airports.

In this paper we propose a novel and fast method to
compute the dissimilarity between two face images. It is
an extension of our previous work [4], which is based on
Hidden Markov Model. Nevertheless the current approach
is based on a new set of simple rules to measure the dis-
tance between two observation blocks in the sequence ex-
tracted from face images on both vertical and horizontal di-
rections. The proposed method was tested with the images
taken at near frontal faces under varying expression, illu-
mination, partially occluston from the AR face database [3]
and the images taken at different poses from the CMU PIE
face database {6]. The results were compared to PCA, LDA
and LFA based approaches.

2. ALGORITHM

The dissimilarities between images are computed from all
pairs of observations extracted on both vertical and hori-
zontal directions. We consider the scheme over the vertical
direction first. The procedure on the horizontal direction is
straightforward {the same procedures are applied, but on the
transposed image). Assume we have a set of R people to be
identified. In order to do face recognition, we perform the
following steps:

2.1. Observation vector generation.

The vector sequence generation from image I of width W
and height H, is carried out as following:

e First, overlapping vertical strips are éxtracted frem
I by horizontally scanning from left to right, Each
strip has the width 1w, and the height of I’s height H.
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The amount of vertical overlap dqw between consecu-
tive strips is perimitted up to one pixel less than strip
width. Number of strips per image is

Ng =14 (W —w,)/(w, —dw)] (1)

e Each strip is divided into overlapping blocks of height
hy. The amount of overlap dh between consecutive
blocks is permitted up 10 one pixel less than the block
height. Then new fealurc blocks are computed based
on the difference of two consccutive blocks. Number
of feature blocks per strip is

Nb = L([{ — hb))(hh — (Hl)j (2}

o The extracted fealure blocks are then normalized
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where j and 2 are the mean value and the variance of
the extracted feature block B; respectively, whereas
{i:1<i< Ny}

o The normalized feature blocks are arranged column-
wise to form the observation vectors.

We apply the Haar wavelet decomposition [7] to the image
as in [4] to reduce the dimension of observation vector.

2.2. Recognition

First of all observation vectors are generated from all the
sample images to constitute a “codebook”. Each vector in
the codebook is indexed by a wiple {4, 5,7} to address that
the vector was extracted from the " block of 7 strip of
the sample image of »** person.

Each unknown face image, which is going to be iden-
tified, is compared against reference images of all subjects
in the system. The dissimilarity between the test image and
the reference images of all subjects must be computed. The
selection of the identificd person is based on the smallest
dissimilarity. We will focus to the computation of dissimi-
larity between the unknown image and the reference image
of rtk person.

The input test image is transformed by Haar wavelet and
then divided into overlapping vertical strips. These vertical
strips are considered sub-images and these sub-images can
be treated independently. In other words the recognition of
one face image is based on the recognition of its consttuent
sub-images. The following part will give more details on the
processing and computation for each strip (or sub-image).
The obscrvation vectors from the strip are generated as de-
scribed in 2.1. Let the position of the unknown observation
vector in the strip be 7, and let the ordering number of the

strip in which the vector belongs 1o, be 4,. The unknown
observation vector is searched in the codebook agains( those
vectors that have indices satisfied:

1€ {i,,1, @1,4, 22, i, L}

je{ju:ju:t1)jui27"'7j1z:‘:n'h} (4)
re{l,2, ... R}

Parameters n,, and ny, are used to limit the scarch range in
the codebook. We could extend the searching region to deal
with the expression variant or big rotation or translation of
the face in the image, but it would introduce higher compu-
tational cost. Euclidean distances between the vectors are
computed and the one with minimum value is assumed the
best match. Let the indices of the best match vector found
from codebook be {if, jr, rs}.

2.2.1. Forming observation sequences according fo suliject

The observation vectors extracted from a strip will fonm ob-
servation scquence(s). The similarity between the unknown
subject o cach subject {r : 1 < » < R} in the system is
computed based on the extracted observations. The way of
labelling an observation vector is conlext dependant of both
the indices of the best match vector {if, 7, rs} and the
index r of the subject in considering:

o The observation vector is given a label of observation
oi, il ry == else og otherwise.

o Those observation vectors got the same § index form
observation sequence 097,

e Those O with length 7" > 2 arc broken down to
pairs of observations, {07,037 ,... 0¥ |}, where
OV ={oy, o1 }and1 <t <T -1

2.2.2. Measurement of Dissimilarity

The dissimilarity, denoted as [)s is computed from a pair of
observations as following:

o If one of the observations is op: Ds = Np
o If both two observations are oy: Js = 2% Np
o For apair [0;, o], where 4,7 > 0,i—j|=1,Ds =10

o For a pair [o;, 0;], where 4,7 > 0, — j| > 1
Let M = maz(i, §);m = min(i, j)
If; < jthen: Ds= (M —m — 0.5)/(R* No)
Else Ds = (M —m)/(R % Np)
where as N is the number of Fabels, No = Ny + 1

The smaller the dissimilarity computed from a pair og !, the
more likely the subsequence O’ belongs to the % sub-
image of the r** person. The sum of dissimifarity over all
pairs and all strips
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Fig. 1. Examples of images from the AR database.

Nz )
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gives disstmilarity between the testing iinage and the refer-
ence image of the ™ person. :

The above procedurc can be considered as computing
dissimilarity over the vertical direction. We do horizontal
computation using the same steps but on the transposed im-
ages. The sum of Ds over all pairs of observations on both
two directions in considering the »** person’s conicxt gives
the final dissimilar score for that person, The dissimilar-
ity of the unknown face image to the images of all subjects
must be computed. For computation against each r** sub-
ject, the observation vectors are re-labetled as in 2.2.1 and
the sumn of dissimilarity over all observation subsequences
and all sirips on both two directions are computed as in
2.2.2. The selection of the identified person is based on the
smallest dissimilarity.

3. EXPERIMENTAL RESULTS

We have tested our system on both the AR and the CMU
PIE face databases.

The publicly available AR database [5] contains images
of 126.individuals. The subjects were recorded twice at a
2-week interval. During each session 13 conditions with
varying facial expressions, illumination and occlusion were
captured. Those images of those people who have pictures
taken in both 2 sessions were selected for the test described
in this paper. That is a total of 120 people (65 males and 55
females), 26 images per each person, giving a tota! of 3120
images. Before using the database for the recognition ex-
periment, the unnecessary background area in the original
images should be removed. We process all neatral images
AROI first. All that images were normalized (using bilin-
ear interpolation) to the same size and the same disiance
between twe eyes roughly and then cropped to include the
face area mainly. Since there are no big differences in face
position, pose and scale in those images of the same person
taken in the same session, the other images of types AR02,

..., AR13 can be pre-processed in the same manner applied
to its corresponding neutral image A RD1. The images were
converted to gray and processed with histogram equaliza-
tion. Most of the scarf region in the images of types AR11,
AR12, AR13 were removed. Fig. 1 shows examples for
different conditions.
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Fig. 2. Recognition rate (%) for expression, illumination,
occlusion coupled with illumination variations of a) AR
images recorded in the 1st session b) "duplicate” images
recorded in the 2nd session.

Neutral images of type AROI from the first recording
session were used as sample images. All the images of other
types ARO2... AR13 from both 2 sessions were used for
testing. We used the same parameter setting as in [4]: (1)
Observation vectors are generated from transformed image
with block size of 5x4. (2) The step for vertical and hori-
zontal scanning is set at | pixel each. (3) Parameters n,, and
n;, decided the search range in the codebook are set to 3.

Our system works in the Matlab environment running
on PIII 1Ghz PC/Win2000. The time to train, in reality



Table 1. Recognition rate (%) for PIE images across pose

varialions
3210 0 16 31 44 44
I 2 2 19 | 2 2 2 13
pose cll | 27 07 | 05 | ¢37 | 25 | c02
Facelt | 75 | sample | 93 | 93 62 |6 3
DS+ | 97 | sample | 98 | 100 | 82 | 61 | 69

Fig, 3. Examples of images from the CMU PIE database.

to form the codebook, for a person and the time to recog-
nize an image are 0.25 second and {1.85 second respectively.
These time results already included the time of 0.14 second
for Haar wavelet transforms to get the coefficients matrix at

resolution of 28x23 from the pre-processcd image of size

224x184. Fig. 2 shows the recognition rate results of the
proposed method, denoted as DS+ and comparative results
of other methods reported in 2], which are based on the
PCA, LDA, LFA approaches.

The proposed scheme was also tested with images taken
from different poses. The data set for our testing is CMU
PIE database that contains a total of 41,368 images taken
from 68 individuais. The subjects were imaged in the CMU
3D Room using a set of 13 synchronized high-quality color
cameras and 21 flashes. The resulting images are 640x480
in size, with 24-bit color resolution. The images of all sub-
jects across several poses were selected for the experiment.
PIE Feature Point Pose Labels were used for extraction,
alignment and normalization of face region. Fig. 3 shows
examples for different conditions. The same parameters set-
ting as in previous experiinent with AR database was used.
Frontal images of the pose ¢27 were used for training. The
images of other poses c02, c05, <07, c11, €25, €37 were used
for testing. Tab. 1 and Fig. 4 show the recognition rate re-
sults of the proposed method, denoted as DS+ and compara-
tive results of other method reported in {2], which are based
on LFA approach.

4. CONCLUSION

A low complexity yet efficient face recognition system has
been introduced. The present work exploited new way of
extracting observations sequences and applying some sim-
ple but efficient rules to compute the dissimilarity between
two images. The proposed method works efficiently with a
single example image per person and even without precise
facial localization and registration, For the considered facial
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Fig. 4. Recognition rale (%) for PIE images across pose
variations.

databascs, the results of the proposed scheme show substan-
tial improvement over the resulls obtained from some other
methods. The proposed algorithm is robust to single varia-
tion of facial expression, illumination, partially occlusion;
and the system can recegnize duplicate image and small
pose variant image tolerably.
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