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ABSTRACT

In this paper, we propose a face recognition scheme that
has strong tolerances to changes in the lighting
environment. The current spread of cellular phones with
camera devices has made biometric certification of face
images possible, without adding extra devices. However,
face images taken via cellular phones are fluctuated by
lighting environments, because cellular phones are used
both indoors and outdoors without limit. Therefore, the
most serious problem is that lighting fluctuations decrease
its recognition accuracy. Our proposed scheme is very
simple. This scheme uses the lighting canonical space and
creates a virtual subspace that contains various elements
of lighting, without actually taking many face images
under different environments. Simulation results show the
proposed scheme can achieve not only a lower equal-
error-rate of verification, but also higher precision of
identification than the conventional subspace scheme.

1. INTRODUCTION

Mobile banking, stock trade and on-line services were
started recently, and their payments through cellular
phone have been enabled. Therefore, people are becoming
increasingly interested in biometric certification using
human inherent information to maintain a more advanced
security than the current PIN code. Especially, the spread
of cellular phones with camera devices has made
biometric certification of face images possible, without
adding extra devices. However, if the face images taken
by cellular phones are used in biometric certification, a
most serious problem occurs. Lighting fluctuations
decrease the certification precision, because cellular
phones are used both indoors and outdoors.

In this paper, we propose a face recognition scheme
that has strong tolerances to changes in the lighting
environment. The proposed scheme uses the lighting
canonical space, which contains various elements of
lighting, and creates a virtual subspace, without actually
taking face images under various environments. In
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section 2, face recognition by the conventional subspace
scheme is described It forms the core techniques of the
proposed scheme. In section 3, the concept of the lighting
canonical space is also described. How to create the
virtual subspace using the lighting canonical space is
proposed. In section 4, simulations are performed and
advantages of the proposed scheme are confirmed.
section 5 is conclusion of this paper.

2. FACE RECOGNITION BY SUBSPACE SCHEME

Subspace scheme [1] forms the core techniques of the
proposed face recognition. Face recognition by the
conventional subspace scheme is described in this section.

2.1. Subspace scheme

We assume that all face images in this paper have already
been normalized for position, size, pose and expression.
When N face images x; (=1, 2, ..., N) of a certain person
are obtained, the correlation matrix R of these face images
is defined as the following equation:

N
R:%;xl.xf @)

A is the diagonal matrix in which N eigen values of R are
arranged as diagonal components, and ¢; (=1, 2, ..., N) is
the eigen vector, which corresponds to each eigen value.
@ is the transformation matrix in which eigen vectors e;
are arranged as column vectors. R can be transformed.
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The concept of conventional subspace scheme is shown in
Figure 1 . This scheme determines a judgment of
certification, measuring distance or angle 6 between input
face image x and the subspace, which is spanned by M
eigen vectors. M is less equal than N. M eigen vectors are
selected sequentially with larger eigen values. Moreover,
the distance and angle 6 can be replaced by the similar S.
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Fig.1 Subspace scheme

If the person of the input face image x is the same as the
person of the subspace, S shows a large value near 1. That
is to say, certification judgment can be determined by
measuring whether S is close to 1 or not.

2.2. Decrease of certification precision by changes
in lighting environment

The conventional subspace scheme has one serious
problem. If input face image x is fluctuated by changes in
the lighting environment, similar S between the input face
image x and subspace decreases and shows a small value
since the subspace doesn’t contain an element of its
lighting. In this case, although the person of the input face
image is actually the same as the person of the subspace,
certification may fail. Moreover, the similar to other
persons increases, and the person may be identified
incorrectly as another person. Therefore, we must take
many face images under various lighting environments
and create a subspace that contains various elements of
lighting, to solve the problem with lighting fluctuation.

3. PROPOSED SCHEME

The conventional subspace scheme can work against
lighting fluctuation only if the subspace is made from face
images that have been taken under various lighting
environments. However, it is actually difficult to do this,
since registration operation of this system should be as
simple and as easy as possible for users. Therefore, if face
images were only taken under one or a few types of
lighting environments, the subspace could not be perfectly
adapted to the lighting fluctuations. In this section, we
propose a new subspace scheme that can recognize
fluctuating face images correctly even in such a situation.
This scheme can also archive face recognition, which has
strong tolerances to changes in the lighting environment.

3.1. Lighting canonical space

Face images y,; of P persons (p=1,2, ..., P) are taken
under L types of lighting environments (/=1, 2, ..., L),
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Fig.2 Continuous curve in the lighting canonical space

respectively. Using this face image set, its eigen space can
be introduced and various elements of lighting can also be
modeled. This space is called the lighting canonical space
and this face image set is called the canonical face image
set. Mean 3 and covariance matrix C of the canonical

face image set are defined as the following equations:
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Generally, y is used as the center of lighting canonical

space m to maximize covariance. However, the proposed
scheme uses y, instead of y, since this scheme aims at

adding various elements of lighting to the conventional
subspace virtually. 3, is the mean of face images, which

were taken under the same lighting environment as
registration operation, defined as the following equation:
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where it is now assumed that /=1 is the same lighting
environment as the registration operation. PL-1 eigen
vectors can be introduced from the principal component
analysis of C, and they become normalized on an
orthogonal basis, which spans the lighting canonical space.

Next, face images were taken when lighting
environments were changed continuously and they were
mapped onto the lighting canonical space, as shown in
Figure 2. Their tracking depicts a continuous curve. Each
person depicts a continuous curve respectively. These
curves differ slightly but their shapes are almost similar
[3]. Therefore, if the face image was only taken under a
certain lighting environment, using relations of this
continuous curve, face images under other lighting
environments can be deduced and created virtually,
without actually taking many face images under various
lighting environments. Figure 3 shows virtual face images
under L=9 types of lighting environments. These face
images were created from only one face image that was
taken under the /=1 lighting environment, mapping so that
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Fig.3 Deducing operation on lighting canonical space

their tracks would maintain a continuous curve on the
lighting canonical space.

3.2. Simple creation algorithm of virtual subspace

L virtual face images could be deduced respectively from
each face image using continuous curve on the lighting
canonical space. If N face images x; (=1, 2, ..., N) were
taken in the registration operation, NL virtual face images
can be obtained. These virtual face images can create a
subspace, which contains various elements of lighting and
its correlation matrix R'. However, R’ can be introduced
from the summation of two matrixes R and C simply as
shown in the following equation, without actually making
these virtual face images.
=R+C ®)

Subspace of R’ has strong tolerances to lighting
fluctuations. From the above process, we can achieve a
face recognition scheme that has strong tolerances to
changes in lighting without actually taking face images
under various lighting environments.

3.3. Separation of covariance matrix

The covariance matrix of lighting canonical space C can
be separated into C,, and Cj. to archive stronger
tolerances in lighting fluctuations as shown in the
following equations:

c-C, +C, ©)
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where g is the mean of face images that are taken under

lighting environment /. Figure 4 shows the concept of
separating covariance matrix C, which contains elements
of L=9 lighting environments. C,. is the perspective
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Fig.4 Separation of covariance matrix

covariance, which contains the main elements of the
differences in lighting environments. Cj,. is the local
covariance, which contains the main elements of
differences in people. Therefore, the proposed scheme
uses C,,, instead of C as shown in the following equation:

~R+C,, (13)

As a result, the proposed scheme can create a virtual
subspace that has strong tolerance to changes in the
lighting environment, even if face images were taken
under only one or a few lighting environments.

4. SIMULATION

Computer simulations were performed to check the
advantages of the proposed scheme. Face images of the
Yale Face Database [4] were used in these simulations.
This database is composed of 17 persons and the face
images of each person were taken under 40 types of
lighting environment. The resolution of all face images
was normalized so that the width was 32 and the height
was 32. All 17 persons were classified into two groups.
The first group (A) was for making the covariance matrix
of the lighting canonical space. The second group (B) was
for measuring certification precision. This classification of
test face images is shown in Table 1. First, for P=10
persons in group (A), C,, of the lighting canonical space
was introduced from the face images, which were taken
under L=9 types of lighting environments, containing /=1.
Next, for 7 persons in group (B), which did not contain
the persons in group (A), the correlation matrix of
subspace R was introduced from N=2 face images, which
were taken under the /=1 lighting environment.

4.1. Verification experiment

1:1 verification precision of face images fluctuated by
changes in the lighting environment was measured in
about 7 persons in group (B). Each R' was introduced
simply from the addition of R and C,.,, and each subspace
was created from this R’ as shown in equation (13). Nine
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Table 1 Classification of test face images

Table 2 Identification precision
(a) 9 types of lighting environments (total 63 images)

Lighting Group (A) 10 persons Group (B) 7 persons
I=1 for making correlation R R | 087|087 | - - - - -
=1 9 types 40 types R’ 081|094 097 | 1.00 | 1.00 | 1.00 1.00

/=2 |for making covariance matrix C
of lighting canonical space

=9 (Total 90 images) .
/=10 (Total 280 images)

for measuring
certification precision

=40

types of lighting environments were contained in not only
group (A), but also in group (B). However, the other 31
types of lighting environments were not contained in the
lighting canonical space of group (A). Similar was
measured for all 40 types of lighting environments. The
conventional subspace scheme used 2 eigen vectors and
the proposed scheme used 10 (=N+L-1) eigen vectors.

First, FAR and FRR were calculated with the change
in threshold. This result is shown in Figure 5. ERR of the
conventional subspace scheme is about 0.45. In contrast,
the proposed subspace scheme can archive about 0.25. It
was confirmed that the proposed scheme could improve
verification precision and reduce certification error. In
addition, although the lighting canonical space contains
only L=9 types of lighting environments, the proposed
subspace could also verify the face images that were taken
under other different lighting environments. This result
shows that arbitrary lighting fluctuations can be calculated
by linear summation of elemental lighting fluctuations,
which are contained in the lighting canonical space.

4.2. Identification experiment

The proposed subspace scheme adds C,,.. equally to R of
anyone and creates R’. Therefore, there are some concerns
that the proposed subspace may improve similar in
anyone equally and in the end, its identification precision
may be equal to the conventional subspace scheme.
However, such a problem does not occur in fact, since
subordinate components between R and C,,, are canceled
when eigen vectors of R’ are introduced and individual
features can be reflected in the subspace.

We measured 1:n identification precision to verify the
justification of this theory. This result is shown in Table 2.
R means the conventional subspace and R’ means the
proposed subspace. It was confirmed that the proposed
scheme has higher identification precision than the
conventional scheme in both two cases. The first case (a)
contains L=9 types of lighting environments, which are all
included in the lighting canonical space. The second
case (b) contains 40 types of lighting environments, which
are partly not included in the lighting canonical space.
Moreover, the proposed scheme can improve the
identification precision more as the number of used eigen

(b) 40 types of lighting environments (total 280 images)

M 1 2 3 4 5 6 10
Rlomm]|om| — | — [ — [ —
R’]0.69 | 0.79 | 0.86 | 0.89 | 0.90 | 0.91 0.91
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Fig.5 FAR and FRR of verification

vectors M increases, and can archive 100% in case (a) and
91% even in case (b).

5. CONCLUSION

We propose a face recognition scheme that has strong
tolerances to changes in the lighting environment. The
proposed scheme can simply create virtual subspace
without actually taking many face images under various
environments, even if face images were taken under only
one or a few lighting environments. Simulation results
show the proposed scheme can achieve not only a lower
equal-error-rate of verification, from 0.45 to 0.25, but also
higher precision of identification, from 73% up to 91%
than the conventional subspace scheme.

Processing of this scheme is easy and simple.
Therefore, the proposed scheme can realize face image
biometric certification using cellular phones.
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