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Biometric feature extraction using local fractal auto-correlation
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Image texture feature extraction is a classical means for biometric recognition. To extract effective texture feature
for matching, we utilize local fractal auto-correlation to construct an effective image texture descriptor. Three main steps
are involved in the proposed scheme: (i) using two-dimensional Gabor filter to extract the texture features of biometric
images; (ii) calculating the local fractal dimension of Gabor feature under different orientations and scales using fractal
auto-correlation algorithm; and (iii) linking the local fractal dimension of Gabor feature under different orientations and
scales into a big vector for matching. Experiments and analyses show our proposed scheme is an efficient biometric feature

extraction approach.
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1. Introduction

Texture is an important feature of images. Texture de-
scription and analysis have been applied in the depiction
of natural sceneries, such as satellite, remote sensing im-
age recognition, biomedical image analysis, and many other
fields in recent decades. There are many methods describ-
ing images’ texture, such as gray-scale difference method,
gray level co-occurrence matrix (GLCM) method, power spec-
trum method, and texture energy method.!! Recently, fractal-
dimensional image description and analysis methods have
been proposed > and have been applied in many fields, such
as image texture analysis,!%! surface topography analysis, !
object recognition, ! and classification. !

Fractal is proposed by Mandelbrot,'%! in which the
Hausdroff-Besicovich dimension is greater than the topologi-
cal dimension of mathematical set. Fractal dimension is an im-
portant element of fractal theory. Fractal dimension has been
used to describe the roughness of curves or surfaces and has
been applied extensively.!!!=13] Pentland studied the applica-
tion of three-dimensional fractal models for texture images to
achieve segmentation and classification in frequency domain,
and demonstrated that the fractal surface image is still fractal.
The box-counting method is a widely-used approach to esti-
mating the fractal dimension.!'*!] Based on the box-counting
method, Sarkar and Chaudhuri proposed a differential box-
counting method.[16-17]

In light of the fractional Brownian motion theory and its
discrete form, Lundahl er al.!'31%1 and Wen et al.1?%! utilized
the discrete Gaussian noise autocorrelation function and max-
imum likelihood estimation methods to estimate the fractal di-
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mension in the spatial domain and frequency domain. Since
the maximum likelihood function estimation is not explicit,
seeking the maximum value of likelihood function requires
massive calculation. Wang er al.!>!! studied the relationship
between the discrete Gaussian noise autocorrelation function
and the distance. They also utilized the least-squares estima-
tion method to estimate the Hurst coefficient H, and then to
estimate the fractal dimension of curves or images. The esti-
mated fractal dimension was used for classification of texture
images.

In the field of biometric recognition, Li et al. proposed
a box-counting based fractal dimension estimation approach
for iris coarse classification, but they only classified the iris
images into four classes.?”) Chen et al. utilized the fraction
dimension to classify the iris images, in which the texture fea-
tures of each intrinsic mode function image are obtained via
the differential box-counting method./?*! Lin et al. proposed
biometric based fractal pattern classifier for fingerprint recog-
nition by using grey relational analysis (GRA). Subsequently,

they proposed multi-fractal dimension, in which the fractal di-
[24]

[25]

mension was calculated by the box-counting approaches.
Athale et al. utilized fractal codes for face recognition,
but the calculation of pixel chaining is complex. Shang et al.
have validated that biometric images have the characteristics
of fractal, but fail to apply the fractal dimension theory to cal-
culate the recognition rate. Furthermore, they also carried out
much handwork, not completely automatically implemented
by computer. 2671

The former fractal based biometric recognition ap-
proaches always utilized the fractal box-counting approach to
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calculate the fractal dimensions. In this work, we use fractal
auto-correlation to calculate the fractal dimensions for biomet-
ric recognition as a fractal auto-correlation is an effective im-
age texture descriptor. In our proposed schemes, we first uti-
lize two-dimensional Gabor filter to extract the texture feature
of biometric images, and then calculate the fractal dimension
of Gabor feature under different orientations and scales using
fractal auto-correlation theory. Finally, we combine the fractal
dimension of Gabor feature under different orientations and
scales to a big vector for matching.

The rest of this paper is organized as follows. Sec-
tion 2 introduces the theories about fractional Brownian mo-
tions based fractal auto-correlation. In Section 3, we address
how we utilize Gabor filters and fractal auto-correlation to cal-
culate the fractal dimension vector of biometric images. Ex-
perimental results are given in Section 4. Section 5 ends with
the conclusions.

2. Fractional brownian motions based fractal
auto-correlation

2.1. Fractional brownian motion model

Brownian motion was proposed by Brown in 1827, which
was interpreted as the result of molecular collisions between
particles. Wiener in 1923 put forward a rigorous mathemati-
cal model on Brownian motion. Mandelbrot put forward the
concept of fractional Brownian motion in 1968 as follows. >8]

In the probability space, H is denoted as the index of ran-
dom processes X, and satisfies

(i) X (¢) is continuous about ¢ and X (0) = 0;

(i) for any ¢ > 0, increment X (# + Ar) — X (¢) is Gaussian
distribution with 0 mean and variance of A2, so the follow-
ing formula will be established:

PX(t4+Ar)—X(r) <x)

oo

_ (Zn)l/z(Ar)*H'[wexp (2(;‘;}1) du, (1)

where Ar represents time increment and « is a parameter of the
probability density function. According to Eq. (1), increment
X (¢4 Ar) — X (t) is stable and proportional to (Ar)?, so we
have

E[X (1 +Ar) — X (1)]?o0(Ar)?H, 2)

When H =
1/2, random processes X (¢) is the classical Brown motion.

where H is called the Hurst coefficient.

Falconer!?! has proved that the fractal dimension of the frac-
tional Brownian motion curve is 2-H, and the fractal dimen-
sion of the fractional Brownian motion surface is 3-H, so the
fractal dimension of texture image can be obtained by estimat-
ing H.

2.2. Discrete fractional Gaussian noise and its auto-
correlation function
Supposing B(r) and B(n — m) are respectively discrete
values of B(t) at time n and n — m, we define the discrete frac-
tional Gaussian noise as

In(n) = B(n) — B(n—m). 3)
In light of Eq. (2), we have
E[B(n) —B(n—m))* = c[n— (n—m)]*, (€]

where c is a constant. If we incorporate Eq. (3) into Eq. (4),
then

Elly(n)]* = cln — (n—m)]" = cm®™, )

where [,,(n) is a stable random process with 0 mean and

2 ,2H

o-m“" variance. If m = 1, then

E[I(n)? =c(1)* =c. (6)
As 6% = E[I(n)]?, equation (6) can be rectified as follows:
c=0% if m=1. (7

Supposing that R,,(n+ k,n) is the auto-correlation function of
I(n), then we have

Ru(n+k,n) = E[ly,(n+ k)L, (n)]. )

Equation (8) can be rewritten as

2
Ru(nkm) = 2 [(k-+m) =202 4 (k=m)*]. (9)

We can see that there is no relationship between R,,(n+ k,n)
and n as the auto-correlation function of the stable random
process I(n) has nothing to do with n, so equation (9) can be
further rewritten as follows:

2

Ru(k) = %[(k+m)2H 2P 4 (k—m)™). (10)

2.3. Auto-correlation function of digital image

Let B denote an M x M image and B(i, j) the pixel value
at position (i, j), where 1 < i, j < M. We suppose the differ-
ence value of two pixels with distance m can be regarded as

discrete Gaussian noise, which can be calculated by the fol-
lowing formula:

where I,,(i, j) is the mean Gaussian noise of B(i, j) within its

four neighborhoods. The auto-correlation function of discrete
Gaussian noise can be calculated by

1 N(m)
ij=1
“rInz(i,j—m)+Inl(i7j+m))/4]' (12)
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2.4. Estimation of fractal dimension

From Eq. (10), we can see that there is nonlinear relation-
ship between the auto-correlation function R,,(k) of discrete
Gaussian noise and the Hurst coefficient H. If k = m, equa-
tion (10) can be rewritten as

o2

2
R(m) = - [(2m)* —2m*] = %

Equation (13) is still nonlinear. If m = 1, we have

2 _2m*.  (13)

_ o
2
Incorporating Eqgs. (13) and (14), we have

R(1) (23 —2). (14)

R(m) = R(1)m*, (15)
Performing the logarithm operation on both sides of Eq. (15),
we have
1 R(m)
=1 —— | =HI . 16
j1oe () ) = Hiog(m (16)

Varying the value of m, we obtain a dot sets as follows:

(log (R(my.) /R(1)) ,log(my)) - (17)

From Eq. (12), we can obtain the dot sets described by
Eq. (17), and then utilize the least square sum approach and
Eq. (16) to estimate the value of H.

3. Biometric feature extraction
3.1. Two-dimensional Gabor filter

We first adopt Gabor wavelets to obtain the matrix of the
Gabor feature. The Gabor wavelets, whose kernels are similar
to two-dimensional receptive field profiles of the mammalian
cortical simple cells, exhibit desirable characteristics of spatial
locality and orientation selectivity.3%) The Gabor wavelets can
be defined as

k ko P 11211
Vo (z) = H;’;Hexp (H“VH”Z”>

202
x [eiturs— emo2], (18)

where p and v specify the orientation and the scale of Gabor
masks, respectively; z = (x,y); and ||-|| denotes the norm oper-
ator. The wave vector k,  is defined as: ky y = ky,e'®t where
ky = kmax/f", and @, = mu /4. Here kpax is the maximum
frequency, and f is the spacing factor between masks in fre-
quency domain. The Gabor wavelet masks in Eq. (18) are all
self-similar since they can be generated from one mask (filter),

the mother wavelet, by scaling and rotation via the wave vec-
tor. Each mask is one of the products of a Gaussian envelop
and a complex plane wave, while the first term in the bracket
in Eq. (18) determines the oscillatory part of the mask and the
second term compensates for the direct current value. The Ga-
bor wavelets of five scales {v € (0, 1,2, 3,4)} and eight ori-
entations {u € (0, 1,2, 3)} are applied to represent the face
image, in which 6 = 27, kyax = 7/2, and f = /2. Let I(x,y)
be the gray level distribution of the image. The convolution of
the image I(x,y) with the family of Gabor filters is defined as

Ouv(z) =I1(x,y)Wuv(2), (19)

where Oy v(z) is the convolution result corresponding to
the Gabor kernel for an orientation y and a scale v.
The magnitudes of convolution results are used as the
Gabor-represented feature matrix. Therefore, the set S =
{|O”7V(z)’ ,u=0,1,2,3; v=0,1,2, 3, 4} forms the Gabor
wavelets representation of the image /(x,y).

3.2. Extracting fractal dimension feature of biometric im-
ages

For an image, the fractal dimension is a non-integer num-
ber between 2 and 3, and it is a measure of the roughness of
its intensity surface. Experiments have demonstrated that the
rougher the texture appears, the larger the fractal dimension
is.[31 As the area of an image is related to the roughness, to
calculate the whole image’s fractal dimension as the image’s
template is not a reasonable means. Hence, we divide the im-
ages to several sub-blocks and calculate each sub-block’s frac-
tal dimension, and then link the calculated fractal dimension
with a vector for matching.

The fractal dimension of biometric images can be ob-
tained by implementing the local fractal auto-correlation al-
gorithm (LFAC) as follows.

1) Input training images A; (i = 1,2,...,M). Extract the
Gabor magnitude feature Bﬁ?v of images under different ori-
entations and scales, where i represents the i-th image, and pu
and v represent the orientation and the scale, respectively.

2) Divide evenly Bﬁ?v into non-overlapping square sub-
blocks B,(j)éj ), where j = 1,2,...,9 represents the index of
sub-block. Calculate the fractal dimension of Bﬂ)v(’ ) with
my,my,...,nm; based on Eqgs. (12), (16), and (17), and then

obtain the fractal dimension vector of B,(j?v(j) as FLE';)V(D =
i1 i) (2 i)(9 i)
[F,ﬁ)v( ),Flﬁ,( ),...,F‘i?,( )}, where FIE’?,U)

dimension of Bg)v(] ),

represents the fractal
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After steps (1) and (2), we can obtain the fractal dimen-
sion vector of image A; as

FO = [FO0 p0D) 00
RN )
R R R,
RV R R,
Fé72(1)7F572(2)’ 7F0(2(9),
(20)
FOW FOO | p0O)
FAO F0O) OO,
FOP FOO YO,
FOO FOO F0O)
FO A )

The total dimension of F() is 180, which is used as the final
biometric template for matching.

4. Experimental evaluation

In this section, we experimentally evaluate results
of authentication and verification on the CAS-PEAL face
database!*?! and the PolyU palmprint database,*3! respec-
tively. All the experiments were carried out on a computer
with a PIV of 3.0 GHz and an RAM of 3.0 GB with Mat-
lab 7.8. In the following experiments, m in Eq. (13) is
{1,2,3,4,5,6,7}.

4.1. Database

The CAS-PEAL face database contains 99594 images of
1040 individuals (595 males and 445 females) with varying
pose, expression, accessory, and lighting. The frontal face sub-
set was used in experiments, which were collected under vary-
ing expressions (smile, frown, surprise, close eyes, and open
mouth), pose, accessory, background, distance, and lighting.
Some example images from the CAS-PEAL face database are
shown in Fig. 1(a). The PolyU palmprint database contains
7752 grayscale images in a bitmap image format, correspond-
ing to 386 different palms. In this database, 131 persons are
male, and the age distribution is that, persons younger than 30
account for about 86 percent, persons older than 50 account
for about 3 percent, and about 11 percent ages between 30 and
50. In addition, around 20 samples from each of these palms
were collected in two sessions, where around 10 samples were
captured in the first session and the second session, respec-
tively. There is lighting variation in these two sessions. The
average interval between the first and the second collection is

69 days. The maximum and minimum time intervals are 162
days and 4 days, respectively. The resolution of all the original
palmprint images is 384 x 284 pixels at 75 dpi. In our paper,
by using the similar preprocessing approach described in the
literature, 3% the central 128 x 128 part of each palmprint im-
age is cropped for further processing. Some samples in the
database after preprocessing are shown in Fig. 1(b).

TR BT
ARRbRRRAR
BB i e

G Y R Y A A A L N sy
N Ret T M b Mo i i N N
‘\ L N b ™ ™ e - “ .

it D D Mot Dile D Dt Dol D Dil
(b)
Fig. 1. (a) Sample images of three subjects from the CAS-PEAL frontal

face database; and (b) twenty example palmprint images of two subjects
after being cropped.

4.2. Authentication

Authentication is a one-to-many comparison against a
stored training set, which answers the question of “who is the
person”. A testing template matches with templates stored in
the central database, if the distance between the testing tem-
plate and one template in the database is minimized. We think
that the identity of the testing template is the same as that
stored in the database. If such two templates are indeed from
the same face or palm, such matching is regarded as a cor-
rect matching; otherwise, the matching is deemed as a wrong
matching. In the following experiments, 100 subjects with 10
images of each subject covering pose, expression, accessory,
background, distance, and lighting variation were chosen from
the CAS-PEAL frontal faces database, 5 training sample im-
ages of each subject were randomly chosen for training, and
the rest is for testing. The main part of each face image was
cropped and resized to 112 x 92 pixels. Each template of test-
ing set is matched against all templates of training set, and then
we accumulate the number of correct matching. The authenti-
cation rate is the number of correct matchings divided by the
number of testing samples. To further validate the efficiency of
our proposed schemes in Section 3.2, we also carry out some
more experiments on the palmprint database, and then com-
pare them with the Gabor plus fractal difference box-counting
approaches (FDBC) and steerable filters plus FDBC*# in face
and palmprint recognition. The difference box-counting ap-
proaches can be described as follows. [?7!

A gray image can be regarded as a surface ((x,y, f(x,y)),
where f(x,y) is the gray value at position (x,y). The X-Y
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plane is divided into many griddings, each having a size of
L x L. We define r = L/M. At each gridding, there are sev-
eral boxes with a size of L x L x h, where # is the height of
one box. If the maximum gray value of the image is G, then
h=|Lx G/M]. Supposing that the maximum gray value and
the minimum gray value in the (i, j) gridding are placed at the
k-th and I-th box, respectively, we have n,(i,j) =1 —k+1,
where n,(i, j) represents the number of box covering the (i, j)
gridding. The number of boxes covering the whole image is
N; = Y.n,(i, j), and the fractal dimension of the whole image
is ther:jdeﬁned as

log(N,
D — 1im 122(%) Q1)

log(1/r)

We can choose different L, and obtain
{(@,N)), (L2, N7), .., (LN N ) (22)

Finally, we can utilize the dot sets described by Eq. (22) and
the least square sum approach to estimate the value of H.

In the experiments about palmprint authentication, 3000
images from 300 persons are chosen for experiments with 10
images of each person. We randomly choose the training sam-
ples and record the error recognition rate. We repeat the pro-
cedure 10 times and record the mean minimal error recogni-
tion rate (MMERR) and standard deviation. In the following
experiments, we utilized the Euclidean metric based nearest-
neighbor classifier for simplicity. Experimental results are
shown in Table 1. Experimental results in the database show
that the MMERR of Gabor plus LFAC is smaller than the Ga-
bor plus FDBC with different numbers of training samples.
The MMERR of the Gabor plus FDBC is smaller than steer-
able filters plus FDBC with different numbers of training sam-
ples, which indicates that the Gabor filters have better perfor-
mance than the steerable filters on the texture description.

Table 1. MMERR (%) and standard deviation.

Method 2 train 4 train 6 train 8 train
Gabor plus LFAC (Palmprint) 32+1.7 23+19 1.7+2.1 1.24+23
Gabor plus FDBC (Palmprint) 7.3+£2.5 6.2+2.1 52+19 4.1+22
Steerable filters plus FDBC (Palmprint) 9.6+2.2 7.8+1.9 6.7+2.2 46+1.8
Gabor plus LFAC (face) 18.14+2.1 16.7+2.6 142+18 11.3+1.9
Gabor plus FDBC (face) 223+23  20.0£27 17.3£2.1 13.5+1.8
Steer filters plus FDBC (face) 23.5+2.1 212423 187422 15.6+1.7
4.3. Verification 100
§ 90
Verification is a one-to-one comparison against a stored 9
i . . « © A
training set, which answers the question of “whether the per- - 80
. . » . . . a L
son is the one he claims to be”. To obtain the verification g 70
Q
accuracy of our proposed schemes, each of the testing biomet- z 60
ric templates matches with all of the training templates stored g 501 Ze-sabor plus LFAC on Palmprint database
in the central database. A matching is considered as a genuine S 40 —=-gabor plus FDBC on Palmprint database 1
. X . . &} =#=steerable filters plus FDBC on Palmprint database
matching if two palmprint images are from the same palm. In 30 .

the following experiments, we also chose 100 subjects with
10 images of each subject covering pose, expression, acces-
sory, background, distance, and lighting variation from the
CAS-PEAL frontal faces database, 5 training sample images
of each subject are randomly chosen for training, and the rest
is for testing. The main part of each face image was cropped
and resized to 112 x 92 pixels. In palmprint authentication
experiments, 3000 images from 300 persons were chosen for
experiments with 10 images of each person, 5 training sam-
ple images of each subject were randomly chosen to form the
training set, and the rest is for testing. In the experiments
on the CAS-PEAL frontal face database, the total number
of matching is 250000, the number of genuine matching is
2500, and the rest are impostor matching. In the experi-
ments on palmprint database, the total number of matching is
2250000, the number of genuine matching is 7500, and the
rest are impostor matching. We plot the experimental results

10°? 10° 10°
False accept rate/%

Fig. 2. (color online) The ROC curves on a subset of PolyU palmprint
database.

100
X
>~
g
= 80
—
e
g
o 60
Q
(]
g
.= 40
=
% =e— gabor plus LFAC on Palmprint database 4
@) 20 F =8=gabor plus FDBC on Palmprint database B
== steerable filters plus FDBC on Palmprint database
" " " L f
107 107? 107 10° 10! 10°

False accept rate/%

Fig. 3. The ROC curves on a subset of CAS-PEAL frontal faces
database.
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(genuine and impostor distribution) in Figs. 2 and 3 with a re-
ceiver operator curve (ROC). Experimental results reveal that
the performance of Gabor plus LFAC is better than Gabor a re-
ceiver operator curve (ROC). Experimental results reveal that
the performance of Gabor plus LFAC is better than Gabor plus
FDBC, and the performance of Gabor plus FDBC is better
than steerable filters plus FDBC. As the within-class varia-
tion of the face images is always larger than the between-class
variation of face, and the within-class variation of palmprint
images is always very little, and the verification performance
on the CAS-PEAL frontal face database is worse than that on
the palmprint database.

5. Complexity analysis

Multiplication is the main part of computation burden to
calculate the fractal dimension in the LFAC and FDBC. Com-
pared with the FDBC, there is extra computation in the LFAC
described by Eq. (12). To calculate R(m), the number of mul-
tiplication is the number of pixels in an image according to
Eq. (12). In our experiments, the size of image in the CAS-
PEAL database is 112 x 92, and the number of multiplication
is (112/3) x (92/3) x 9 = 10304. In addition, we need some
computation in the LFAC described by Eq. (11). In the FDBC,

we should calculate N, = ¥ n,(i, j). However, the computation
i,
in Eq. (11) and computation in calculating N, is little as there

are mainly addition, subtraction and comparison in Eq. (11)
and the computation of N,. In the FDBC, we utilize the dot sets
{(LY,N}),(L*,N?),...,(LN,NN)} and the least square sum ap-
proach to estimate the value of H. In the LFDA, we utilize the
dot sets described by Eq. (17) and the least square sum ap-
proach to estimate the value of H. The computation complex-
ity in the LFDA and FDBC to estimate H is the same.

6. Conclusion

This paper presents a local fractal auto-correlation based
texture feature extraction approach of biometric images. By
linking the local fractal dimension of Gabor feature under dif-
ferent orientations and scales to a big vector, we can obtain the
effective means to classify biometric images. Experiments on
the palmprint and face databases have validated the effective-
ness of our proposed schemes.
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