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Feature extraction for CBIR and Biometrics applications
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Abstract:In CBIR (Content-Based Image Retrieval), visual features such as shape, color and texture are extracted
to characterize images. Each of the features is represented using one or more feature descriptors. During the
retrieval, features and descriptors of the query are compared to those of the images in the database in order to rank
each indexed image according to its distance to the query. In biometrics systems images used as patterns (e.g.
fingerprint, iris, hand etc.) are also represented by feature vectors. The candidates patterns are then retrieved from
database by comparing the distance of their feature vectors. The feature extraction methods for this applications
are discussed.
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1 Introduction

A CBIR (Content-Based Image Retrieval) and U J
Biometrics systems can be viewed as two main [ Feature extraction |
components: feature extraction and the search engine. U U
These systems are based on computer vision methods oty

to solve the image retrieval problem; i.e., the problem (Query 1| measwre (| e
of searching for images in large image databases. Matching

Color, texture, local shape and spatial information, in
a variety of forms, are the most widely used features
in such systems. In response to a user's query,
the system returns images that are similar in some
user-defined sense.

U
Retrieved
Figure 1. Schematic diagram of the image retrieval
process.

The basic idea of the CBIR is to compactly tem that recognizes a person on the basis of a feature

describe an image by a feature vector and then match
guery images to the most resemblant image within the
database according to the similarity of their features

(Fig. 1).

CBIR can be divided in the following steps:

Preprocessing The image is first processed in
order to extract the features, which describe its
contents. The processing involves filtering, normal-
ization, segmentation, and object identification. The
output of this stage is a set of significant regions and
objects.

Feature extraction: Features such as shape,
texture, color, etc. are used to describe the content
of the image. Image features can be classified into
primitives.

A biometric system is a pattern recognition sys-

vector derived from a specific physiological or behav-
ioral characteristic that the person possesses.
Invariant features are extracted from the signal for rep-
resentation purposes in the feature extraction subsys-
tem. During the enrollment process, a representation
(called template) of the biometrics in terms of these
features is stored in the system. The matching subsys-
tem accepts query and reference templates and returns
the degree of match or mismatch as a score, i.e., a sim-
ilarity measure. A final decision step compares the
score to a decision threshold to deem the comparison
a match or non-match. The personal attributes used in
a biometric identification system can be physiological,
such as facial features, fingerprints, iris, retinal scans,
hand and finger geometry; or behavioral, the traits id-
iosyncratic of the individual, such as voice print, gait,
signature, and keystroking.
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A generallzed lagram of a biometric system Is shown

in Figure 2. The component which is of great impor-
tance is the feature extraction algorithm. Feature ex-
traction algorithm produces a feature vector, in which
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emantic features are abstract representations of

images at different levels of detail, corresponding to
human perception of the images.
As we mentioned before features should be ex-

the components are numerical characterizations of the tracted automatically from the images. Automatic ex-

underlying biometrics.

Data Acquisition
Matcher |<—| Feature Extraction |

F

Figure 2: A generic biometrics-based system.

| Decision Maker |q_|

Let us represent anxn color image by the vector
function! such that/ (z, y) denotes thér, g, b) vector
at locationz, y and records how red, green and blue
a pixel appears. Suppose, we have a databasaf
m images: M = I, 1,...,1I, and a query image
I,. Image indexing is all about finding the subset of
images in M which are close td,. Mathematically,
we might write:
Q:Ii : HIi_LIHd<T7 L,eM (i:1,2,...,m)
1)
where||.||4 is a distance measure which quantifies
the similarity of two images an@ contains all those
images inM which are sufficiently similar (their dis-
tance is below some user defined threshb]do the
query imagel,).

2 Representation of image content

Images features are divided to primitive and semantic
features. Primitive features are those features that
relate to the physical appearance of the image.
Among them we can list:

- aspect ratio of the image;

- file format;

- color depth: black and white, n-bit grayscale, n-bit
color;

- color: average color, color histogram or color
correlation for the image or a subset of its pixels;

- texture: physical features of a part (or all) of the
image when considered as a single texture;

- edge information: orientation, position and length
of edges detected in the image or a subset of it;

- shapes: contour, orientation, elongation, size,
bounding rectangle of shapes in the image;

- regions: areas of the image corresponding to
homogeneous areas of the image;

traction can be used only for the most primitive fea-
tures, like color (computing the average color, the
color histogram or color covariances of an area of the
image) or size of a region of the image.

2.1 Color

Image characterized by color features have many ad-
vantages:

e Robustness. The color histogram is invariant
to rotation of the image on the view axis, and
changes in small steps when rotated otherwise or
scaled [15]. It is also insensitive to changes in
image and histogram resolution and occlusion.

o Effectiveness. There is high percentage of rele-
vance between the query image and the extracted
matching images.

e Implementation simplicity. The construction of
the color histogram is a straightforward process,
including scanning the image, assigning color
values to the resolution of the histogram, and
building the histogram using color components
as indices.

e Computational simplicity. The histogram com-
putation hasO(M?) complexity for images of
size M x M. The complexity for a single im-
age match is linear)(n), wheren represents
the number of different colors, or resolution of
the histogram.

e Low storage requirements. The color histogram
size is significantly smaller than the image itself,
assuming color quantisation.

As interesting color space we consider the Hue-
Saturation-Value(HSV) color space, because it is
compatible to the human color perception. Ht
is represented as angle. The purity of colors is de-
fined by the saturatio(S), which varies fromD to 1.
The darkness of a color is specified by the value com-
ponent(V), which varies also fron® (root) to1 (top
level).

The coordinate system and th&SV color model are
shown in Figure 3 (a) and (b).

In caseRGBto HSV conversion, the obtainable
HSV colors lie within a triangle whose vertices are
defined by the three primary colorsRGBspace.
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Figure 3: a)HSV coordinate system biiSV color
model

The conversion formula is as follows :

H:cosl{ 5[(R—G)+ (R—B) }
V(R—-G)?+ (R- B)(G - B)
3 .

V=1(R+G+B)

Color features used in image retrieval include
global and local color histograms, the mean (i.e., aver-
age color), and higher order moments of the histogram
[18]. Average and dominant colors can be used to fil-
ter out irrelevant images without too much computa-
tional cost. However, they do not support a detailed

comparison of the color appearance among images.

The global color histogram provides a good approach
to the retrieval of images that are similar in overall

color content.

An image histogram refers to the probability mass
function of the image intensities. This is extended for
color images to capture the joint probabilities of the

intensities of the three color channels. More formally,

the color histogram is defined by,

= NProb(A=a,B=5b,C=c)

3)
where A, B andC represent the three color channels
(R,G,Bor H,S,V) and N is the number of pixels in the
image.

A colorimagel (z,y) of sizeX x Y, which con-
sists of three channels= (Ig, I, IB), the color his-
togram used here is

xOyO

hA,B,C(aa b7 C)

1 if I(xz,y)inbinm
0 Otherwzse

(4)

where a color bin is defined as a region of colors.

Let h andg represent two color histograms. The
euclidean distance between the color histograims

Venice, Italy
andg can be comput

ZZZhZabc

A B C
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g(a,b,c))?
(5)

The intersection of histogram’s and g is given
by:

9(a,b,c))
(6)

where |h| and |g| gives the magnitude of each his-
togram, which is equal to the number of samples.

EA ZB ZC min(h(a7 b7 0)7
min(|A/, [g])

d(h7 g) =

For HSV space distance formula is given by

1
dij =1= =l = vj)*+
(si cosh; —s; coshy)? + (s sinh; —s; sinhy)?]'/2 (7)

which corresponds to the proximity in th¢SV color
space.

Color moments have been successfully used in
many retrieval systems especially when the image
contains just the object. The first order (mean), the
second (variance) and the third order (skewness) color
moments have been proved to be efficient and ef-
fective in representing color distributions of images.
Mathematically, the first three moments are defined

| M N
UC—W;;fC<$7y) (8)
1 M ;
Oc = (m ] y:1(fc(x7y) NC)2)§ (9)
1 MoN 1
o= gy 2 Uil — s 0

wheref.(x,y) is the value of the-th color com-
ponent of the image pixék, y), andM N is the num-
ber of pixels in the image.

Since only 9 (three moments for each of the three
color components) numbers are used to represent the
color content of each image, color moments are a very
compact representation compared to other color fea-
tures.The similarity function used for retrieval is a
weighted sum of the absolute differences between the
suitable moments.

2.2 Texture

Texture is a powerful regional descriptor that helps in
the retrieval process. Texture, on its own does not
have the capability of finding similar images, but it
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can be used to classff]y textured images from non-

textured ones and then be combined with another vi-
sual attribute like color to make the retrieval more ef-
fective.

Statistical methods, including Fourier power
spectra, co-occurrence matrices, shift-invariant prin-
cipal component analysis (SPCA), Tamura features,
Wold decomposition, Markov random field, fractal
model, and multi-resolution filtering techniques such
as Gabor and wavelet transform, characterize texture
by the statistical distribution of the image intensity.

The co-occurrence matri'(i, j) counts the co-
occurrence of pixels with gray valugsand j at a
given distancel. The distancel is defined in polar
coordinatesd, ), with discrete length and orienta-
tion. In practiceq takes the value®’; 45°; 90°; 135°;
180°; 225°; 270°; and315°. The co-occurrence ma-
trix C'(4, j) can now be defined as follows:

C(i,j) = Pr(I(p1) = iNI(p2) = j | [p1 —p2| = d)

(11)
where Pr is probability, andp; andp, are positions
in the gray-scale image

Texture features which can be extracted from gray
level co-occurrence matrices are as follows:
Angular Second Moments

YD Ci.5)° (12)
i
Correlation
> 3 i5)C (0, ) — pan 13
O'Z'O'j
Variance
YD i=45)*CG,5) (14)
iog
Inverse Difference Moment
1 -
szc(w) (15)
i
Entropy
= > C(i, j)logCi, 5) (16)
i
Inertia (or contrast)
> > (i—5)*C(, ) (17)
iJ
Cluster Shade
(18)

> (= ) + (G = 19))*C (i, 5)
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abor filters have been successfully applied in

various computer vision applications and to texture
analysis and image retrieval. The general function-
ality of the 2D Gabor filter family can be represented

as a Gaussian function modulated by a complex sinu-
soidal signal. Specially, a 2D Gabor filtgfz, y) can

be formulated as

(2, y: F. 0) expl— L (T4 L) explonjFi]
; = Xp|l—=(—+—5)| ex
g\, y; r, 27?03;031 p 9 U% 0_13 plsm)
(19)
here
? _ co§9 sin 6 |z ’ — 1
Y —sinf cosf Y

and

e 0, ando, are the scaling parameters of the filter
and determine the effective size of the neighbor-
hood of a pixel in which the weighted summation
(convolution) takes place,

e 0 (0 € [0,7]) specifies the orientation of the
Gabor filters,

e F'isthe radial frequency of the sinusoid.

Gabor filters worked as local bandpass filters and
each filter is fully determined by choosing the four
parameters{d, F,o,,0,}. Assuming thatV filters
are needed in an applicatiod)N parameters need
to be optimized. The orientation paramefieshould
satisfyd € [0, 7). W is the radial frequency of the
Gabor filter and is application dependent, ando,
are the effective sizes of the Gaussian functions and
are within the rang@ ,in, omaz|-

The Gabor filtery(z, y; F, 6) forms complex val-
ued function. Decomposing z, y; F', ) into real and
imaginery parts gives

g(x,y; F,0) = r(x,y; F,0) + ji(x,y; F,0) (20)
where
r(z,y; F,0) = g(z,y; F,0) cos(2nF, T)
i(z,y; F,0) = g(x,y; F,0)sin(2nF,z)  (21)

The Gabor filtered output of an imadézx, y) is
obtained by the convolution of the image with the Ga-
bor functiong(z, y; F, ). Given a neighborhood win-
dow of sizeW x W for W = 2t + 1, the discrete
convolutions off (x, y) with respective real and imag-
inery components af(x, y; F, 0) are

t t

Ceo(,y; F,0) = > > I(a+l,y+m)r(z,y; F,0)
l=—t m=-—t
(22)
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Coad(z,y; F,0) = Z Z I(x+1,y+m)i(x,y; F,0)

[=—t m=—t
(23)
The channel output is computed as

Cla,y; F.0) = \/(Ceol,y; F. 0))? +

(Codd<x7 Y; F7 9))2
(24)
After applying Gabor filters on the image with
different scales and orientationk we obtain an ar-
ray of magnitudes. These magnitudes represent the
energy content at different scale and orientation of
the image (Figure 4). The following meary and

Figure 4: Gabor filters convolution

standard deviatios,, of the magnitude of the trans-
formed coefficients are used to represent the homoge-
nous texture feature of the region

chskxy,m (25)
x ly=1
sk— ZZ skwyaFe) /usk)2 (26)
z=1y=1
wheres =0,1,...,S—1landk=0,..., K — 1.

The feature vectofFV) is constructed using
andS;; as feature components.

2.3 Shape

Shape based image retrieval is the measuring of sim-
ilarity between shapes represented by their features.
Shape content description is difficult to define because
measuring the similarity between shapes is difficult.
Therefore, two steps are essential in shape based im-
age retrieval, they are: feature extraction and sim-
ilarity measurement between the extracted features.
Shape descriptors can be divided into two main cat-
egories: region-based and contour-based methods.
Region-based methods use the whole area of an ob-
ject for shape description, while contour-based meth-
ods use only the information present in the contour of
an object. The shape descriptors described here are:

EA\ICE Venice, ltaly, ber 21-23, 20

shape escrlp atures'ca ?culated from ob-
jects contour: circularity, aspect ratio, dis-
continuity angle irregularity, length irregularity,
complexity, right-angleness, sharpness, directed-
ness.Those are translation, rotation (except an-
gle), and scale invariant shape descriptors.

It is possible to extract image contours from the
detected edges. We extract and store a set of
shape features from the contour image and for
each individual contour. These features are (Fig-
ure 5):

N Noverp

Figure 5:
tures.

Shape and measures used to compute fea-

4pA

1. Circularitycir =

2. Aspect Ratiair =
. Discontinuity Angle Irregularity
(> 16i—6i41))

2r(n—2) °
A normalized measure of the average ab-
solute difference between the discontinuity
angles of polygon segments made with its
adjoining segments.

Pl +P2
C

dar =

4. Length Irregularity
tir = &bkl
whereK = 2P forn > 3 andK = P for
n=3. ’

5. Complexity com = 10%. A measure

of the number of segments in a boundary
group weighted such that small changes in
the number of segments have more effect
in low complexity shapes than in high com-
plexity shapes.

. Right-Anglenessa
the proportion discontinuity angles which
are approximately right-angled.

. Sharpness
sh — Z max(0,1— )2)

A measure of the proportlon of sharp dis-
continuities (oveBo).
M

. Directednesslir 5

of the proportion of straight-line segments
parallel to the mode segment direction.

T

—. A measure of

2|077r|
T

A measure
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where the discrete polar coordinates:

wheren - number of sides o polygon enclosed
by segment boundany - area of polygon en-
closed by segment boundary, - perimeter of
polygon enclosed by segment boundafy, -
length of longest boundary chorg, p» - great-
est perpendicular distances from longest chord to
boundary, in each half-space either side of line
through longest chordj; - discontinuity angle
between(i — 1)th andith boundary segment,-
number of discontinuity angles equal to a right-
angle within a specified tolerance, an - total
length of straight-line segments parallel to mode
direction of straight-line segments within a spec-
ified tolerance.

e region-based shape descriptor utilizes a set of
Zernike moments calculated within a disk cen-
tered at the center of the image.

Zernike moment of orden and repetitionm is
defined as:

n

an

Il// Vo (p, 0) f (z, y)dedy  (27)

x24+y2<1

where:

- f(=z,y) is the image intensity gtz, y) in Cartesian
coordinates,

- Vim(p,0) is a complex conjugate of
Vo (p, 0) Rum(p)e™™9 in polar coordinates
(p,6) and;j = v—1,

-n >0, andn — |m| is even positive integer.

The polar coordinate, 6) in the image domain
are related to the Cartesian coordinatesy) asz =
pcos(6) andy = psin(0).

R.m(p) is a radial defined as follows:

n—m

Rum(p) = 22: (=1)°[(n —s)Yp

o s — sl — )

n—2s

(28)

The first six orthogonal radial polynomials are:

Roo(p) =1 Ri(p) =p
Roo(p) =2p° — 1 Ras(p) = p°  (29)
R31(p) = 3p° — 2p Ra3(p) = p°

The discrete approximation of Equation (27) is
given as:

4(7’L—|— 1) N-1N-1

Lpm = f(k?, Z)an(pk,l)eijmekl

(30)

B
Il
o

— 22+ i O =arctan(t) (31
Pkl Tty bp=arc Cm(xk) (31)
are transformed by:
V2 ~1 V2 -1

fork=0,...,.N—1landl=0,...,N — 1.

To calculate the Zernike moments of an image
f(x,y), the image is first mapped onto the unit disk
using polar coordinates, where the center of the im-
age is the origin of the unit disk. Pixels falling outside
the unit disk are not used in the calculation.

Becaus€Z,,,, is complex, we use the Zernike mo-
ments module$Z,,,,| as the features of shape in the
recognition of patterns.

3 Applications

The CBIR technology has been used in several ap-
plications such as fingerprint identification, biodiver-
sity information systems, crime prevention, medicine,
among others. Some of these applications are pre-
sented in this section

3.1 Medical applications

Queries based on image content descriptors can help
the diagnostic process. Visual features can be used to
find images of interest and to retrieve relevant infor-
mation for a clinical case. One example is a content-
based medical image retrieval that supports mammo-
graphical image retrieval.
The main aim of the diagnostic method in this case
is to find the best features and get the high classifica-
tion rate for microcalcification and mass detection in
mammograms.

The microcalcifications are grouped into clusters
based on their proximity. A set of the features was
initially calculated for each cluster:

e Number of calcifications in a cluster

Total calcification area / cluster area

Average of calcification areas

Standard deviation of calcification areas

Average of calcification compactness

Standard deviation of calcification compactness

Average of calcification mean grey level
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Standard
level

eviation o fication mean grey

Average of calcification standard deviation of
grey level

Standard deviation of calcification standard devi-
ation of grey level.

Mass detection in mammography is based on

shape and texture based features. The features are
listed below :

Mass area. The mass areh~= |R|, whereR is
the set of pixels inside the region of mass, &nd
is set cardinal.

Mass perimeter length. The perimeter lendth

is the total length of the mass edge. The mass
perimeter length was computed by finding the
boundary of the mass, then counting the number
of pixels around the boundary.

Compactness. The compactnésss a measure

of contour complexity versus enclosed area, de-
fined as:C = % whereP and A are the mass
perimeter and area respectively. A mass with a
rough contour will have a higher compactness
than a mass with smooth boundary.

Normalized radial length. The normalized radial
length is sum of the Euclidean distances from the
mass center to each of the boundary coordinates,
normalized by dividing by the maximum radial
length.

Minimum and maximum axis. The minimum
axis of a mass is the smallest distance connecting
one point along the border to another point on the
border going through the center of the mass. The
maximum axis of the mass is the largest distance
connecting one point along the border to another
point on the border going through the center of
the mass.

Average boundary roughness.

Mean and standard deviation of the normalized
radial length. The meamand standard deviation
o of the normalized radial length are computed

as "
pi=- 3 Re (33)
k=1
a:dii}&—mﬁ (34)
k=1

where Ry is the normalized radial length at
boundary poinzy, yx).

SCIENCE, Venige, It November 21-23, 20
. F—_Eccentrlcny. h

. 77 .
e eccentricity c(haracterlzes the
lengthiness of a ROI. To this purpose a symmet-
ric matrix A is defined as follows

N
A= (i — Xo)?
i=1
N
Ap = A =Y (wi — Xo)(yi — Yo)  (35)
i=1
N

whereN is the number of the ROI pixels; and

y; are the coordinates of a generic pix&l; and

Y) are the coordinates of the geometric center of
the ROI. If A\; and )\, are the eigenvalue of th&
matrix, in the elliptical approximation of the ROI
region, the semi-axis values will be

A A
Si=y\I51 s=\IF] @8

Then the eccentricity is given by

(37)

. S1
eccentricity = 3,
2

with S1 < 52. An eccentricity close to 1 denotes
a ROl like a circle, while values close to zero
mean more stretched ROls.

Roughness. The roughness index was calculated
for each boundary segment (equal length) as

L+j

R(j) =Y |Ri — Ryi1l
py

(38)

forj =1,2,..., 7 whereR(j) is the roughness
index for thejth fixed length interval.

Average mass boundary. The average mass
boundary calculated as averaging the roughness
index over the entire mass boundary

Rowe = = 3" R(j) (39)

wheren is the number of mass boundary points
andL is the number of segments.
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3.2 Irisrecognition where [(z,y) IS the iris region, (x,y) and (p,0)

A typical iris recognition system often includes iris  are the Cartesian and normalized polar coordinates

capture, preprocessing, feature extraction and feature "espectively,(z,, y,) and (z;,y;) are coordinates on
matching. In iris recognition algorithm, preprocess- Pupil and limbus boundaries along tifedirection,
ing and feature extraction are two key processes. Iris (Z30;%p0): (Zi0, yio) are the coordinates of pupil and
preprocessing, including localization, segmentation, 1S centers.

normalization and enhancement, is a basic step in iris o

identification algorithm. Iris feature extraction isthe ~ The remapping is done so that the transformed
most important step in iris recognition, which deter- image is rectangle with dimensién2 x 32 (Fig. 7).
mines directly the value of iris characteristics in ac-

tual application. Typical iris recognition system is il-

lustrated in Fig. 6.

by,
Iris

P Image
Initial Image Database
' &
Preprocessing 3
Segmentation Feature
Datab . i .
Normalization TR Figure 7: Transformed region
¥ !

|Feature Extraction H Feature Comparison |

Most of iris recognition systems are based on Ga-
bor functions analysis in order to extract iris image
features. It consists in convolution of image with com-
plex Gabor filters which is used to extract iris feature.
As a product of this operation, complex coefficients
are computed. In order to obtain iris signature, com-

t plex coefficients are evaluated and coded.

The normalized iris images (Fig. 7) are divided
into two stripes, and each stripe into x L blocks.
The size of each block is x . Localization of blocks
is shown in Fig. 8.

Each block is filtered by

Figure 6: Typical iris recognition stages

Robust representations for iris recognition mus
be invariant to changes in the size, position and
orientation of the patterns. Irises from different
people may be captured in different sizes and, even
for irises from the same eye, the size may change due
to illumination variations and other factors. In order
to compensate the varying size of the captured iris
it is common to translate the segmented iris region,
represented in the cartesian coordinate system, to  Gab(z,y,a) = > > I(xz,y)-g(x,y)  (44)
a fixed length and dimensionless polar coordinate e—%5y—%
system. The next stage is the feature extraction.

CE+§ er%

The orientation angles of this set of Gabor filters are
The following formulas perform the transforma-

tion. (ol = % . i=0,1,2,3) (45)
0 €[0,2n], pel0,1], I(z(p,0),y(p,0)) — I(p,0)
(40)
z(p,0) = (1 — p)zp(0) + pzi(0) T T 1.
y(p,0) = (1 — p)yp(0) + pyi(0) (41)

xp(0) = xpo(0) + pp cos(6)
Yp(8) = ypo(0) + ppsin(0) (42)

Figure 8: Localization of blocks.
SUZ(G) = 3310(9) + pi COS(Q)

Yi(0) = yio(0) + p; sin(0) (43)
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Figure 9: Original block iris image (a) and real part of
Gab(z,y, o;) for a; = 0° (b), a; = 45° (C), a; = 90°

(d),

a; = 135° (e)

To encode the iris we used the real part of (44) as

Code(z,y) =1 if Re(Gab(z,y,a;) > th
Code(z,y) =0 if Re(Gab(z,y,a;) <th (46)

The iris binaryCodecan be stored as personal

identify feature.

Figure 10: Iris Code
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