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PERSONAL IDENTIFICATION USING RETINA

This paper proposes a biometric system for autbatiin that uses the retina blood vessel pattelne. rEtina biometric
analyzes the layer of blood vessels located abdlek of the eye. The blood vessels at the badkeoéye have a unique pattern, from
eye to eye and person to person. The retina, a tfylelood vessels located at the back of the &yms an identity card for the
individual under investigation. In particular retlnrecognition creates an "eye signature” fromvigscular configuration and its
artificial duplication is thought to be virtuallynpossible.

1. INTRODUCTION

A biometric system is a pattern recognition systeat recognizes a person on the basis of a feaewter derived from
a specific physiological or behavioural charactarishat the person possesses. The problem ofviagothe identity of
a person can be categorized into two fundamentillfinct types of problems with different inherezamplexities: (i)
verification and (ii) identification. Verificatiorfalso called authentication) refers to the problgihtonfirming or denying
a person’s claimed identity (Am | who | claim toe Identification (Who am 1?) refers to the problef establishing
a subjects identity.

The personal attributes used in a biometric idmatifon system can be physiological, such as fafgakures,
fingerprints, iris, retina scans, hand and fingeometry; or behavioural, the traits idiosyncrafithe individual, such as voice
print, gait, signature, and keystroking.

One technology has emerged in the biometric amtmal recognition. This paper proposes a biometyistem for
authentication that uses the retina blood vesstgnpa

The retina is a thin layer of cells at the backhaf eyeball of vertebrates. It is the part of thie hich converts light
into nervous signals. The unique structure of thedbvessels in the retina has been used for bitadentification.

Retina scanning is quite accurate and very unigueaich individual and typically requires the userldok into
a receptacle and focus on a given point for the'sisetina to be scanned. Retina scans requirdtibaisers (person) removes
their glasses and positions his eye close to tliesutembedded lens, with the eye socket restinghensight. In order for
a retinal image to be acquired, the user must gaeetly into the lens and remain still, movemeefehts the acquisition
process requiring another attempt.

Retina recognition technology captures and analyhespatterns of blood vessels on the thin nervethenback
of the eyeball that processes light entering thiaihg pupil. Retinal patterns are highly distinetivaits.

The retina biometric analyzes the layer of bloodseds located at the back of the eye. The bloodeleat the back
of the eye have a unique pattern, from eye to egep&rson to person. The retina, a layer of bloesbels located at the back
of the eye, forms an identity card for the indivatlwinder investigation. In particular retinal rendgpn creates an "eye
signature” from its vascular configuration andatsficial duplication is thought to be virtuallynpossible.

Every eye has its own totally unique pattern ofobllavessels; even the eyes of identical twins aséndi. Although
each pattern normally remains stable over a pesdifatime, it can be affected by disease suchlascgma, diabetes, high
blood pressure, and autoimmune deficiency syndrome.

Fig. 1. Typical retina image analysis (biometrisgdtem
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In this paper we implementation such a system usiadollowing steps:
1. Image retina acquisition,
2. Image preprocessing (colour transformation, edgectien, etc.),
3. Extraction of geometrical features,
4. Extraction of texture features,
5. Integration of geometrical and texture features.

2. PREPROCESSING

Most digital images are stored RGB colour spaceRGB colour space is represented with (B green(G), and blue
(B) primaries and is an additive systeRGB colour space is not perceptually uniform, whictplies that two colours with
larger distance can be perceptually more similanthnother two colours with smaller distance, ampdy put, the colour
distance irRGB space does not represent perceptual colour déstanc

Fundus images contain full colour information. Tiet step is to separate channel t®@B channels and from the
three colour channels the gre@) component oRGB colour space for blood vessel recognition is chdgeég.1). Additional
to represent retinal characteristic we using lumogacomponen(y) from YC, C; (YIQ) colour space (Fig 2).

YCrCb is an encoded nonlined®GB signal for image compression work. Colour is repreed by luminance,
computed from nonlineaRGB, and two chrominance components. These colourespseparat®GB into luminance and
chrominance information.
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Fig. 2. Original retina image IRGB colour space (a) and Red (b), Green (c) Blue (chrobis.
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Fig. 3. Retina image iMC,C, colour space: & component and componer@s (b), C, (c) respectively.

3. GEOMETRICAL FEATURE EXTRACTION

In the geometrical feature extraction steps refinage with edge binary vessels is processed. Thioie of binary
image is also the centre of concentric circleshefradiug;. The algorithm uses the surrounding circle of eetmassel line for
partitioning it too radial partitions (Fig. 4). For each contour-line specify following characteristic points:

- contour ending points,
— contour bifurcations,
— points of contour intersections with the concentiicles.
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Fig. 4. Radial partitions retina image binary vessel

Let g, denote the current point of the contour line, Isat g, = g(i,j) =1. Contour line points are classified on the

basis of the coefficienN? (Table 1):
Nf(go) = Z(gk =091k 2) %)
k=S

where S = (1,3,5,7).

Table 1. Classification of the vessel line poigks

Value of N¢ | Classification of the poing,

Interior (or isolated) point
Line ending
Normal point
Bifurcation point
Crossing point

AIW|IN|F|O

The feature vector corresponding to vessel topolagg consecutively the number of endings, bifuoreti and
intersection points with the concentric circles arered in the feature vector. Moreover, the cowtis of all the extracted
characteristic points are stored. The feature vdotoeach contour consists of the following parts:

- 3 numbers(l| Ng, NB)C corresponding to the number of intersection poiatgling points and bifurcation points in each
contour,

— subvector in which the coordinates of the inteisegboints are stored,

— subvector in which the coordinates of the endinigtsare stored,

— subvector in which the coordinates of the bifumatpoints are stored.

The first part of the final feature vector has afaséhe same length, while the next parts of theéoredor contours
depend on the number of the extracted charactepetints. Such division of the feature vector alidaster classification.

4. TEXTURE FEATURE FROM GABOR WAVELET TRANSFORM

Gabor wavelet based texture is robust to oriemtadéiod illumination change. It is a powerful tool égtract texture
features. Gabor functions are Gaussians modulatednplex sinusoids. In two dimensions they taleftrm (Fig. 5):

1 1 .x° 2 )
906 Y) = yexpl-= &+ )+ 27k ] @3)
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G(uv) = exp=3 UWY L, vy (4

u JV
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whereg, = , O,= .
, 2mo,

Gabor wavelets can be obtained by appropriatei@iiaiand rotations ajf(x,y) through the generating function:
g.(xy)=a"g(x,y), a>1m=0,1,.. S-1 (5)

here
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X =a ™(xcosf+ysind), y=a" £x si+y cof and
6 (60]0, ) specifies the orientation of the Gabor wavelets.

Fig. 5. Real (a) and imaginary (b) parts of Gabovelets and Gabor kernels with different orientagi¢c)

The normalized retinal imag& €omponents) are divided into blocks (Fig. 6). Tixe f each block in our application
is kx| (k=I1=20). Each block is filtered by (Fig. 7)

Gab(x,y,a) = z 2:1 (x,y)g &.y) (©)

X2 y—
2y 2

m

The orientation angles of this set of Gabor filters (a, | a, :'7, i=0,123.

The magnitudes of the Gabor filters responseseamesented by three moments

_ix Y
/,I(O',UX,Uy) - XY;;G(XIyla) (7)
std(a',ax,ay)=\/ZX_:ZY_:“G(x,y,aj—,u(a',aX ,ayf ®)
1 X E[Gy.a)-p@,0,.0,))
Skew = XY ;;[ std(a,0,,0,) ] ®

The feature vector is constructed usiafp, o, ,0,), std(a,0,,0,) and Skew as feature components.

i
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Fig. 6. Original block retinal image¥ ¢component)
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a) b) c) d) e)

Fig. 7. Original block retina image (a) and reattjpd Gab(x; y; 81i)for 8 =0 (b),8 =45 (c),
6=90 (d), =135 (e)

Table 2. Mean, standard deviation and skewnessrGetveer some block (Fig. 7.) retina image

Parameters Retinal image 1 Retinal image 2
M(a,o,,0,) | sd(a,0,,0)) | skew | H(a.0,,0,) | sd(a,0,,0,) | Sew
=0 25.971 33.468 3.712 23.204 34.360 4.402
=45 15.867 26.176 4.614 18.494 32.176 4.655
6=90 15.900 26.901 4,525 22.769 34.375 4.366
=135 15.466 25.409 4.591 16.307 27.644 4.7181
Parameters Retinal image3 Retinal image4
ua,o,0,) | sd@,0,.0,) | sew | u@a.0,.0,) | 2d@.0,0,) | sew
=0 36.916 34.387 1.992 26.650 35.364 2.655
=45 30.892 32.617 2.542 24.165 34.471 2.805
6=90 31.492 28.427 2.048 25.875 32.319 2.625
=135 29.699 29.421 2.096 27.120 33.546 2.562

5. MATCHING AND CONCLUSION

The matching algorithm finds the proximity of twetina calculating the Average Euclidean Distancethef two
features vectors. A new method has been preseotedtina recognition based on geometrical and G&aiures. This paper
analyses the details of the proposed method. Exeetal results have demonstrated that this appriasagromising to
improve retina recognition for person identificatio
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