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ABSTRACT

Directional Gabor filter bank, a popular method émhancing poor quality image is also used to capgiobal
and local information available in the fingerprinds improved region of interest has been expertewfor feature vector
compaction. Here, feature vectors are extractech ftbe directional representation of enhanced imadetching is
extremely fast as it computes only Euclidian défere between feature vectors to compute matchiorg sEeature vector
requires less memory as compared to conventionautiae based approach as it stores 64 intensityesabnly.
This filter-bank approach has been tested on 8&@é&® of DB1_a and DB1_b of FVC 2002. Here, Idamgifon success

rate accomplished 79.3%.
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INTRODUCTION

Fingerprints have been used as a means of pergtamification for over a century. Traditionallyhe driving
force behind advancements in fingerprint technoldms been law enforcement agencies and forensentists.
Using fingerprints lifted at a crime scene to idignsuspects can be a crucial step during a criminaestigation.
Consequently, massive fingerprint databases hawn lellected by law enforcement agencies around vibdd.
Fingerprint is the pattern of ridges and valleystwmnsurface of the fingér Fingerprint matching is an essential technique
for personal identification, the main reason foistis that every person is believed to have distiitgerprints.
Presently, several organisations are using fingagpnot for only criminal investigation but alsorfmany other civil and
security applications. Fingerprints are one of thest popular biometrics techniques in both of veatfon and
identification mode$ Matching of fingerprints depends mainly on featurof fingerprint called minutiae.
Most of the fingerprint matching techniques areedasn traditional minutiae matching. But here filteank based
approach is adopted which is a new technologyifaefprint matching as compared to its minutiadgei and correlation

based counterparts.
PROPOSED SYSTEM ARCHITECTURE

The steps of feature extraction from a fingerpinmage are shown in Figure 1. Determination of tieation of a
reference point in the fingerprint image is thestfistep of feature extraction. To locate the refegepoint, core or delta
detection equatiofisre used. Reference point of a fingerprint is deieed as the point of maximum curvature of the
concave ridges in the fingerprint image. Figure Ibves the estimated reference point in a fingerpimage.
The circle concentric on the reference point refersthe region of tolerance. Since fingerprintsenftsuffer from
deformation, therefore, a tolerance region is néeal®und the reference point location. The radiaus be set as per
deformation of the fingertip during image acquditibut a moderate value is needed here to endoreniation loss as less

as possible
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Figure 1: Proposed System Workflow

Figure 2 : Reference Point Detection
SYSTEM OVERVIEW AND METHODOLOGIES

To locate the position of region of interest, a agushape is assumed concentric on the referenicg. po
The region is divided into 8 parts; centred on taference point. Figure 3 depicts the estimatedoregf interest.
A special thing to be noted, that the innermostieishown in Figure 3 is not used for feature etioa. Actually the
innermost circle is avoided to handle slight defation of the reference point in the image. Here, gquare region has

been divided into eight regions. As shown in thguFé 3, each section correspondents to 45 degra¢otdl of 360 degree

region. For any pixels F(x,y) in the image, it brde to region of interest in sectidy if and only if

S={(x y):dis{(x ), R} <=S. @)

Where, dist is the Euclidean distancg, Bhows the reference point ang.Sis the maximum distance of'S

boundary point to R,
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Figure 3 : Region of Interest

Since we have chosen to divide the square regindrparts, sdl<=i <= 8and the anglé] range for each

section, i is defined as

2T
p=2<2 2
5 2)
0={PXI,PX(i+1)} 3)

Where, d is the number of sections and here it i§H& region of interest is normalized using theatipn as

follows:

VoX (1 (%, y) = M,)*
V,

VoX(1(% y) =M,)*
V,

JifI(x y) >M

N; (%, Y):{Mo+\/
4)

, otherwise

N; (x, y)={Mo—\/

Where, I(x,y) denotes the gray value at pixel (x,W1, andV, are the estimated mean and variance of i'th sector,
S, respectively. Normalized gray-level value at f{ixg) is denoted by Nx,y).

To extract the feature, we use the well known 8ational Gabor filter bank. The configurations afgllel ridges
and valleys with well defined frequency and ori¢iotain a fingerprint image provide useful inforrgat to removing
undesired noise. Base of the Gabor filtering ig #iausoidal-shaped waves of ridges and valleyg skwly in a local
constant orientation and a band-pass filter thauied to the corresponding frequency and oriematian efficiently
remove the undesired noise and preserve the tige and valley structures. Gabor filters have bieuency-selective

and orientation-selective properties and usefldath spatial and frequency domains. Gabor filteimgpatial domain is

defined by the equation (5), (6) and (7) below.
G(x.y, f .6)= expf- —[ Xlx ]} ©

X, = Xsingd -y co¥ ©)

y, = Xcosd -y singd )
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This region of interest is filtered in eight diféat directions using a bank of Gabor filters
(directions ranges from°Qo 180, 22.8 apart). Eight directions {0 22.5, 45, 67.8, 90, 112.8, 13%, 157.8] are
required to completely capture the local ridge abtaristics in a fingerprint while only four direms are enough to
capture the global configuration in the fingerprimagé. To handle rotation partially, the original imaigerotated by
90 degree and again the eight directional filtembds used the capture the local and global featofethe

fingerprint image.

To extract feature (fingercode here), Average AllisoDeviation (AAD) is calculated from the mean [@)of

gray values in individual sectors in filtered imagEeature vector or FingerCode is calculated as
1
Vg = {2 @Rl y) =)} ®
i N

Where Fis the @ direction filtered image for sectior};,i N, is the number of pixels irgi. So, now for a

fingerprint image we have 4 feature vectors setrevleach vector consists of 8 AAD feature valuemasjuation (8) and

each feature set is 90 degree apart from the eexiestial feature set.

Fingerprint matching is based on the Euclideanadist between the corresponding FingerCode features.
Feature of the input image is extracted and theyraatched with registered template finger code lystalculating
difference between them. Let, a feature vector isthsof a value set (x1,x2,x3,.....,xn) and anothensists of

(y1,y2,y3,.....,yn). The matching score is given by.

\/(xl— y1P + (x2-y 2P+ (x3-y 3+ ........... £ Xn—-yn? 9)

The final matching distance score is taken as timnmym of all matching scores among difference lsemvinput
and template feature vectors. However, minimum es@arresponds to the best alignment of the twoefipgnts being
matched.

RESULTS AND DISCUSSIONS

For our experiments, we have chosen two thresHolda comparison study between precision and acguate
of the algorithm where threshold 1 < threshold #e& of choosing threshold value can be observerh fthe precision
and accuracy graph of Figure 4 and 5. Here teabdsat consists of images of 15 persons, 8 imagssfpand fingerprint

recognition system is trained with 2 images of &Bspns each.

From the Figure 5 and 6, we get best accuracy egugion rates 100 and 100, for the threshold1threshold 2,
respectively. Worst cases of precision rates ar@ 40d 66.67, for the thresholdl and threshold 2peetively.
Worst case of accuracy rates are 37.5 and 37.%hfeshold 1 and 2 respectively. Here, precisida s high due to
threshold strictness as false acceptance decredsesccuracy rate falls down due to the same reasdhreshold as
number of unknowns and false rejection increaseh wWireshold strictness. For studying performanteai wider
environment, we have trained the system with imagfes00 persons, 2 images per person; systemirgettavith total
220 images and test database consists of 880 inoddd$ persons (8 images per person). For 880amagsult is shown
in table 1. We have chosen threshold value by ebwgrthe matching difference score between differiemages.

We have chosen number of rotated image bands irethien of interest as 4 (90 degree apart from etoér).
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Table 1: Experimental Result on DB1_a and DB1_b dfVC 2002

Success Rate Unknown FR FA
698(79.3%) 47(5.34%)| 1(0.113% 134(15.23%
feentage on total images

~
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Figure 4 : Precision Rate Study

accuracy rate study
£ 100
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Figure 5: Accuracy Rate Study

The primary focus was to implement an automatedefiprint recognition software which is fast and meyn
efficient, a main requirement of small scale systerror FVC 2002 DB1_a and DB1_b database, imag@ution is
given as (388 X 374) but with the procedure prodolere, each image is stored only with 64 intengéhues only.
Thus it's memory efficiency is better as comparedabor filter bank based matchfngmong different methodologies
of fingerprint matching, the correlation-based éngrint verification method needs template matchifigch demands a
rather high computational power, which makes théhoe less applicable for real time applicationst Bwe proposed
system does the faster template matching usingid&aei distance of intensity values only which canifplemented
easily for small scale recognition system. Though ¢orrelation method works well while image quaig low, but the
proposed method works well for poor images too abr8ctional Gabor filter bank is used to captweal and global

information available in the image.

Again, another approach, minutiae-based fingerpvanification systems first extract the minutia®nfr the
fingerprint images. Then, the decision is basethercorrespondence of the two sets of minutiagtimes. Minutiae-based

fingerprint verification systems use a large numbgsuccessive processing steps. In general, #ys st follows are,
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directional information estimatiomdaptive filtering for noise reductiothresholding to obtain a binary fingerprint map,
morphological operations like thinning to obtaidges that are only one pixel wide, minutiae extoacfrom the thinned
image, application of heuristics to reduce the number a$d minutiae andnatching. Matching score computation is
usually done by computing the positional distanegvieen the alignments of template images. The aha@iwback of the
minutiae-based approach is the error propagatioomfrthe minutiae extraction to the decision stage.
In general, the extracted minutiae templates cordaiumber of false minutiae, while also some nigeutvill be missed.
This is especially the case when using bad-quéhiyerprints. The heuristics do not catch all spusi minutiae, while
they might reject some of the genuine minutiae. édoer, in minutia based system, each feature véataa fingerprint
image consists of minimum 40 to 80 minutiae feawbere each minutiae requires directional andtilmeanformation to
be stored at it's minimum. In compare to this, filber bank system proposes less steps, featur®rgefrom the proposed
system are extremely small and matching is comgufinclidean distance only. The system can be easfijemented
using less hardware requirements and low memorgifggion. Thus it can be a framework to the snsalhle systems

easily.

Figure 6: (a)-(d) Fingerprint Images of a Person vth Successful
Reference Point Detection. (b) Fails to Detect

CONCLUSIONS

Due to compaction, information loss occurs here #mat may result to increasing number of unknowns.

That's why | have proposed it to use for medium antll scale systems, especially. If two fingergribelong to same
classes, possibility of false acceptance increasesference point is chosen according to poimafimum curvature and
only a fixed region is used for comparison. It atemfirms that this method captures global infoiorat So, it can be
useful for indexing. If the image quality is vergqy, location detection of reference point can’tde¢ermined accurately
(Figure 6). This technology uses computationallpemsive Gabor filter technique and 99% [4] of thtlt verification

time is taken in order to accomplish the task @éffing image in eight direction. Future works wile dedicated to
overcome the limitations as stated before. Onéneintis to focus on feature extraction based omtai®n information

from image data and to obtain features that aratiost independent and accurate detection of redergmint in noisy
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images is also a special concern. Filter-bank aagrads just a novice as compared to it's minutiage and correlation

based counterparts but further research will b&goted to overcome limitations of this method.
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