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Abstract. This paper is concerned with novel features
for fingerprint classification based on the Eucédi

They are extracted from the thinned image which is
obtained in the preprocessing step. After obtairtimg

distance between the center point and their nearestfeature vector, we found the matched fingerprint by

neighbor bifurcation minutia’'s. The main advantagfe
the new method is the dimension reduction of the
features vectors used to characterize fingerprint,
compared with the classic characterization method
based on the relative position of bifurcation miaut
points. In addition, this new method avoids thebjrm

of geometric rotation and translation over the
acquisition phase. Whatever, the degree of fingetpr
rotation, the extraction features used to charaiztethe
fingerprint remains the same. The characterization
efficiency of the proposed method is compared ¢ th
method based on the spatial coordinate position of
fingerprint minutia's. The comparison is based on a
characterization criterion, usually used to evakidhe
class quantification and the features discrimingtin
ability. After that, the classification accuracy tie
proposed approach is evaluated with Back Propagatio
Neural Network (BPNN). Extensive experiments prove
that the fingerprint classification based on a nove
features and BPNN classifier give better results in
fingerprint classification than several other fegs and
methods.
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I. . Introduction

Over the past years, many algorithms of fingerprint
classification have been proposed in the literaitinesed
to extract distinguishable features and improving
fingerprint recognition performance. [1,2] prop@saew
method of Fingerprint Identification. So, Several
approaches are based on singularities detectiartejce
and delta points. Zhang and Yan [3],
singularities with pseudo ridges to classify fingants.
So, classification approach based on singularitgsru
work very well if the singularities are accurately
detected. But, they aren’t sensitive to rotationd an
translation image fingerprints.

have used

comparing the matching score with a fixed threshold
The matching score computed on comparing the
minutiae points from two fingerprint images.

Furthermore, the features classification is a very
tiring task and time consuming, To solve this peoil,
there are new techniques called intelligent classif
based on the supervised neural network. [4,5] heesl
the Higher-level application and neural networlomer
to match two fingerprints taken from the same dasab

Neural networks are now one of the most commonly
used classifiers for fingerprint classification t&yss.
Indeed, [4] have developed a neural network
classification system and feature of Blood Celisc§ ,
several works use feed-forward neural network to
classify feature vectors consisting of 64 wavelet
coefficients. However, due to the limitations ofeth
feature set, the results from this system are moy v
impressive. Furthermore, Mohamed and Nyongesa [6]
described the fuzzy-network classifier and used to
classify fingerprints based on singularity features

The features used include the number of core and
delta points, the orientation of core points, teétive
position of core and delta points and the globegalion
of the orientation field.

Another fingerprint classification system using
artificial neural networks is described by [4]. bifset
al., [7] propose the verification techniques indigital
evidence authentication. Basha et al.,[8] implentbpt
multimodal biometric systems to overcome the
limitations by using multiple pieces of evidencetbé
same identity. Mahdi et al.,[9] propose a comprshen
metabolic fingerprinting from the leaves of threenmm-
propagated ginger cultivars Bukit Tinggi, Tanjungp&t
and Sabah was performed using a Gas Chromatography-
Mass Spectrometry (GC-MS). Muhsen et al.,[10]
propose proposed a new scheme an optimal re-
quantization codebook in an iterative manner fgiven
original quantization codebook that was constructed
based on the quantization codebook of the transmitt
Ponnarasi et al.,[11] proposed to use of minutiae

So far, several techniques have been proposeckin thdetection using Crossing Numbers (MDCN) and

literature, based on minutia localizations ,possicand
orientations. So, the location and orientation afiutiae
points is very important for fingerprint authentioa

minutiae detection using Midpoint Ridge Contour
Method (MDMRCM). Al-Omari et al.,[12] use neural
network to recognize isolated Arabic digits exist i



different applications. Finally, Gaol, [13] give rament In Hong’s algorithm, the modulation transfer fuocti
on “Method of Fingerprint Identification” proposdy of the Gabor filter is showed in following equation
Panich et al.

In the rest of this paper | have employed the featu 1wz 2
based on the Euclidian distance between the cpotat G (u.v:g, f)= exp{—z{dﬁ+5¢zﬂ cof 2rfu,) o @)
and their nearest neighbor bifurcation minutiaentsoas . v
input layer for the feed-forward back-propagati@ural u, = Ucosg+ v sing 2)
network, and | have compared the result with thetire )
position of minutiae points. Vy, = —using+ vcosp (3)

The remainder of this paper is organized as follows where @is the orientation of the Gabor filterf is the
section 1 introduce fingerprint images enhancement,

locating reference point and minutiae's extractiond ~ requency of the cosine wavey, and v, define the x

describes the proposed method of novel featuredivec and y axes of the filter coordinate, respectivedy. and

for fingerprint characterization based on the cx?ptﬂnt J, are the standard deviations of the Gaussian eneelop
and their nearest neighbor bifurcation minutiae’s.

Section 2 describes the materials and methodsinsed along the x and y axes, respectively. Figurel shihwes
this experiment and presents the features discatmig ~ intensity map of a 2-D Gabor function used for
ability and the neural network verification. Seati®@  fingerprint enhancement.
discusses our detailed experimental results and the
criteria used to evaluate the class quantificatior
gives the performance of this proposed techniquenwh
applied to a range of fingerprint images. Finalye
conclude in Section 4.

Fingerprint images enhancement

The fingerprint enhancement algorithm based on Gabo
filer was first proposed by Hong, Hong et al.,[Zbor
filter performs a low pass filtering along the rdg Fig. 1. Intensity map of a 2-D Gabor function used for
orientation and a band pass filtering orthogonath® fingerprint enhancement

ridge orientation. Because it's tuned to the twininsic

properties of fingerprint, ridge orientation andige Locating reference point

frequency. It can efficiently remove the undesinmise
and preserve the true ridge and valley structures.

After enhancing fingerprint image, we determine the
position of the reference point from the enhancedge.
d In fingerprint image, the reference point of a &ngrint
can be defined as the point of maximum curvaturthef
concave ridges in the fingerprint image, and itthe
center of the region of interest (ROI) . So, locgtthe
Step 1: Normalization: an input fingerprint image i reference pointis an essential step that canenfla the
normalized so that it has a pre_speciﬁed meanmatch|ng accuracy. HOWeVer, we find that is insiresi
and variance. to fingerprint rotation. Several methods can beduse
Step 2: Local orientation estimation: The oriemtati locate the reference point [15]. In our algorithm,
fingerprint is estimated from the normalized sometimes, we use the Poincar index for detectigheo
input fingerprint image. reference point , but the Poincar index analys ve&ry
Step 3: Local frequency estimation: The frequency classic method to locate the center point and thiedar
fingerprint is computed from the normalized method can not detect the arch type fingerprintess
input fingerprint and the estimated orientation approach, [16,17] use complex filters to detect the
image. reference point. In our work we use the completerfd
Step 4: Region mask estimation: The region mask isto locate the reference point because each type of

obtained by classifying each block in the fingerprint, arch, whorl and loop, has differentge
normalized input fingerprint image into a fows.

recoverable or a unrecoverable block.

Step 5: Filtering : a bank of Gabor filters whichtined  Figure 2 shows the results of the reference poidtion

to local ridge orientation and ridge frequency is of fingerprint image taken from FVC2002.
applied to the ridge and furrow pixels in the

normalized input fingerprint image to obtain an
enhanced fingerprint image.

We have used the Hong's Gabor filter base
enhancement algorithm, the Hong’s algorithm mainly
includes five steps:



templates. To do this, it is necessary to defineetor
characterizing a fingerprint identity.

In our method of fingerprint recognition, we extrac
the feature vector for each fingerprint, they corgghe
position of center point and position of bifurcatio
minutiae points. So, for each deduced and validated
center point and minutiae points they extract two
characteristics, they are the spatial coordinatéh w
and y pixels and the orientation field for eachrasted

Fig. 2. Reference point location of fingerprint image taken Points. After validation of the minutiae’s, we hawe

from FVC2002 feature vector, containing ;Nminutiae’s, where M:
bifurcation minutiae. The feature vectog iS the least
Minutia's extraction useful information contained in the image and neass

.. for finger print identification:
The most commonly employed method of minutiae

extraction is the Crossing Number (CN) concept [18] Sp:{MB} (4)
This method uses the skeleton image and the misutia

are extracted by scanning the local neigh bourhofod _ .

each ridge pixel in the image using a 3x3 windowe T MB_{X"Yi ' (D‘} ! D[l"'NB] ®)
ridge pixel can then be classified as a ridge emndin

bifurcation or non-minutiae point. For example,idge NP:{NB} (6)

pixel with a CN of one corresponds to a ridge egdin

minutiae, and a CN of three Corresponds to a kafion We proposed an improved features vector for

minutiae. Ridge ending and bifurcation minutiae are fingerprint characterization method, it based oe th
shown in Figure 3. We used the Minutiae extraction Euclidian distance between the centre point andr the
algorithm described in [18]. validated neighbor bifurcation minutiae points.

Figure 4 and 5 illustrate the results of extractimigutiae The main advantage of the new method is the
from a medium quality fingerprint image taken from reduced number of features vectors used to chaizete

FVC 2002. From the skeleton image, it can be detiuce finger print, compared with the classic charactgfan
that all ridge pixels corresponding to a CN of el method based on the spatial coordinates position of

three have been detected successfully. bifurcation minutiae’s. In addition this new method
avoids the problem of geometric rotation and traticsh
The flowchart of the fingerprint enhancement algori, ~ over the acquisition phase of image fingerprints.

locating reference point and proposed fingerprint afier extraction of the position of the center poand
matching approach is shown in Figure 6. minutiae points, we compute the Euclidian distance
between them, there is the improved features vegjor

II. ) F_)rOposed fingerprint. after that, we will save it in the database. Thea w
characterization based center point and compare the desired vector with thesved vector S
their nearest neighbor bifurcation points These two features vector will never be exactlysimme.

The fingerprint identification is to compute the
Ssimilarity rate between two signatures. Then, ttate
will be compared with a threshold T set in advance
according to the selected application to deternfirike
person is good or not.

Steps of our improved features for fingerprint
identification algorithm are shown inFigure 6.

The recognition system is to extract some feature
vector (minutiae or otherwise) in the form of coded
information and compare there with another features
vector registries in the database.

In general, there are in literature two categooés
fingerprint recognition algorithms: the first are
conventional algorithms that are based on the ivelat
position of minutiae, the second includes the afgors ~ Enroliment stage:
to extract other features of the fingerprint suchtlae
local orientation field or the frequency of the dbc
texture in the centre of the image

Our method is part of the first categories, after
filtering the image, the binarisation and thinniog P
fingerprint is performed successively, then we aottthe ) cha_ra_ctenzqtlon.
position of minutiae and the center point, the geaio Step 3: Fori =1 until N

quantify the characteristics of similarity betweemo Compute the Euclidian distance between the center
point and minutiae points as fellow:

Step 1: Detect center point and save it in the ldes@,
there is the first fingerprint characterization.

Step 2: Detect bifurcation minutiae and save itha
database, there is the second fingerprint



ED(i)=dist(M¢.M, ) (7) N

where, M and M, ; are the spatial coordinates position %K\\\\\

for the center point and the bifurcation minutia@ngs,
respectively:

Step 4: Sort the Euclidian distance vector betwten
center point and minutiae in ascending order. =
Step 5: Save the Euclidean distance vector in tita d (a)' ®)

base, there is the third and the improved gig 4 Fingerprint image with extracted minutiae pointsdRe

fingerprint characterization. Center point, Blue: Bifurcation minutiae points (a)
Step 6: Training of the supervised neural netwank a Physical Fingerprint image (b) Automatic detectimin
make decision of classification. minutiae
Ritlag sndiiigorit Bifurcation point

il

|

CN=1 CN=3 (@ (b)

Fig. 3. Examples of a ridge ending and bifurcation pixel ~ Fig. 5. Extracted bifurcation minutiae points (circle grgand
center point (red triangle)
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Fig. 6. Flowchart of fingerprint enhancement algorithm atieg reference point and proposed fingerprint tmatg approach

I". Materials and methods FVC2002 is adopted in this experiments [19]. So,

: we firstly introduce several performance indicator
The performance evaluation protocol used in



of fingerprint verification. False acceptance rateAll tests and experiments are carried out by using
(FAR),which is the rate that an imposter fingerprin MATLAB as computing environment and programming
is incorrectly accepted as a genuine claims,language.

equivalent to, the probability that an unauthorized V. Results and discussion

person is incorrectly accepted as authorized perso

False Reject Rate (FRR), which is the rate that gixperiment L Study of Fhe Characterization
genuine fingerprint is incorrectly rejected as an ~ Degree of the Fingerprint Features

imposter claims, equivalent to, the probabilityttha Consider a set of 40 different gray of 374x388 Isixe
the system does not detect an authorized persomxtracted from the base DB1.a. In order to checéttdr
Equal Error Rate (EER): It is the rate at whichhbot the use of the Euclidean distance between the rcente
accept and reject rates are identical. the EER@8 U point and their nearest neighbor bifurcation miaeti
as a performance indicator. Genuine acceptance raigprove the fingerprint characterization compareithw
(GAR), which is the rate that a genuine fingerprint the spatial coordinates position and orientatiorthef
is correctly accepted as genuine. The GAR, FARextracted minutiae, we propose to evaluate theufeat
and FRR are defined as follows: vectors with the characterization degree “CD” oflea
fingerprint feature vector extracted with the prepd
0 (8  method and the minutiae spatial coordinates pasitio
For comparison reason of the experiment the
characterization degree is detailed in the follayvin

Number of accepted genuine finggio
Total number of genuine finger

GAR=

A= Mamber o scceped impesir inSBioo (9
P g Table (1): Characterization degrees of the studied
_ ) _ fingerprints characterization methods (Statisticature
FRR= Number of rejected genuine finggr ;4 (10) method, Co-occurrence feature method)
Total number of genuine finger
The Equal Error Rate (EER), False Reject Rate (FRR) “Characterization Degree” CD
and False accept rate (FAR) are computed on the fou ===
databases and the accepted fingerprint match (genui _ _ Statisticamethod _ Co-occurrence method
and rejected fingerprint match (impostor) were ~ Minimum distance 2.1056 0.9922
. . . features between
performed. For genuine fingerprint match, each test singularities

fingerprint of each person was compared with the (proposednethod)

template fingerprint of the same person. For impost Minutiae spatial 1.8053 0.9609
fingerprint match, the test fingerprint of eachqmer was coordinates features

compared with the template fingerprint of othersoers.

The verification_ performances of our proposed meétho For an in-depth study of the characterization céipab
with two matching methods over the four databades 0 of the proposed features, we compute a “charaetéoiz

FVCZ.OOZ wgre_shown in the foIIowing_. . ) degree” CD based on the ratio between the ‘“inter
The fingerprint image Qatabase used |n.th|s expmﬁns variance” and the “intra-variance” of each featfinger
the_FVC2002 fingerprint database, which containg fo _print [20,21]. All the 40 randomly chosen fingenri
distinct databases: DB1_a, DB2_a, DB3_a and_ DBA_a i from the FVC2002 are used. Note; , the " estimated
256 gray scale levels, each database consists @f 80 o o
fingerprint images (100 persons, 8 fingerprints per féature vector for the kfingerprint (kk<40, kn<25).
person). The fair and distinct fingerprint imagéatimses ~ The mean of the k fingerprint feature vector class is
are created with different scanners and time awisho noted.
_ 1 100

the Figure 7. >
— 100 Fen (11)

n=1

And the mean of all the features vectors class is.

l 25
m==—>m 12
m, =3 m, (12)

The mean of the within class (intra-class) dispersi

matrices is given by the matrix.
l 25 100

ELDB;‘ i S = 250022(1(“ - mk) (l(k,n - mk)‘ (13)

= k=1 n=1
abases of FVC2002 complementary to this is the mean of the betweasscl

(inter-class) dispersion matrices which describbe t




scattering of the class sample means. It is cakxdlhy
the matrix

1& t
§nler :E)Z(mk_ an)(m_ m)

k=1

(14)

So, the characterization Degree” CD is given byyé8a
and Fnaiech, 2010).

CD=tracq S i) (15)

This method proposes to extract a feature vectaom fr
eachx, , fingerprint image with two methods: Statistical

method and co-occurrence method, in order to etalua
the characterization degree.

In the statistical method, the features vector @iostthe
mean, the variance and respectively the third,folnih,
the, the fifth and the sixth order moments.

In the co-occurrence method, the features vectoragts

| have employed the features based on the Euclidian
distance between the center point and their nearest
neighbor bifurcation minutiae points as input layer

the feed-forward back propagation network, andueha
compared the result with the relative position dfutia
points.

The validation and test error (generalization) aeey
encouraging ,it can be seen that the generalization
capability of the neural network is satisfactory.

A supervised MLP neural network was employed for
classification of fingerprint images. They tend to
generalize better classification if all featurese ar
extracted far away (low redundancy of the elemehts
feature vector). Moreover, they give better perfance
with rapid speed convergence to the optimal sahutio
Finally, the result of neural network training for
classification of fingerprint images using invatieaand
reduced features based on the Euclidian distance
between center point and their nearest neighboutiaia

the contrast, the correlation, the energy and thefeatures is better and very encouraged because they

homogeneity.

The greater characterization degree for these tivacted
features method is the more robust classificatimtess.
The comparison of the ability of the studied feasurs
presented through Table 2.

We notice that the characterization degree providgd
Center point and their nearest neighbor minutia¢ufes

is greater (2,1056 and 0,9922) than the charaetéiz
degrees provided by the Minutiae spatial coordmate
features (1,8053 and 0,9609). | note that for co-
occurrence method we obtain results of the
characterization degree. The main advantage ohé¢ive

method based on the center point and their nearest

neighbor bifurcation minutiae is the invariant and
reduced features for fingerprint characterization.

Experiment 2: Study of the neural network
verification

The use of neural networks to fingerprint classiiien is
very important, many [4,5] have continued until ntow
apply the supervised neural network for fingerprint
classification [22,23]. Figure 8 shows a schematithe
back propagation neural network classifier usedhia
study.

The optimal conditions for the classification wéoend

to be a single hidden layer composed of 70 neuaois
17 neurons for the input layer (17 features astjpploey
having symmetric sigmoid (hyperbolic tangent)
activation functions, and 1 output neurons corredpw

reduce the size of the vector classification, Kegphe
same classification performance and overcome the
problems of geometric rotation. The comparisonha t
ability of the studied features is presented thhouligble

2.

Table (2): Result and comparison of the neural
network classification

Minutiae spatial Minimudistance features

coordinates betweegsiarities
features (proposed md}h
Input Layer 34 17
Hidden Layer 70 70
Output Layer 1 1
Iteration number 43 533
(Epochs)
training errors ~ 7.85x18 3.72x10°
training temps 6 min and 8 min and
5 sec 3 sec

In the experiments of BPNN matching, the trainiragad
and testing data were normalized by dividing trefees
vector of each fingerprint into difference betwemax
and min before training and testing neural network.
Experimentally, the optimal number of hidden layers
determined to 70. The mean square error wag’l@ed
epoch was 533.

From the figure 10, we can find that the averagdREE

to the number of image fingerprint in the database(%) values of Back Propagation Neural Network

having linear activation functions. So the architee of
our feed-forward back propagation network is (171Y.0

In which the outputs are interpretable as probiadsliof
identification between fingerprint. Using linear
activation functions in the output layer provides a
measure of certainty, while classification accurasy
improved.

(BPNN) matching over four databases with our prepos
method is 5.15% , on the other side, the average EE
(%) of matching with position of fingerprint minats is
6.56%.

For a comparison study, the verification perfornent

our proposed method give an Equal Error Rate (EER)



lower than method of position minutiae's. So, conmga ~ show that the proposed method has a higher matching
with other famous methods, our proposed methodaccuracy.
performs better of accuracy. So, the experimewtsilits
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Fig. 8. Schematic of the Back Propagation Neural Network (RPdlassifier architecture used for pattern rectigni
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V. Conclusion of the identification fingerprint process was nuitalty
) . assessed using the accuracy of our verificatiotesys
In this paper, we have proposed an improved fedture o 5 given dataset, fingerprint matching resuisf the

fingerprint identification. It is based on the Ed@n  proposed method are validated and the similarityresc
distance between the center point and their nearesfy, the test data available is evaluated.

neighbor bifurcation minutiae points. The perforcan



The evaluation of our method in comparison witheoth [10] Muhsen, Z.F., M.A. Dababna and A.A. Nsour,
verification systems is very encouraging and it has 2008. Re-quantization Codebook Using Fingerprint.
proved its efficiency for identification of fingenipts. J. Comput. Sci., 4. 959-962.
Then, we have used the supervised neural network DOI: 10.3844/jcssp.2008.959.962

classification, because the MLP are now one ofntlost [11] Ponnarasi, S.S. and M. Rajaram, 2012. Impéct o
commonly used classifiers for fingerprint classition algorithms for the extraction of minutiae points in
systems. The validation and test error are very fingerprint biometrics. J. Comput. Sci., 8: 1467724
encouraging ,it can be seen that the generalization DOI: 10.3844/jcssp.2012.1467.1472

capability of the neural network is satisfactoriieTmain [12]Al-Omari, S.A.K., P. Sumari, S.A. Al-Taweel and

advantage of the new method is the dimension rexuct A.J.A. Husain, 2009. Digital Recognition using

of the features vectors used to characterize fprger Neural Network. J. Comput. Sci.,, 5: 427-434.

compared with the classic characterization methesbt DOI: 10.3844/jcssp.2009.427.434.

on the relative position, furthermore it overcontae [13] Gaol, F.L., 2011. Comment on

problem of geometric rotation and translation otres DOI: 10.3844/jcssp.2011.821.822.
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