|l. INTRODUCTION

T PRESENT, ngerprint identi cation is much more re-

liable than most other biometric identi cation methods

A ngerprint is a pattern of ridges and valleys on skin sur-
face. The uniqueness of a ngerprint can be determined with an
overall pattern of ridges and valleys as well as local ridge anom-
alies, such as ridge endings and bifurcations, i.e., minutiae.
Many experts have designed ngerprint representation schemes
under the strong assumption that the input ngerprint and
template ngerprint are acquired by the same sensor. Therefore,
those schemes usually characterize the same intensity range
and admit a certain type of noise. In current years, techniques
[3]-[8] are developed to recover geometric distortion and mis-
ing. Experimental results on the database of the International
Fingerprint Veri cation Competition (FVC) 2002 [17] have
proven that our technique is ef cient in terms of ngerprint
alignment and matching.

The rest of this paper is organized as follows: Section Il in-
troduces and analyses the representation of ngerprint feature.
Section Ill describes the measurement of transformation para-
meter. Section IV presents the scheme of ngerprint matching.
Section V provides the experimental results. The nal section
concludes our work with future perspectives.

such as signature, face, and speech [1]. Various algorithms
and technigues have been developed rapidly for ngerprint
identi cation systems in the past decade. In fact, a ngerprintis
the identity card that people carry for a lifetime. The classical
ngerprint identi cation was applied in security systems like
prison and criminal identi cation [1]. Recently, with the devel-
opment of the technology, it is increasingly used for civilian
daily life, such as access control, nancial security, veri cation
of rearm purchaser [2], etc.
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The binary comprehensive minutia structure set is formalthie local comprehensive similarity between ngerprintand

, Where is the number of . In the next section, the rotation parameter is statistically
structures. is much smaller than analyzed with , and in Section IV, is used for adjusting
because the Euclidean distancef most minutia pair do not translation transformation with iterative strategy.
satisfy . The size of can be controlled by

modifying the values of and . The minutia set  and

the binary structure set represent ngerprint as a graph
, Where acts as the vertex set, and #

provides the edge set. explores the rst- and second-order The transformation-variant feature is useful for the rotation

minutia relations of ngerprint , and the higher order relationsparameter estimation since it re ects the rotation transforma-

behave as the connected subgraphs of tion of a ngerprint. The local rotation parameter between local
structures and is denoted a$ , and it is estimated as
Ill. M EASUREMENT OFTRANSFORMATION PARAMETER follows:
It is important to align the input minutiae with the template I (6)
during matching. The alignment generally includes rotation,
translation, and shearing. This matching algorithm is designed (7)
assuming that the input and template ngerprints are captured
by the same device in the same condition but with little scaling (8)

deformation. Since the ngerprint matching performs well in

polar coordinate, the translation of the input features to the —
template is not concerned if the central point is set in advance.

One of the most important tasks in alignment is to nd the

optimal rotation parameter.

)

Then, the Parzen window is an effective method for estimat-
Since the transformation-invariant features remain uHﬁ_g the probability density. When Gaussian function is chosen

changed under ngerprint transformation, they are ideal f&t° the smt;qthf kerntlell, the probability density  of rotation
the matching probability estimation of local comprehensi\)%"“r"j‘meter IS formaily

minutia structures. For each pair of local structuresand #11
where , , and and denote the local .
structure sets of input ngerprint and template ngerprint , : (10)
respectively, then similarity between and isestimated,
formally _
# 1 ] —_ (11)
and $%
otherwise (3 where % controls the size of the Parzen window. However,

the Parzen window is not appropriate for the estimation since

" I is a periodic function and the similarity information of

local binary structures is very important for the estimation.
- Therefore, the adaptive Parzen window is proposed as follows:

(4)
# 1 1
"l (12)
®)
# 1 T
where is the matching threshold of transformation-invariant
feature. If , and are not matched; otherwise
they are. The more similar the and are, the larger the (13)
is. However, two local structures, which are not from the
same location of the same ngerprint, can be false matchadhere% $& , and&is an experiential value. Com-

accidentally. The false-matching cases can be excluded withred with the Parzen window, the window size of every
the variable bounded box method, and the detail is presented@mple’s smooth kernel is exible, and it is determined by
Section IV. All of the matching probability values construct @ahe corresponding similarity. Given a rotation angle of a

similarity matrix , Which represents local structure, the probability density function conditioned
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on! isformally" !! [ % $% . Step 4) Use the reference minutiae and as the
The more similar the local structures are, the more crucial the original points of the two graphs and | re-
corresponding rotation angle estimation is. When it is assumed spectively. All minutiae are aligned into their new
that the probabilistic certainty is in proportion to the sim- polar systems and rotated with the statistical pa-
ilarity, i.e., " 1! $% & ,then% rameten

$& . The larger the s, the sharperthe | | s, Step 5) For each pair of matched local structuresand
In other words, the larger the similarity of two local structures , Where , , and , if the
is, the more de nite the ngerprint rotation angle equald ta two minutiae of are located within the variable
When two local structures are not matched, i.e., , the bounded boxes [9] centered at the two minutiae of
corresponding angleé cannot make any contribution to the , respectively, then and are true match;
nal estimation. In this case, ! ! .In (13), it does otherwise, they are false match.
not need to sum the periodic responses from to ; the Step 6) Calculate the similarities of two ngerprintand
sum from 3to 3 can yield a satisfying approach. as follows:

To accurately calculate the transformation parameters,
a condence interval ! % ! % is dened, '
where ! satises" ! "1, and % satis- " ( ( (16)
es % ! ! , where!
! . The con dence mterval can reduce the effect where and denote the number and the
of false matchlng of local binary structures because the false- similarity mean of true-matching local structures,
matching contribution t8 ! mainly concentrates on the out- respectively; ( , ( , ( , and ( are
side of the con dence interval. Moreover, as denoted in (14), four empirical values; and ( < is
it is effective to use the barycenter bfon the interval as the borrowed from the nonlinear matching technique,
optimal estimatiol  rather thal  , which is sensitive to formally
noises, i.e.,
) (
! ( ( — ) ( 17)
! A (14) (

Step 7) If')* , go back to Step 3), where is the maxi-
mum iterative number ard
IV. FINGERPRINTMATCHING Step 8) is the optimal matching value of

The task of ngerprint matching is to obtain the minimal ngerprllnt_s and ; the Iarger the value |s,_the
difference between input ngerprint and template by more glmllar theltwo ngerprints are. If the optimal
an optimal alignment. In this paper, however, deformation in matching V?"“e IS more_than the threshq(d , the
ngerprints may bring false matching of local structures and two ngerprints are considered from the same nger.

therefore affects the nal result. Thus, the global ngerprint In our method, the thresholds, i.e.and ( , are estimated
matching is essential after the coarse local matching if tipgth the iterated conditional mode, which selects threshold by
transformation model is known. In this process, the variabigaximum entropy criterion [16]. The other empirical values,
bounded box [9] is used to recheck all local matched structuregch ag, , ,and , are predetermined with many experi-
to reduce the inuence of deformation in ngerprints. Thements on a training set.

matching steps are listed as follows.

Step 1) For each comprehensive minutia pair and V. EXPERIMENTS

where and , calculate the con-  We evaluate our algorithm on the ngerprint databases pro-
nected subgraph similarity , formally vided by FVC in 2002 [17], which are appropriate for test-
ing online ngerprint systems. Our experiments analyzed the

(15) character of adaptive Parzen window, checked the validity of

rotation parameter estimation, and evaluated the nal matching

performance.
where or ,
and or $
is the similarity between the starlike subgraph

centered at in and the starlike subgraph In this section, an experiment is performed to analyze the

centeredat in . character of the probability density curve estimated by the adap-
Step 2) Set the iterative number . tive Parzen window. The curve from the same ngerprint pair
Step 3) Find thé th maximum connected subgraph similarhas been compared with that from different ngerprint pairs.

ity and de ne the corresponding minutia pair Three probability density curves are estimated, as shown in

and as the reference minutia pair. Fig. 2. The rst curve is calculated with images A and B, which



1208 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS, VOL. 37, NO. 5, OCTOBER 2007
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Fig. 2. Probability density curves of rotation parameter estimated by the adaptive Parzen window.

7L
65)
z 6
2
& 55t e9)
£
8 st
g
=4
& 450

4,\—//

3s|

" . . L . ,

-180 120 30 545 30 120 180

Rotation Angle

551 (2)

p e
s \/

L ! L )
380 -120 -30 1046 30 120 180
Rotation Angle

Probability Density

>
T

a
o

3

Probability Density
o
T

IS
o
T

|
|

w
o
T

3 L L L L )
-180 -120 -30 151930 120 180
Rotation Anale

Fig. 3. Probability density curves under different global rotation parameters.

are acquired from the same nger. The second is estimat&dm two dissimilar ngers. Among these three experiments,
with images C and D, which come from two similar ngersthe curve of the same ngerprints is very sharp because there
The third is computed with images A and C, which comare many true-match local structure pairs, which contribute to
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TABLE | TABLE 1l
ADAPTIVE PARZEN WINDOW VERSUSPARZEN WINDOW AND HISTOGRAM ESTIMATED PARAMETER § VERSUSREAL PARAMETER K
Real parameter Adaptive Parzen- Parzen-window  Histogram Clockwise Anticlockwise
o wmdo;visgtgmatlon Esstlgr(l)a(.)t;on Esst1r6r12ast:)on K é‘k Etror K 5k Error
](5 0000 16 4590 10’ 7207 “‘ 2500 0.0000 0.6666 -0.6666 0.0000 -0.6666 0.6666
15'0000 15'1898 15.6445 14'0625 1.0000 0.7947 0.2053 -1.0000 -0.6447 -0.3553
: ) ) ’ 2.0000 2.1465 -0.1465 -2.0000 -1.9467 -0.0533
Average of 0.3662 0.7227 0.9375 3.0000 31748 -0.1748 | -3.0000  -2.8743  -0.1257
Absolute Errors . i . . . G w2 e -

4.0000 3.3572 0.6428 -4.0000 -3.1542 -0.8458
5.0000 4.7316 0.2684 -5.0000 -4.9378 -0.0622

. . .. 6.0000 6.0095 -0.0095 -6.0000 -6.1997 0.1997
the denS|ty around the true rotation angle. The curve of similar 7.0000 7.1332 20.1332 -7.0000 -7.3364 0.3364

ngerprints is more convex than that of dissimilar ngerprints ~ 8.0000  7.4404 0559 | -8.0000  -7.5479  -0.4521
; ; ; ; 9.0000 85917  0.4083 | -9.0000  -8.1973  -0.8027
since several local structure pairs with the same rotation angle | ji00 97634 02366 | 100000 95637  -0.4363
are accidentally matched. The experiment shows that the more 110000 100817 09183 | -11.0000 -10.5413  -0.4587
similar the two ngerprints are, the sharper their probability ggggg iéﬁgg 3-87ég -g-gggg -1;-22;1 -86‘712‘;
: I : . I : . . 35 -13. -124537  -05
Qensny curveis. It is mean|ngful for qwck.rejecuon of_lmpostor 120000 135593 04407 | 140000 136581  -0.3416
in practical recognition application. A simple way is to use Average of Average of
, . 0.4159 0.4241
the curve’s peak value as the match value of two ngerprints, _Absolute Errors Absolute Frrors
and if the value is under a threshold, the two ngerprints are

considered from different ngers. [ o

B. Performance of the Adaptive Parzen Window 2 .//

Two experiments are conducted to evaluate the accuracy
of the rotation parameter estimation with the adaptive Parzen
window because the parameter plays a very important role in
the ngerprint alignment and nal matching.

In the rst experiment, a ngerprint is selected randomly
from FVC2002 database as the templateThen, the nger- Fig 4. Trend of the precision of estimated rotation angles.
print image is transformed with the angle$ 30°, and 15,
respectively, as the input ngerprint. Finally, the rotation DB3_a, and DB4_a, respectively, and the results are better
parameted, between and is estimated with the adaptivethan the best academic participants, i.e., PA24 and PA21, in
Parzen window, as illuminated in Fig. 3. FVC2002 [17]. With Pentium-11l 933-MHz central processing

In the experiment, the adaptive Parzen window method tgit, the average matching times are 0.37, 0.55, 0.27, and
compared with the original method and the histogram methd29 s in the four databases, respectively, which are much faster
As shown in Table I, the average error of our algorithm is belothian the best industry participants, i.e., PA15 and PA27, in
half of the Parzen window, and it is about one-third of theVC2002 [17]. The better performance is contributed by two
histogram estimation. aspects: 1) minutia are replaced by binary minutia structure,

In the second experiment, a randomly selected ngerpriand the structure has many effective features to represent a
is rotated from 14 to —14°, and in total, 29 estimations are ngerprint; 2) the rotation parameter is accurately measured
conducted, as illuminated in Table Il and Fig. 4. The mean amdth the adaptive Parzen Window, and it makes satisfactory
standard deviation of the absolute errors are 0.420 and 0.24®erprint alignment.
respectively. Additional experiment is conducted to compare the perfor-
mance of binary minutia structure and ternary minutia structure
in DB1_a and DB4_a of FVC2002. As illuminated in Table I,
the EER of Chen’s algorithm [19] with ternary minutia struc-

To evaluate the overall matching performance of our methddiye is about two-thirds of the proposed method, but in terms
a series of experiments are conducted over the four ngerpriof the resource consumption, the proposed method is very
databases of FVC2002. To judge whether the binary comp@mpetitive. By employing the binary minutia structure, our
hensive minutia structure is helpful, the method without th@ethod makes a proper tradeoff between the performance and
binary structure [9], i.e., Alg_1, is compared with the proposegbmputational expense. This is important for applications that
method, named Alg_2. The receiving operating curves (ROG®ve limited computational resources.

[18] illustrate the overall performance, as shown in Fig. 5.

Among the four data sets, the ngerprint quality of DB2_a is
the best, whereas that of DB3_a is the worst [17]. As indicated
by the ROCs, the proposed method outperforms the algorithmThis paper introduces a robust ngerprint matching method
that does not involve the binary comprehensive minutia strugased on the comprehensive features of ngerprint, and it
tures on FVC2002 databases. The equal error rates (EERsgwmiploys two novel technologies: 1) the binary comprehen-
our method are 1.6%, 0.9%, 3.4%, and 1.8% in DB1_a, DB2 siye minutia structure with the transformation-variant and

-20 =15

C. Matching Results on FVC2002

VI. CONCLUSION AND FUTURE WORK
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