
I. I NTRODUCTION

A T PRESENT, �ngerprint identi�cation is much more re-
liable than most other biometric identi�cation methods

such as signature, face, and speech [1]. Various algorithms
and techniques have been developed rapidly for �ngerprint
identi�cation systems in the past decade. In fact, a �ngerprint is
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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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 II in-
troduces and analyses the representation of �ngerprint feature.
Section III 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.
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The binary comprehensive minutia structure set is formally
� � � � � � �� � � � � � 	 	 	 � � � � � � , where� � � � is the number of
structures.� � � � is much smaller than� � � �� � � � � � �� � �
because the Euclidean distance� of most minutia pair do not
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
minutia relations of �ngerprint� , and the higher order relations
behave as the connected subgraphs of� � .

III. M EASUREMENT OFTRANSFORMATION PARAMETER

It is important to align the input minutiae with the template
during matching. The alignment generally includes rotation,
translation, and shearing. This matching algorithm is designed
assuming that the input and template �ngerprints are captured
by the same device in the same condition but with little scaling
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.
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Since the transformation-invariant features remain un-
changed under �ngerprint transformation, they are ideal for
the matching probability estimation of local comprehensive
minutia structures. For each pair of local structures� � and� 	 ,
where � � � � 
 , � 	 � � � , and � 
 and � � denote the local
structure sets of input �ngerprint� and template �ngerprint� ,
respectively, then similarity� �	 between� � and� 	 is estimated,
formally
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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
� �	 is. However, two local structures, which are not from the
same location of the same �ngerprint, can be false matched
accidentally. The false-matching cases can be excluded with
the variable bounded box method, and the detail is presented in
Section IV. All of the matching probability values construct a
similarity matrix � � � � �	 �� � � � � � 
 � � � � 	 � � � � � , which represents

the local comprehensive similarity between �ngerprints� and
� . In the next section, the rotation parameter is statistically
analyzed with� , and in Section IV,� is used for adjusting
translation transformation with iterative strategy.
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The transformation-variant feature is useful for the rotation
parameter estimation since it re�ects the rotation transforma-
tion of a �ngerprint. The local rotation parameter between local
structures� � and � 	 is denoted as! �	 , and it is estimated as
follows:
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Then, the Parzen window is an effective method for estimat-
ing the probability density. When Gaussian function is chosen
as the smooth kernel, the probability density" � ! � of rotation
parameters! is formally
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where % controls the size of the Parzen window. However,
the Parzen window is not appropriate for the estimation since
" � ! � 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:
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where%�
�	 � � � � $�&� �	 � � , and&is an experiential value. Com-

pared with the Parzen window, the window size of every
sample’s smooth kernel is �exible, and it is determined by
the corresponding similarity. Given a rotation angle! �	 of a
local structure, the probability density function conditioned
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on ! �	 is formally " � ! �! �	 � � ���� � � ! � ! �	 � � � � %�
�	 � �

�
� $%�

�	 .
The more similar the local structures are, the more crucial the
corresponding rotation angle estimation is. When it is assumed
that the probabilistic certainty is in proportion to the sim-
ilarity, i.e., " � ! �! �	 � �� 	 � �� � � �

�
� $%�

�	 � &
 � �	 , then %�
�	 �

� � �� $�&� �	 � � � . The larger the� �	 is, the sharper the" � ! �! �	 � is.
In other words, the larger the similarity of two local structures
is, the more de�nite the �ngerprint rotation angle equals to! �	 .
When two local structures are not matched, i.e.,� �	 � 
 , the
corresponding angle! �	 cannot make any contribution to the
�nal estimation. In this case," � ! �! �	 � � � � ��
 . In (13), it does
not need to sum the periodic responses from�� to � � ; the
sum from� 3 to � 3 can yield a satisfying approach.

To accurately calculate the transformation parameters,
a con�dence interval �! �
� � %� � ! �
� � %� � is de�ned,
where ! �
� satis�es " � ! �
� � � ��� � � " � ! � � , and %� satis-
�es %�
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�
�	 � �	 . The con�dence interval can reduce the effect

of false matching of local binary structures because the false-
matching contribution to" � ! � mainly concentrates on the out-
side of the con�dence interval. Moreover, as denoted in (14),
it is effective to use the barycenter of! on the interval as the
optimal estimation! ��� rather than! �
� , which is sensitive to
noises, i.e.,
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IV. FINGERPRINTMATCHING

The task of �ngerprint matching is to obtain the minimal
difference between input �ngerprint� and template� by
an optimal alignment. In this paper, however, deformation in
�ngerprints may bring false matching of local structures and
therefore affects the �nal result. Thus, the global �ngerprint
matching is essential after the coarse local matching if the
transformation model is known. In this process, the variable
bounded box [9] is used to recheck all local matched structures
to reduce the in�uence of deformation in �ngerprints. The
matching steps are listed as follows.

Step 1) For each comprehensive minutia pair� � and � 	 ,
where� � � � 
 and� 	 � � � , calculate the con-
nected subgraph similarity�� �	 , formally
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 � ,
and� � � � � � � � �� � � � � � � � � �� or � � � � � .
�� �	 is the similarity between the starlike subgraph
centered at� � in � 
 and the starlike subgraph
centered at� 	 in � � .

Step 2) Set the iterative number' � � .
Step 3) Find the' th maximum connected subgraph similar-

ity �� �� �	 and de�ne the corresponding minutia pair
� �� and� �	 as the reference minutia pair.

Step 4) Use the reference minutiae� �� and � �	 as the
original points of the two graphs� 
 and � � , re-
spectively. All minutiae are aligned into their new
polar systems and rotated with the statistical pa-
rameter! ��� .

Step 5) For each pair of matched local structures� � and
� 	 , where� � � � 
 , � 	 � � � , and � �	 �� 
 , if the
two minutiae of� � are located within the variable
bounded boxes [9] centered at the two minutiae of
� 	 , respectively, then� � and � 	 are true match;
otherwise, they are false match.

Step 6) Calculate the similarities of two �ngerprints� and�
as follows:
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where 
 � and � � denote the number and the
similarity mean of true-matching local structures,
respectively; 
(� � , 
(� � , �(� � , and �(� � are
four empirical values; and" ��� � � � (� � � (� �� is
borrowed from the nonlinear matching technique,
formally
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Step 7) If ' ) * , go back to Step 3), where* is the maxi-
mum iterative number and* � � .

Step 8) ��� � � ��� � �� � � is the optimal matching value of
�ngerprints � and � ; the larger the value is, the
more similar the two �ngerprints are. If the optimal
matching value is more than the threshold�(� , the
two �ngerprints are considered from the same �nger.

In our method, the thresholds, i.e., and�(� , are estimated
with the iterated conditional mode, which selects threshold by
maximum entropy criterion [16]. The other empirical values,
such as* , 
 , �� , and�� , are predetermined with many experi-
ments on a training set.

V. EXPERIMENTS

We evaluate our algorithm on the �ngerprint databases pro-
vided by FVC in 2002 [17], which are appropriate for test-
ing online �ngerprint systems. Our experiments analyzed the
character of adaptive Parzen window, checked the validity of
rotation parameter estimation, and evaluated the �nal matching
performance.

�� ������
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� $����
� �����

In this section, an experiment is performed to analyze the
character of the probability density curve estimated by the adap-
tive Parzen window. The curve from the same �ngerprint pair
has been compared with that from different �ngerprint pairs.

Three probability density curves are estimated, as shown in
Fig. 2. The �rst curve is calculated with images A and B, which
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Fig. 2. Probability density curves of rotation parameter estimated by the adaptive Parzen window.

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

are acquired from the same �nger. The second is estimated
with images C and D, which come from two similar �ngers.
The third is computed with images A and C, which come

from two dissimilar �ngers. Among these three experiments,
the curve of the same �ngerprints is very sharp because there
are many true-match local structure pairs, which contribute to
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TABLE I
ADAPTIVE PARZEN WINDOW VERSUSPARZEN WINDOW AND HISTOGRAM

the density around the true rotation angle. The curve of similar
�ngerprints is more convex than that of dissimilar �ngerprints
since several local structure pairs with the same rotation angle
are accidentally matched. The experiment shows that the more
similar the two �ngerprints are, the sharper their probability
density curve is. It is meaningful for quick rejection of impostor
in practical recognition application. A simple way is to use
the curve’s peak value as the match value of two �ngerprints,
and if the value is under a threshold, the two �ngerprints are
considered from different �ngers.

B. Performance of the Adaptive Parzen Window

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 templateT . Then, the �nger-
print image is transformed with the angles 5◦, 10◦, and 15◦,
respectively, as the input �ngerprintI. Finally, the rotation
parameterδk betweenT andI is estimated with the adaptive
Parzen window, as illuminated in Fig. 3.

In the experiment, the adaptive Parzen window method is
compared with the original method and the histogram method.
As shown in Table I, the average error of our algorithm is below
half of the Parzen window, and it is about one-third of the
histogram estimation.

In the second experiment, a randomly selected �ngerprint
is rotated from 14◦ to −14◦, and in total, 29 estimations are
conducted, as illuminated in Table II and Fig. 4. The mean and
standard deviation of the absolute errors are 0.420 and 0.242,
respectively.

C. Matching Results on FVC2002

To evaluate the overall matching performance of our method,
a series of experiments are conducted over the four �ngerprint
databases of FVC2002. To judge whether the binary compre-
hensive minutia structure is helpful, the method without the
binary structure [9], i.e., Alg_1, is compared with the proposed
method, named Alg_2. The receiving operating curves (ROCs)
[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 algorithm
that does not involve the binary comprehensive minutia struc-
tures on FVC2002 databases. The equal error rates (EERs) of
our method are 1.6%, 0.9%, 3.4%, and 1.8% in DB1_a, DB2_a,

TABLE II
ESTIMATED PARAMETER δ� VERSUSREAL PARAMETER K

Fig. 4. Trend of the precision of estimated rotation angles.

DB3_a, and DB4_a, respectively, and the results are better
than the best academic participants, i.e., PA24 and PA21, in
FVC2002 [17]. With Pentium-III 933-MHz central processing
unit, the average matching times are 0.37, 0.55, 0.27, and
0.29 s in the four databases, respectively, which are much faster
than the best industry participants, i.e., PA15 and PA27, in
FVC2002 [17]. The better performance is contributed by two
aspects: 1) minutia are replaced by binary minutia structure,
and the structure has many effective features to represent a
�ngerprint; 2) the rotation parameter is accurately measured
with the adaptive Parzen Window, and it makes satisfactory
�ngerprint alignment.

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 III,
the EER of Chen’s algorithm [19] with ternary minutia struc-
ture is about two-thirds of the proposed method, but in terms
of the resource consumption, the proposed method is very
competitive. By employing the binary minutia structure, our
method makes a proper tradeoff between the performance and
computational expense. This is important for applications that
have limited computational resources.

VI. CONCLUSION AND FUTURE WORK

This paper introduces a robust �ngerprint matching method
based on the comprehensive features of �ngerprint, and it
employs two novel technologies: 1) the binary comprehen-
sive minutia structure with the transformation-variant and



HE �
 ��� : MODELING AND ANALYSIS OF COMPREHENSIVE MINUTIA RELATION FOR FINGERPRINT MATCHING 1211

[12] J. Chang and K. Fan, “A new model for �ngerprint classi�cation by ridge
distribution sequences,”��

��� "������
� , vol. 35, no. 6, pp. 1209–1223,
Jun. 2002.

[13] A. Jain, S. Prabhakar, L. Hong, and S. Pankanti, “Filterbank-based �nger-
print matching,”���� #����� ����� �������� , vol. 9, no. 5, pp. 846–859,
May 2000.

[14] M. Tico and P. Kuosmanen, “Fingerprint matching using an orientation-
based minutia descriptor,”���� #����� ��

��� ����� ����� ��
���� ,
vol. 25, no. 8, pp. 1009–1014, Aug. 2003.

[15] Y. He and J. Tian, “Fingerprint matching based on global comprehen-
sive similarity,” ���� #����� ��

��� ����� ����� ��
���� , vol. 28, no. 6,
pp. 850–862, Jun. 2006.

[16] X. Lou and J. Tian, “The ICM algorithm for multi-level threshold selec-
tion by maximum entropy criterion,”1� ���
!� , vol. 11, no. 3, pp. 379–385,
2000. (in Chinese, with English abstract).

[17] D. Maio, D. Maltoni, R. Cappelli, J. Wayman, and A. Jain, “FVC2002:
Second �ngerprint veri�cation competition,” in����� -2
� ��
� �����
��

��� "����� , 2002, vol. 3, pp. 811–814.

[18] D. Maio, D. Maltoni, R. Cappelli, J. Wayman, and A. Jain,
“FVC2000: Fingerprint veri�cation competition,” ���� #�����
��

��� ����� ����� ��
���� , vol. 24, no. 3, pp. 402–412, Mar. 2002.

[19] X. Chen, J. Tian, and X. Yang, “An novel algorithm for distorted
�ngerprint matching based on fuzzy features match,” in����� .
� ��
�
����� �����3 ��� &����3����� �����
��� ������ ��
���
���
��� , 2005,
pp. 665–673.

[20] Y. He, J. Tian, R. Qun, and X. Yang, “Maximum-likelihood deformation
analysis of different-sized �ngerprints,” in����� /
� ��
� ����� �����3 ���
&����3����� �����
��� ������ ��
���
���
��� , 2003, pp. 421–428.

Xiaoguang He received the B.S. degree from the
Special Class for the Gifted Young, University of
Science and Technology of China, Beijing, China,
in 2002. He is currently working toward the Ph.D.
degree at the Key Laboratory of Complex Systems
and Intelligence Science, Institute of Automation,
Chinese Academy of Sciences, Beijing.

His research interests include pattern recognition,
machine learning, and image processing and their
applications in biometrics.

Jie Tian (M’01–SM’03) received the Ph.D. degree
(with honors) in arti�cial intelligence from the Chi-
nese Academy of Sciences (CAS), Beijing, China,
in 1992.

From 1994 to 1996, he was a Postdoctoral Fellow
in the Medical Image Processing Group, University
of Pennsylvania, Philadelphia. Since 1997, he has
been a Professor in the Key Laboratory of Com-
plex Systems and Intelligence Science, Institute of
Automation, CAS. He is also with the Life Science
Center, Xidian University, Xi’an, China. He has pub-

lished more than 50 papers in academic journals and international conferences.
His research interests include medical image process and analysis and pattern
recognition. He is a specially invited Reviewer for��
����
���� "����!� .

Prof. Tian is the recipient of the National Scienti�c and Technological
Progress Awards in 2003 and 2004.

Liang Li received the B.S. degree from North-
western Polytechnical University, Xi’an, China, in
2002. He is currently working toward the Ph.D.
degree at the Key Laboratory of Complex Systems
and Intelligence Science, Institute of Automation,
Chinese Academy of Sciences, Beijing, China.

His research interests include pattern recognition,
machine learning, and image processing and their
applications in biometrics.

Yuliang He received the B.S. degree in computer
and system science from Nankai University, Tianjin,
China, in 1997 and the M.S. and Ph.D. degrees from
the Institute of Automation, Chinese Academy of
Sciences (CAS), Beijing, China, in 2003 and 2006,
respectively.

He is currently with the Key Laboratory of Com-
plex Systems and Intelligence Science, Institute of
Automation, CAS. His research interests include pat-
tern recognition, machine learning, and information
fusion and their applications in biometrics.

Dr. He received the Chinese Academy of Sciences President Scholarship
in 2005.

Xin Yang received the B.S., M.S., and Ph.D. de-
grees in intelligent instruments from Tianjin Uni-
versity, Tianjin, China, in 1994, 1997, and 2000,
respectively.

From 2001 to 2003, she was a Postdoctoral
Fellow with the Biometric Research Group, Key
Laboratory of Complex Systems and Intelligence
Science, Institute of Automation, Chinese Academy
of Sciences, Beijing, China. Since 2003, she has
been an Associate Professor with the laboratory. Her
research interests include bioinformatics, pattern
recognition, etc.


