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ABSTRACT

Fingerprint verification is being adopted widely to provide positive identification with a high degree
of confidence in all practical areas. This popular usage requires reliable methods for matching of these
patterns. To meet the latest expectations, the paper presents a pair wise distance histogram method for
fingerprint matching. Here, we introduced a randomized algorithm which exploits pair wise distances
between the pairs of minutiae, as a basic feature for match. The method undergoes two steps for completion
i.e. first it performs the matching locally then global matching parameters are calculated in second step.
The proposed method is robust to common problems that fingerprint matching faces, such as scaling,
rotation, translational changes and missing points etc. The paper includes the test of algorithm on various
randomly generated minutiae and real fingerprints as well. The results of the tests resemble qualities
and utility of method in related field.
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Person Identification

1. INTRODUCTION

Biometrics features have always been of great
importance for personal identification. Due to the
durability and unchangeable properties, these data-
bases can be used for a long time with respect to
particulars. Fingerprint verification has been asso-
ciated especially with criminal identification and
police operations but now it is found widely useful
in various applications like, financial securities, ac—-
cess control, driving license and verification of
firearm purchasers. In crime operations fingerprint

matching used to be done manually in olden time,
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which is a tedious, expensive and time-taking
process. That’'s why it doesn’t meet requirements
of the new applications. To overcome these prob-
lems automatic fingerprint identification system
was in great demand. Since the long period of last
forty years appreciable work has been done in this
field. But still in some cases it is felt that these
Automatic Fingerprint Identification System
(AFIS) should be improved for meeting latest re-
quirements in related field. The main factors in de-
veloping these systems are reliable minutiae ex—
traction algorithm; quantitatively defining a fin-
gerprint match, fingerprint classification etc. The
lack of efficiency in getting these factors, create
bottlenecks in achieving the desired perform-
ancel1].

Almost all the biometric authentication systems
use the biometric data in its original form or use
processed version of biometric as feature data.
Among these processed versions minutiae are one
of the most popular form, which is generally used

in systems now a days. These systems use tem-
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plate based method to perform the matching. In
template based matching method a data base is
constructed first, in which the template finger print
of all legal persons or civilians are save. Then at
the moment of verification the system checks
whether the incoming data (unknown finger print
point pattern) is mapping properly to any save pat—
tern in database or not. For performing this map-
ping the method consists of choosing an ordered
pair of points from the template and then, for every
ordered pair of distinct point in the input, computing
a transformation mapping the template pair to the
input pair. This transformation is then tested to see
whether it maps the entire template into the input.

Most of the conventional method’s [2,3] use pre-
computation of the transformation parameter’s for
testing local match. However, in proposed method
only distance histogram is compared for local
matching which result in fast computation and less
complexity in calculation. Apparently, the first re-
searchers to consider randomization in connection
with point pattern matching by alignment were
Irani and Raghaven [4]. Introduction of proposed
method is an effort to build on and improve their
results. Regarding the use of pair wise distance
distribution histogram for point pattern matching,
the concept is quiet new and used by C. H. Park
and J. J. Lee [5], in their algorithm. The main idea
of the paper is to make use of the fact that the
points in a fingerprint point pattern are always
uniquely related to their neighborhood. However,
this method lack in efficient matching as it per-
forms histogram matching globally whereas in our
method the histogram matching is performed lo-
cally and then transformation parameter is calcu-
lated globally.

There are many challenges that most of the
matching algorithms have to resolve while match~
ing the fingerprints[1-6]. At first we consider the
case where noise is added when the feature points
are extracted from the input image because of the
different devices present. Secondly, random miss-

ing of feature points is also very usual when the
fingerprint is taken by device. Sometimes the lossy
impression is captured when user place their finger
partially. Lastly, with the change in the DPI (Dots
per Inch) of scanner or input devices the scaling
problem arises.

In this paper we have tried to overcome all these
problems in fingerprint matching so as to make the
algorithm robust. The histogram of the pair wise
distances is calculated locally for each point in it's
neighborhood for given input pattern. After match-
ing of histogram the transformation parameter is
obtained and then iteration algorithm is applied to
find the final transformation parameter globally.
Algorithm has been discussed in detail in section
4 with flow diagram.

2. PROBLEM FORMULATION

Let us consider two fingerprints of same finger
but on different times to match, say one of point
pattern (say P) is already save in database, consid-
ering as a template pattern and other one is taken
as the input point pattern (say Q) as shown in Fig.
1. The pattern Q can have some scaling, rotation,
translations changes, missing points and dis-
tortions (noise) with respect to template data P de—
pending on the situation. In the form of solution,
we have to find a transformation parameter “T”
which consists of scaling(s), rotation (©) and
translation (f and &) in both X and Y direction,
in pattern Q with respect to P.

TEMPLATE PATTERN INPUT PATTERN

«Ratation
»Sealing
=Transiation
»Elastic distortion
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253 #i 21% 272 46 103

Fig. 1. Template Finger print and Input Finger print.
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If we map the points in P with these parame-
ters(s, 6, & and ty) according to equations (1), the
generated points should almost overlap on the
points in input Q pattern with some considerable
erTor.

X [2 scosd —ssin@ )\ x

=T(p)=! *|=| " |+ ’
7=1(p) [yq] (ty] (ssiné’ scosf j[yp] Sy
Considering the possibility of allowable error,
T(p) may not be exactly equal to the points in pat-
tern Q. The objective of this paper is to find a reg—

istration, so that the correct number of matched

pair between P and Q is maximum.

3. PAIR WISE DISTANCE DISTRIBU-
TION

In case of point patterns, pair wise distance dis-
tribution is a set of mutual distances between the
pair of points. These pairs are made by the point
and its neighborhood as shown in the Fig. 2[7]. To
get this distribution function, first of all we calcu-
late the "k” nearest neighbors (in order to close-
ness) of all points in given point patterns P and
Q as shown in Fig 2, where k is given by [3]

Inm

" 2p- 2y @

where m is number of points in given pattern, p

and N are matching parameters.

Fig. 2. Selection of nearest neighbors in input point
pattern (k=5 is considered in this case).

Suppose for a point p1 in P pattern neighbors are
pinu, ping, pins,‘, pink and similarly for points in
Q pattern are gim, qung, qing, ., k. Now pair
wise distances between the point set (pi, piny, ping,
ping, -, pink) is calculated. These distances will be
(pr— pin;, piNI— Py, PNz—> Pini, P P, Pia—
ping, e+ pime— ping), here i varies from 1 to k. In
order to obtain the histogram, we quantize all the
distances in some certain levels depending on the
maximum and the minimum pair wise distances
calculated and then assign the levels to all
distances. Distance histogram for points p1 and qi
are shown in Fig. 3. In the same way, the distance
histogram can be determined for all points in pat-
tern P and Q. One of the important features of this
method is its scale invariant property. DPI for a
fingerprint is depending on the device used on the
time of capturing. So different device is used DPI
is also different, while these fingerprints are
matched, scaling in the feature point is figured out.
But the histogram difference for the pattern scaled
by any factor is independent of this change

(explained in section 4).

— L TSR
H1:[7226004022]HZ:[5244220204]
(©) (d)

Fig. 3. (a) Point pattern P, (b) Point pattern Q scaled
by factor 1.4 with respect to pattern P, (¢),
(d) Pair wise distance histogram of one
point and its neighborhood in point sets P
and Q.
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4. ALGORITHM

This matching algorithm performs in two sec—
tions mainly: (i) Local matching, (ii) Global match-
ing.

4.1 Local matching

This is a randomization algorithm. But, in order
to make the calculations less in comparison to other
randomization algorithms, we have a basis of se-
lection for local match here. As a requirement of
this section we get the histogram for both patterns
as per description in section 3. Choose any point
from pattem P and compare its histogram with that
of points in pattern-Q. To decide the local match-
ing between the points average histogram differ-
ence is calculated by subtracting the histogram of
one from other. These histogram differences are
scaling invariant because in calculation of histo—
gram step size, we have used difference between
maximum and minimum distances as given in for-

mula

Step size= (maximum distance-minimum dis-
tance)/ns

where ns is number of steps of quantization.
Further histogram differences also come in the
form of matrices as [c1 ¢z c3 ca ¢s5 5 ¢7 €3 co
“.chslisns, Where ci,co- are values of histogram
difference for each quantization level, after sub-
tracting two histograms and these will come out
in order of 0, £2, £4---etc., as shown in Fig. 3 (¢)
and (d). So there is no need to calculate normal-
ization factor in case of scaling changes. For the
histograms shown in Fig. 3(c) and (d) histogram
difference is (H;-Hz )

H-H=[72260040221-(5244220
204
Hi-H>=[20-22-2-24-22 -2]

If average histogram difference of two points is
less than a fixed threshold level, the points are lo—

cally matched and other point-pairs are discarded.
Now take these locally matched point-pairs one by
one and calculate the affine transformation
parameter. For minimizing the possibility of error
the transformation parameter is calculated with the
help of least square error method, as described in
[2]. Equation (3) describes the complete solution to
find the transformation parameter “r” for a partic-
ular locally matched pair. In the equation subscript
A is concerned to template pattern and B is con-
cerned to input pattern. X and y are 2-D co-ordi-
nates of feature points and k is the number of near-
est neighbors calculated. For other unknowns, def-

inition has been given below,

A 0 —ny 1\ M

100 Ly —pg ||y

D\ —py ~H, / 0 Lis 3)
My —Hy 0 L \Ls

The solution comes in the form r=(f; ¢, scos®
ssin6)”. With these parameters we can calculate
the transformation parameters for all locally
matched point-pairs of whole the pattern. All these
transformation parameter for locally matched
points are shown in Fig. 4. The figure shows that
many points are concentrated on same point, which
has been enlarged in the rectangular section.
Actually this point represents the transformation
parameters from correct and true matching pairs
only. An ultimate Transformation Parameter (s, 6,
tx and ty) has to be determined for global match.
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Fig. 4. All transformation parameters, (b) Final
transformation parameter after iteration.

4. 2 Global matching

Global matching will decide whether the two
point patterns are from the same finger or not. In
order to perform this section, plot all local matching
transformation parameter obtained in previous
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section, and then calculate the mean and standard
deviation of all parameters. Iteration Algorithm is
applied to the means and deviations repetitively
until the distribution with minimum possible
standard deviation is found. Mean calculated in the
previous step gives the final transformation pa-
rameter for maximum matching pairs. These iter-
ation steps are shown in Fig. 5. In every step some
points are eliminated which are having standard
deviation more than calculated in previous stage.
This process is continued until final transformation
parameter 1s found. After several iterations we
have the final transformation parameter as shown
in Fig. 5(d). With this parameter the overlapping
test is done again and the points having allowable
error are considered as properly matched pair oth—

ers are discarded. If the number of properly over-
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Fig. 5. (a) All transformation parameters calculated from local matching pairs, (b) Transformation param-
eters and their mean after first iteration. (¢) Transformation parameters and mean after second
iteration. (d) Transformation parameters and their mean after final iteration stage.
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lapped points is more than 80% of total points in
pattern, then fingerprints are declared as globally
matched patterns otherwise not. Flow chart in Fig.
6 depicts the algorithm steps more clearly.

Start

Point pattern “P” stored in
database pattern “Q" is
taken that is to be matched
with “P”

v

Select a local point and it's “k” nearest —
neighbors in patterns P

v

Select a local point and it's “k” nearest
neighbors in patterns Q

v

L Make pair wise distance Histogram j

Average histogram difference
<Threshold level

Calculate and store transformation
parammeter

All point’s in pattern p iS
examined

Iteration algorithm to calculate final
Transformation Parameter

End

Fig. 6. Flow chart for fingerprint matching algo-
rithm.

5. ADVANTAGES OF THE ALGORITHM

If we talk about the salient features of this algo—
rithm, which make it robust and easy to implement
are:-

1) The algorithm is invariant to missing feature
points and effect of local noise. For translation, ro—
tation and scale changes by any factor occur in
pattern, method is robust as well.

2) Among all randomization algorithms, in the
local matching step, a huge calculation has to be
done. But, in this method we have to find the local
matching pairs on the basis of similarity in dis-
tance histogram in their neighborhood. So less cal-

culation is required.

6. IMPLEMENTATION AND EXPERI-
MENTAL RESULTS

Experiments were made on many randomly
generated data sets having different no. of points.
These data sets are generated by adding scaling.
rotation, translation changes, missing points and
other distortions in original point set. The perform-
ance of algorithm is best unless number of missing
points is less than 30% of total number of points.
The local noise also affects the performance, when
it is higher than the minimum pair wise distance
in the input pattern. Table 1 shows the perform-
ance of proposed algorithm on some random point

pattern samples.

Table 1. Performance on randomly generated data sets.

No. thal no of | No of missing | No. of matched points | No. of matched points | No. of matched points

point taken points when no error added | when 2% error added | when 3% error added
1 30 10 20 19 17
2 40 15 25 23 ' 21
3 50 20 30 28 26
4 60 15 45 41 40
5 60 20 40 36 34
6 60 25 35 28 27
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To test the algorithm on a real data, we applied
this method to match a fingerprint recognition
problem. The two fingerprints shown below in Fig.
7 are taken from the FVC 2000 database. The
matching is performed by this method after the
feature points extracted as shown by dots. The re-
sults are as shown in Fig. 8.

From Fig. 8, the performance of the method is
clear that only matching points are overlaping to
each other. The missing points are also present in
the figure, the places having only “A” and no “*”
is enclosed to them. In this input pattern of 45
points, 5 points are missing with respect to tem-
plate pattern of 50 points, and 39 points are show-
ing perfect match. The performance of this algo-
rithm was tested over 78 real fingerprint patterns

(a) (b)

Fig. 7. (a), (b) Real fingerprint data taken from the
same finger.
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Fig. 8. Result of real fingerprint matching.

from the same database. To evaluate the perform-
ance of algorithm, a new method has been proposed
here in which the basis of calculation is the number
points included by a particular area. One assump-—
tion is made that the feature point distribution is
uniform in all patterns. Following mathematical
equations can describe the method very well.

Consider that A is the area of fingerprint stored
in template pattern, it is given by

A =rd*/4

where d; is the maximum pairwise distance in
the whole template pattern and similarly As is the
area of sample fingerprint to be matched with tem-
plate one, it can be calculated as

A =nd>/4

where ds is the maximum pairwise distance in
the whole sample pattern. N; and Ns are the total
no of points in these patterns. Therefore the no of
points in the template pattern included by area cor—
responding to sample pattern is N, l.e.

Ne=(AJ/A)*N;

And the matching score S, is given by in final

equation

S=Number of matched points /N.

7. CONCLUSION AND FUTURE WORK

In this paper, an enhanced fingerprint matching
method has been proposed. In this method, missing
point consideration has been taken besides other
important features of this method as it is a scaling,
rotation and transformation invariant algorithm.
This method is far efficient, faster and accurate in
comparison of most of the methods proposed yet.

We have tested this matching algorithm on vari—
ous randomly generated point patterns and real
fingerprint patterns as well; it gives good results
even on adding a reasonable amount of distortion
(noise). Here for calculation of transformation pa-
rameters, we have used least squire error method.
Although this method is efficient, for higher accu-
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racy we need to have a more accurate method. The
reason is that this method has limitations about
number of neighbors etc. One more important thing
to be developed is a feature extraction algorithm.
The error in feature points extraction may result
in false match of two point patterns.
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