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Fingerprint recognition 
using Gabor fîlters and Wavelet features 

Tudosă Ana Maria\ Costin Mihaela^ Barbu Tudor^ 

Abstract - Amongst the several approaches on 
fingerprint matching, the most popular continues to be 
minutiae bascd. But this technique does not use much of 
the discriminatory information available in the 
fingerprints, because local ridge structures cannot be 
completely characterized bv minutiae, further more 
these methods are slow in comparing fingerprint images 
containing different number of minutiae. Our method 
uses a combined structure of Gabor filters and Wavelet 
features, in order to obtain a well balanced aggregated 
decision. The recognition system is reinforced in a 
biometric approach, using in parallel a speaker 
recognition module. The final decision is obtained by 
using Dempster - Schafer evidence theory in a hierarchic 
structure. 
Keywords: fingerprint, texture, Fourier transform, 
Gabor filter, Wavelet, Hausdorff metric, Dempster-
Schafer evidence theory. 

I. INTRODUCTION 

We live in a society where secrets are harder to be 
kept (locks can be jammed, codes can be broken), 
therefore issues like security and personal recognition 
need a solution. Biometrics-based verification, 
especially fmgerprint-based Identification becomes 
the answer to a lot of these problems. 
A fingerprint is a pattern believed to be unique across 
individuals, even across fingers of the same 
individual, although this has not been proven, and it 
has one of the highest levels of reliability. The 
uniqueness of a fingerprint is determined by the 
overall pattern of ridges and valleys as well as the 
minutiae points (local ridge anomalies). 
Our method uses Gabor filters and Wavelet features. 
Gabor filters are used to capture both the local and 
global details in a fingerprint image, in a fixed length 
vector called Feature Map. The result of a Wavelet 
decomposition of an image on J octaves represents 
image details in different scales and orientations. 

II. IMAGE FILTERING USING GABOR FILTERS 

Gabor filters capture local orientation and frequency 
information. By tuning a Gabor filter to a specific 
frequency and direction, the local frequency and 
orientation information can be extracted. 
An even symmetric Gabor filter has the following 
general form: 
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where T gives the frequency of the sinusoidal plane 

wave at an angle^ with the x-axis and (J^ and cr^ are 

the standard deviations of the Gaussian envelope 
along the x and y axes respectively. 
For extracting the response of the ridge at various 
orientations of the Gabor filter the parameters T, 9 

a^ and a^ are set the following values: the 

frequency T corresponds to the inner-ridge distance in 
fingerprint images. 
For the 300 x 600 (500 dpi) images the average 
distance is 8 pixels, thus T = 1/8 = 0.125. Deciding 
the values of the standard deviation involves a trade 
off between noise robustness and precision. 

After experimental results we settled on a ^ ^ = 4. 

We examine the images at 8 different orientations: 0°, 
22.5°, 45°, 67.5°, 90°, 135°, 157.5°. 
Filtering the fingerprint image with a Gabor filter 
means convoluting the Fourier transform of the iniţial 
image with the Fourier transform of the 

filter F ( G ^ ) , in the frequency domain. 

The new image is: 
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y , = F - \ F a ) F { G , ) ] (4) 

where is ihe inverse Fourier transform. 

A. Consirucfing îhe Fearure Map 

The filiered image can be \ iewed as a represenlaiioii 
scheme bui the presence of ihe local disioriions can 
drasiically affect the maiching process, more, the 
local variaiion in ridge siructure logelher with iheir 
global configuralion can g i \ e a better representation. 
In order lo examine the local variations the image is 
îessellaied and the characterisiics of each cell are 
calculated (Fig . l ) . 

For ihe fingerprints that do noi ha\ e the same size, the 
Euclidean distance cannot be used. Therefore. a 
special noniinear metric becomcs nccessar) . 
For this reason we proposed a noniinear mciric which 
is able to compare different-sized mairices having a 
single common dimension, like the hngerprini 
mairices. 

If and B aie iwo scts having ihe propert> A\ B\ , 

the Hausdorff metric (2-4) is dclined as the niaMmum 
disuvice of a sei lo ihe fieurest pomi in ihe other Sci. li 
can be described by the following relation: 

/?(A, B ) = m a \ { m i n { d i s f i a , /?)}} . (5) 
-i hiiH 

where h represenis the Hausdorfl distance between 
thesc sets ajid disi is an) metric between thcir points 
(for example the Fuclidean distance). 
In this case u e have to compare two mairices iiistead 
of iw'O seis of points. Therefore, let us consider 
A - (V?,̂  and B - the two matrices, 
with m ^ p 

Let us introduce two more vcctors, y = (.V, and 

then compute V, and = m a x 

- m a x i z , . Using these notaiions we create a 

new' noniinear metric d. ha\ imi the nexi form: 

The size of a cell is selected to be twice a ridge size 
( 1 6 x 1 6 ) . 
Also. when tessellating the image a border of 8 pixels 
is noi used. Considering that the image size is 300 x 
600 the feature vector vvill be 37 x 18 size. The 
standard deviation corresponds to the energy of ihe 
filter response, thus being a useliil tool in measuring 
the ridge orientaiion in a local neighborhood. 
The Feature vector will contain the statidard deviation 
of the pixels in each cell for the 8 filtered images. 

B. Fingerprinî maiching 

First the center of the image is compuled following an 
algorithm described in [1]. We improved this 
algorithm by narrowing the search of the 
neighborhood in which the center is calculated. 
For each template fmgerprint in the database we 
stored 10 Feature hdaps corresponding to the original 
image rotated 10°. This will assure that the algorithm 
is roiaiion invariant. 
The query and the template Feaiure Maps are 
overlapped on the center point. Each vector is resized 
to have the same dimension and an Euclidean distance 
is calculated. A higher distance indicates a poor 
match. The distance score is then normalized in the 
[0,100) range, and converted to a similarity score. 

5 ) = m a x 
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The obtained restriction based metric represents the 

Hausdorff distance between the sets B ^y : jy| ^ < 1) 

and A{z : - ^̂̂  ^ l ) in the metric space R" [3,4). 

So, ii can be expressed as following: 

1) 

it is obviously that the metric d depends on v and z. 
By eliminating these terms. we have got a new 
distance. li does not depend on these vectors and it is 
not a Hausdorff distance ajiymore. The new obtained 
Hausdorff-based metric is dcscribed as: 

d{A,B) = m a x 

sup inf - a 

Slip i n f s u p 
( 8 ) 
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The noniinear function d, given by (8). verifies the 
distance properties: positively ( d { A , 5) > O), 
symmetry {d{A,B) = d{B,A)) and triangle 
inequalit>'(âf(.4,5) + ^ ( 5 , C ) > d(A,C)l 
From our tests it resulted that it constitutes a 
satisfactory discriminator between feature vectors 
13,4]. 
We used it also in several speech recognition 
contexts, for classif> ing the DDMFCC vocal feature 
vectors [3,4]. 
Here, the feature vectors are represented by those 
fingerprints, which can be successfiilly compared via 
this Hausdorff based distance. 

III. IMAGE FILTERING USING WAVELET 
FEATURES 

Wavelet transforms have important characteristics 
that make them valuable tools, for many tasks in 
signal processing. The 2D wavelet decomposition on J 
octaves of a discrete image represents the image in 
terms of sub-images, where each sub-image is a 
lovv resolution approximation of the original image 
containing the image details at different scales and 
orientations. Wavelet coefficients of large amplitude 
correspond to vertical high frequencies (horizontal 

Noimiliz? ench .ŝ rfcoi 

edges), horizontal high frequencies (vertical edges), 
and high frequencies in both directions. 
The energy of different sub-bands gives Information 
regarding both the ridge spaţial frequency as well as 
the ridge orientation. 
Another Feature Map is constructed based on the 
standard deviation of each wavelet sub image. This 
feature vector has important discriminatory properties 
for fingerprint images. 

A. Fingerprint matching 

First we crop the image in an N x M rectangular 
region centered in the center point of the fingerprint, 
then we divide the new image into non-overlapping 
blocks of W X W size. For each block we compute the 
wavelet decomposition on J octaves and calculate its 
3J wavelet features. The Feature Map includes the 
wavelet features extracted from aii W x W blocks of 
the central sub-image. 
In the second stage of the matching process, the 
feature map resulted from the Wavelet decomposition 
is evaluated using a C5 classifier (which is a decision 
tree constructed on ID3 principles) [5] and a MLP 
classifier [6]. 
The results are combined in an aggregation system. 

Quen' fiugei jjiiut 

Tempbte finşerpmit Fluger 

code 

Fig. 2 Flow diagram of our fingerprint identification system 
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IV.COMBINING THE RESULTS 

The results from these iwo stages, Gabor and 
Wavelet filtering, are correlated using a decision 
inferential system based on Dempster-Shafer 
evidencc theory [7], [8]. The difTerenl modules 
play the different specialized "experts'Mn the 
aberrant results cases, the conflict has to be 
managed (re-evaluation on the basis of more 
criteria or supervised).The importance of each 
"expert module" is different. 
A total mass of belief is calculated for each 
detected person (from the fmgerprint base) and 
each voice (in the priory registered base) according 
to the Dempster's ruies [DS]. In the belief and 
plausibility models each time a fimction (among 
mass, in, belief, bel, plausibility, pl or communality 
function, q) is introduced. The declaration of one of 
them automatically implies the others, the 
supplementary symbols being sufficient to know 
ones are interrelated". Given two belief functions 
beli and bel2 induced by two distinct pieces of 
evidence on the event A, the belief function beli2 
that results from their combination is obtained by 
Dempster's rules of combination and expressed 
with communality fiinctions they becomes: 

In the previous relation, the communality 
function is a function q \ -> [0,1], such that, for 
two events A and B we have: 

Studying a number of N given fingerprints, a 
confidence measure corresponding to each of the 
two applied measures is established. 

V. EXPERIMENTAL RESULTS 

A database of 140 fmgerprint images of size 
300x600 including 10 images per fmger of 5 
individuals has been used in our experiments. The 
images have been selected from the database based 
on the fingerprints pattem inside the image, being 
preferred those where the core point is located 
close to the center of the image. 
Images with poor quality or having the core point 
too close to the margin of the image have been 
rejected. 
The experiments were performed on a Pentium^^* 
IV, 1800 MHz processor, running Windows XP'̂ .̂ 
Calculating the center point took -1.5 seconds, 
extracting Feature Map based on Gabor filters took 
-28s, while the time taken to extract the Feature 
Map based on Wavelet decomposition took - 2 0 s. 
The time taken to match two Feature Maps was 
-~0:05s, and correlating the results ~ 0:07s. 

Table 1 

o Gabor Daubecies 
10 

Our 
method 

0.125 87.1 90.7 95.7 
0.142 70.9 85.1 83 

0.1 75.1 65.1 80.9 

VI. TOWORDS A COMBINED BIOMETRIC 
SYSTEM 

Using a mono modal biometrics an identity 
verification system has to take a high reliable 
decision (wished to be less than 0.001% error!), in 
the context of sensor noise and various limitations 
of feature extractor and matching, which is a tough, 
challenging task. Combining multiple biometrics 
may enhance the performance and accuracy of our 
personal authentication system. The fingerprint 
recognition system may be reinforced applying a 
parallel structure with a voice recognition module 
[9], [10], 

Fig. 3 Biometnc recognition - inference modules 

Hence, it is possible to establish or to verify the 
person identity in a double security system in order 
to have an improved certainty coefficient. This 
implies comparing more methods in the context of 
combining the voiceprint and fingerprint 
recognition system in two different matters: 
verification and identification. 
A rule-based aide decision system gives the final 
recognition percentage on the person identity. 
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