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ABSTRACT 

Based on the Gabor transform, we propose a unified 
viewpoint for  fingerprint image representation and 
recognition. In a local fingerprint image, we 
demonstrate the inter-ridge distances and ridge 
directions can be obtained by principal Gabor basis 
function (GBF) directly. Besides, according to the 
locations of principal GBF on the spatial-frequency 
plane, the siniilarities of two local ridge structures 
can be measured easily. As compared with the global 
Gabor-based approach, the proposed method not 
only saves memory space, but also reaches higher 
recognition rate. 

1. INTRODUCTION 

Based on uniqueness, durability, and convenience, 
fingerprints have been widely applied in several 

. fields of personal identification such as access 
control, criminal investigation, and Internet 
authentication. Fingerprint patterns are full of ridges 
and valleys and these structures provide essential 
information for matching, recognition, and 
classification. Conventionally, most researchers use 
minutiae, a group of ridge endings and bifurcations, 
as the features of fingerprint patterns [l]. 
Unfortunately, the minutia-based approach contains 
many processing steps and these steps are almost 
time consumption. In addition, this approach relies 
heavily on the quality of input images and the 
accuracy of every step. In fingerprint images, 
however, minutiae are not always clear even though 
the information of ridge directions and inter-ridge 
distances is preserved. 

Gabor filters, simulated visual vertex cells, have the 
properties of spatial localization, orientation 
selectivity, and spatial-frequency selectivity [2]. 
Therefore, Gabor filters have been applied 
successfully and widely to many fields. There are 
mainly two categories. One is image reconstruction; 
images are represented by a complete or incomplete 
Gabor basis set. Its purpose is image compression [3]. 
Another is image analysis; only a few suitable and 
important Gabor filters are used to detect special 
features, such as texture classification [4], face 
recognition [5], handwritten character recognition [6], 
fingerprint classification [7], and fingerprint 
recognition [8][9]. In [7]-[9], Gabor-based features 
were proposed as the fingerprint features to avoid the 
disadvantages of the minutiae-based approach. Jain et 
al. used real Gabor filters as their features for 

fingerprint classification and recognition, but this 
approach must convolve each pixel by the real 
components of Gabor filters in an image to avoid the 
shift problem. This process wasted major time to the 
overall feature extraction. In [9], we demonstrated 
that only the magnitude Gabor features could be used 
as the features of fingerprint patterns when each 
block was sampled once. That is, the magnitude 
Gabor features can avoid the shift problem and 
reduce the computation time. To obtain a satisfactory 
recognition result, nonetheless, selecting a suitable 
bank of Gabor filters is very important to the Gabor- 
based approach. Unfortunately, this approach needs a 
lot of time to tune empirically the parameters of 
Gabor filters by global consideration. 

In fact, fingerprint patterns contain various ridge 
directions and inter-ridge distances in each local 
region. That is, each local fingerprint has its 
particular ridge direction and spatial-frequency. In 
order to capture these intrinsic characteristics of ridge 
structures, we propose a local Gabor-based approach 
to determine the suitable Gabor filters by using only 
local information. In addition, we transform each 
local fingerprint image into Gabor representation, a 
combination of the complete Gabor basis functions 
(GBFs), to find out the most suitable Gabor filter. For 
further feature reduction, the selected Gabor filter is 
mapped to an index of the complete GBFs. At last, 
we also compare GBFs in the spatial-frequency 
domain to illustrate the similarities of ridge structures 
and analyze the feasibility of the proposed method to 
test a small-scale access control system. 

2. FINGERPRINT IMAGES AND GABOR 
BASIS FUNCTIONS (GBFS) 

2.1 Power spectra of fingerprint images 

At first, we observe the intrinsic characteristics of 
fingerprint patterns in the spatial and spatial- 
frequency domains. In a local fingerprint image, the 
ridge directions and inter-ridge distances are similar. 
Fig. l(a) and Fig. 2(a) show some regions of 
fingerprint images. To analyze the phenomenon of 
fingerprint images in the spatial-frequency domain, 
we transfer these images by Fourier transform and 
observe their power spectra. Before doing Fourier 
transform, we subtract the DC value of the region 
from every pixel to focus on the power spectra of the 
AC components. In Fig. l(a), from left to right, the 
ridge directions are O", 45", 90°, and 135", 
respectively. The corresponding 2-D power spectra, 
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shown in Fig. l(b), have two high peaks and these 
peaks are symmetric to the origin. In addition, 
different orientations have different locations of the 
twin peaks relative to the origin on the spatial- 
frequency plane. Fig. 2(a) shows some different inter- 
ridge distances with the same orientation. The 
corresponding power spectra are shown in Fig. 2(b). 
From Fig. 2(b), the power spectra also have twin 
peaks and the angles from the centers of these peaks 
relative to the origin are similar on the spatial- 
frequency plane. On the contrary, the distances from 
the centers of these peaks to the origin are decreasing 
when the inter-ridge distances are increasing. 
According to the characteristics of the angle and the 
distance from the centers of the peaks to the origin on 
the spatial-frequency plane, the ridge direction and 
the inter-ridge distance of the spatial domain can be 
estimated easily. That is, the intrinsic characteristics 
of fingerprint images are easily captured in the 
spatial-frequency domain rather than the spatial 
domain. 

2.2 Gabor expansion, Gabor responses, and 
principal GBF 

The 2-D complete set of GBFs can be expressed as: 

Gp,,,(x>Y)=exP{-[(x- PI' + ( Y - d 2 I / o 2 )  
exp[2q(xr + ys)/N,.] (1) 

where j = ,& , p ,  q = (),I,. . .,N, - 1, and 

Y,S = -N, /2+1,-N, 12+2;..,-1,0,1;..,N, 12-1,N, 12 . 
In the spatial domain, N, is the number of spatial 
samples, @,q) is the spatial window center, and 0 
decides the extent of spatial windows. In the spatial- 
frequency domain, Nf is the number of spatial- 
frequency samples and (r,s) is the location of the 
frequency center. The angle 8 and radial frequency f 
of GBF are determined by tan-'(s/r) and 

,/(. N ,  y + (. N,, y , respectively. Their relationship 

on the spatial-frequency plane is demonstrated in Fig. 
3. In Eq. 1, we set the number of spatial samples, the 
number of spatial-frequency samples, and the extents 
of spatial windows along x and y axes as the same 
values for simplification. In the spatial domain, the 
real components of these basis functions for N, = Nf= 
16 are shown in Fig. 4. From Fig. 4, the orientation- 
selective properties of the GBFs are obvious. 

In the spatial-frequency domain, each real GBF 
(except Y = s = 0) has twin Gaussian peaks. The 
envelope of Gaussian function, which is proportional 
to the reciprocal of 0, determines the channel 
bandwidths. Various orientations are shown in Fig. 5 
(corresponding to 0", 45", 90°, and 135") and the 
radial frequencies, the distance from center of the 
Gaussian function to the origin, are increasing from 
left to right. 

Although we only demonstrate some directions in Fig. 
5, in fact, each GBF has twin Gaussian peaks at its 
frequency center (Y,s). The complete GBFs spread Nf 
x Nr Gaussian peaks on the spatial-frequency plane. 
They only respond to the image with the same 
orientation and radial frequency as narrowband filters. 

A raw image I(x,y) can be expressed as a 
combination of the complete 2-D GBFs. The Gabor 
expansion equation is 

where cPqrs is the Gabor coefficients indicating their 
importance for image reconstruction. Unfortunately, 
the computational complexity of Gabor coefficients 
comes from the non-orthogonality of the GBFs. The 
magnitudes of Gabor coefficients for various ridge 
directions and inter-ridge distances are shown in Fig. 
l(c) and 2(c). For visualization, the highest response 
of the corresponding GBF is mapped to the highest 
gray value. 

The Gabor response g of each GBF corresponding 
(YJ) is defined as follows: 

(3) 

where I is a N, x N, input image. Fig. l(d) and 2(d) 
show the corresponding Gabor responses from Fig. 
l(a) and 2(a) after removing the DC value of every 
pixel in the region. From Fig. l(d) and Fig. 2(d), the 
Gabor responses also have twin peaks, and the 
corresponding locations are similar to their Fourier 
power spectra and Gabor coefficients. This means 
that the two corresponding GBFs (in fact, they are the 
same) have the highest responses to the local 
fingerprint image. Moreover, the orientation and 
spatial-frequency of the corresponding GBF can 
represent mainly the local region because the image 
energy concentrates at its frequency. In other words, 
a local fingerprint image can easily be captured the 
main characteristics by using only one GBF. We 
name it as the principal GBF of the local region. 

3. FINGERPRINT RECOGNITION 

3.1 Feature vectors 

Because the principal GBF can exactly capture the 
orientation and spatial-frequency of a local ridge 
structures, the input dimension is reduced from pixels 
to only one GBF. A GBF, determined by (r,s), can 
also be reduced to an index of the complete GBFs. If 
a local region has 16*16 pixels, for example, then 
there are 256 GBFs and the index of the principal 
GBF needs only one byte. That is, the input feature 
vectors are reduced by a factor of 256. 

If two fingerprint patterns are collected from the 
same fingerprint, the ridge directions and inter-ridge 
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distances of the corresponding local regions in 
fingerprint images are very similar. In other words, 
the locations of the corresponding principal GBFs are 
quite near on the spatial-frequency plane, even 
though there is a little rotation. That is, we can 
differentiate.their similarities from the distance of the 
corresponding principal GBFs on the spatial- 
frequency plane. Moreover, the (r,s) of the principal 
GBF just reflects its location on the spatial-frequency 
plane. Although the principal GBF is stored as an 
index value, it is very easily converted to (YJ) by 
division. Therefore, we adopt a set of (rp)  values 
from every local fingerprint images as the input 
feature vectors for recognition. 

3.2 The proposed approach 

The whole procedure, including only three processes, 
is shown in Fig. 6. Comparing two fingerprint 
patterns must be based on the same reference point. 
We use the core point, the topmost point on the 
innermost upward recurving ridge in fingerprint, as 
the reference point. To avoid the error caused by the 
core point detection algorithm, we point out the core 
points of all fingerprint patterns manually. Based on 
the core point, we crop the fingerprint image into 
96x1 12 pixels and divide the cropped image into a 
set of 16x16 non-overlapping regions. According to 
the maximum Gabor responses to find the principal 
GBFs of all regions, 6x7 (r,s) values are obtained for 
each fingerprint image. In the recognition stage, we 
select single nearest neighbor (”) classifier to avoid 
gaining benefits from the classifier. This is because 
we aim at analyzing the influence for the new features 
of fingerprints in recognition. 

4. EXPERIMENTAL RESULTS 

We collect fingerprint patterns with various ink 
pressures from 16 persons. Each person pressed his 
right thumb finger 12 times on a piece of paper. 
Therefore, our fingerprint database contains 192 
inked fingerprint patterns scanned at 200 dpi. 
Although the fingerprint databases of NIST and FBI 
are sampled at 500 dpi, the fingerprint images can be 
recognized at 200 dpi by human eyes. Recognizing 
low quality images is efficient and practicable for a 
small-scale fingerprint recognition system. 
In single NN experiments, k patterns per individual 
are selected as the training database (16k patterns) 
and the rest 16x( 12-4 patterns as the test database. In 
the global approach, we use four directions and set 
the radial frequencies as the reciprocal of the average 
inter-ridge distance to extract the Gabor responses for 
all regions. Except directions and radial Erequencies, 
the other parameters are set the same with the 
proposed approach. The results of recognition rates 
with no rejection option are shown in Table 1. From 
Table 1, we find that the recognition rate of the 
proposed method with only two patterns per 

individual is higher than 95% and all situations are 
superior to the global approach. 

Besides the recognition rates are improved, the 
storage for the features of fingerprint patterns is also 
reduced. In the global approach, a bank of Gabor 
responses, which are floating point values, is stored 
for a local region. Nonetheless, only an unsigned 
integer index value is stored for the principal GBF in 
the local approach. 

5. CONCLUSIONS 

We develop a local Gabor-based approach to extract 
the intrinsic characteristics of a local fingerprint 
image for recognition. The proposed method 
illustrates that the principal GBF can capture the 
main characteristics of ridge orientation and ridge 
frequency when the raw image is transformed into the 
Gabor space. Therefore, the feature dimension of a 
local region can be reduced to an index value. On the 
spatial-frequency plane, according to the locations of 
the principal GBFs, we can measure the similarities 
of two local ridge structures easily. Moreover, the 
recognition rates are also better than the global 
approach. In conclusion, the proposed approach is 
efficient and feasible. 
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Fig. 1 (a) Original images and corresponding (b) 
power spectra (c) coefficients and (d) responses of 
GBFs for various ridge directions. 

Recognition 

Fig. 2 (a) Original images and corresponding (b) 
power spectra (c) coefficients and (d) responses of 
GBFs for various ridge frequencies. 

Fig. 3 Parameters of GBF on the spatial-frequency 
plane. 

Fig. 4 Real components of complete Gabor basis 
functions. 
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Fig. 5 Power spectra of Gabor filters corresponding 
to (a) Oo, (b) 45”, (c) 90”, and (d) 135’ (the radial 
frequencies increase from left to right). 

Local 
Global 

Table 1 Results of recognition rate (?!). 


