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1. Introduction

Fingerprint patterns are full of ridges and valleys and
these structures provide essential information for match-
ing, recognition, and classi"cation. Conventionally, most
researchers use minutiae, a group of ridge endings and
bifurcations, as the features of "ngerprint patterns [1].
Unfortunately, the minutia-based approach contains
many time-consumption steps and relies heavily on the
quality of input images. In "ngerprint images, however,
minutiae are not always clear even though the informa-
tion of ridge directions and inter-ridge distances is
preserved.

To avoid above drawbacks, therefore, we proposed a
Gabor-based approach to extract features directly from
the raw images without involving preprocessing and con-
volution [2]. This approach applied a bank of Gabor
"lters to every region of "ngerprint images and used their
responses as the feature vectors for recognition. That is,
we did not concern the positions of minutiae, but the
responses of a bank of Gabor "lters. To obtain a satisfac-
tory recognition result, nonetheless, this approach needs
a lot of time to "nd a suitable bank of Gabor "lters by
global consideration.

In fact, each local "ngerprint 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 "lters by using only local information. For further
feature reduction, the selected Gabor "lter is mapped to
an index of the complete Gabor basis functions (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

2.1. Power spectra of xngerprint images

In a local "ngerprint image, the ridge directions and
inter-ridge distances are similar. To analyze the phenom-
enon of "ngerprint images in the spatial-frequency
domain, we transfer these images by Fourier transform
and observe their power spectra. Fig. 1(a) shows some
various directions with similar inter-ridge distances and
Fig. 2(a) shows some various inter-ridge distances with
the same orientation. The corresponding 2-D power
spectra are shown in Figs. 1(b) and 2(b), respectively. All
power spectra have two high peaks, which are symmetric
to the origin. According to the ridge direction and inter-
ridge distance, each pair of twin peaks has its particular
position on the spatial-frequency plane. That is, the in-
trinsic characteristics of "ngerprint images are easily
captured in the spatial-frequency domain rather than the
spatial domain.

2.2. Gabor expansion, Gabor responses, and principal
GBF

Because Gabor "lters have the abilities of orientation
selectivity and spatial-frequency selectivity, we use these
"lters to capture the orientation and spatial-frequency of
a local ridge structure. The 2-D complete set of GBFs can
be expressed as [3]
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Fig. 1. (a) Original images and corresponding (b) power spectra (c) responses and (d) coe$cients of GBFs for various ridge directions.

N
�
is the number of spatial samples, (p, q) is the spatial

window center, and � decides the extent of spatial win-
dows. N

�
is the number of spatial-frequency samples and

(r, s) is the location of the frequency center. The angle
� and radial frequency f of GBF are determined by

tan��(s/r) and �(s/N
�
)�#(r/N

�
)�, respectively. Their re-

lationship on the spatial-frequency plane is demonstrated
in Fig. 3. As shown in Ref. [3], the orientation-selective
property of the GBF is obvious in the spatial domain.

A raw image I(x, y) can be expressed as a combination
of the complete 2-D GBFs. The Gabor expansion equa-
tion is
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where c
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is the Gabor coe$cients indicating their im-
portance for image reconstruction. Unfortunately, the

computational complexity of Gabor coe$cients comes
from the non-orthogonality of the GBFs, so we use
Gabor responses instead.

The Gabor response g of each GBF corresponding
(r, s) is de"ned as follows:
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where I is a N
�
�N

�
input image. Figs. 1(c) and 2(c) show

the corresponding Gabor responses from Figs. 1(a) and
2(a). The Gabor responses also have twin peaks and the
corresponding locations are similar to their Fourier
power spectra. This means that the two corresponding
GBFs (in fact, they are the same) have the highest
responses to the local "ngerprint image. The orientation
and spatial-frequency of the corresponding GBF can
represent mainly the local region because the image
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Fig. 2. (a) Original images and corresponding (b) power spectra (c) responses and (d) coe$cients of GBFs for various ridge frequencies.

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

energy concentrates at its frequency. In other words,
a local "ngerprint image can easily be captured the main
characteristics by using only one GBF.We name it as the
principal GBF of the local region. Figs. 1(d) and 2(d)
show the corresponding magnitudes of Gabor coe$-

cients. The corresponding positions of the principal
GBFs are also the brightest.

3. Fingerprint recognition

Because the principal GBF can exactly capture the
orientation and spatial-frequency of a local ridge struc-
tures, 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 for storage. 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 "ngerprint patterns are collected from the same
"ngerprint, the ridge directions and inter-ridge distances
of the corresponding local regions in "ngerprint images
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Fig. 4. Block diagram of the proposed method.

Table 1
Results of recognition rate (%)

k patterns/person 1 2 3

Local 90.9 95.6 97.9
Global 88.6 93.8 96.5

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 rota-
tion. That is, we can di!erentiate their similarities from
the distance of the corresponding principal GBFs on the
spatial-frequency plane. Moreover, the (r, s) of the princi-
pal GBF just re#ects its location on the spatial-frequency
plane. Although the principal GBF is stored as an index
value, it is very easily converted to (r, s) by division. There-
fore, we adopt a set of (r, s) values from every local "nger-
print image as the input feature vectors for recognition.

The whole procedure, including only three processes, is
shown in Fig. 4. To avoid the error from the core point
detection algorithm, we point out the core points of all
"ngerprint patterns manually. Based on the core point,
we crop the "ngerprint image into 96�112 pixels and
divide the cropped image into a set of 16�16 non-over-
lapping regions. According to the maximum Gabor re-
sponses to "nd the principal GBFs of all regions, 6�7
(r, s) values are obtained for each "ngerprint image. In the
recognition stage, we select single nearest-neighbor (NN)
classi"er to avoid gaining bene"ts from the classi"er.

4. Experimental results

To compare with Ref. [2], we use the same "ngerprint
database, which contains 192 "ngerprint patterns from

16 persons. In single NN experiments, k patterns per
individual are selected as the training database (16k
patterns) and the rest 16�(12!k) patterns as the
test database. The results of recognition rates with no
rejection option are shown in Table 1. From Table 1,
we "nd 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 "ngerprint patterns is also reduced. In
the global approach, a bank of Gabor responses, which
are #oating 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 "ngerprint 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 im-
age 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 e$-
cient and feasible.
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