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Abstract

The paper is about designing a fingerprint recognition
system that makes use of the directional micropattern his-
tograms of fingerprint image for local ridge orientation cal-
culation, core point detection, and feature extraction. An
improved learning vector quantization network is also pro-
posed to avoid the unfairness of the winning rate and to
determine a proper number of hidden units. Experimen-
tal results show that the recognition rate of the proposed
method is 99.62%for a small-scale fingerprint database.

1. Introduction

Because of durability and uniqueness, fingerprints have
been widely applied in several fields of personal identifi-
cation including criminal identification and access control.
However, a reliable and efficient fingerprint recognition sys-
tem is difficult achieved, due to a number of factors such
as different impression pressure, rotation, rolling, perturba-
tion, epidermal condition, errors from acquisition devices,
and problems of inked fingerprint (uneven, over or insuf-
ficient ink). Therefore, it is very important for fingerprint
representation to endure above problems and still preserve
sufficient information for recognition.

Fingerprints are full of ridge and valley structures. These
structures preserve global information (ridge orientation)
and local information (minutiae, including ridge endings
and bifurcations). For a large-scale database, convention-
ally, fingerprint recognition is carried out at two different
levels. At the coarse-level fingerprints are classified into
some classes based on their global structure information
[3, 4]. The fine-level recognition is performed by compar-
ing the minutiae sets between the input and the template
patterns [2, 8].

The main steps for minutia-based fingerprint recognition

are image acquisition, enhancement, ridge extraction, thin-
ning, minutia detection, and matching [2, 8]. However, this
approach is very sensitive to the noise and deformation. For
instance, ridge endings may disappear because the finger
is pressed too hard and bifurcations may also disappear for
insufficient pressure [10]. Moreover, the acquisition equip-
ment and the preprocessing steps may destroy or create false
minutiae. In other words, the performance of minutia ex-
traction algorithm relies heavily on the quality of input im-
ages and the accuracy of every preprocessing step. Never-
theless, fingerprint images are not always have well-defined
ridge structures and the computations for thinning, minutia
detection, and matching are expensive.

In this paper, we will propose using the directional mi-
cropattern histogram [4] to represent the ridge structures.
The proposed fingerprint recognition method consists of the
processing steps of image enhancement, binarization, fea-
ture extraction (including core point detection), and recog-
nition, as shown in Fig. 1. It is no need for thinning, minu-
tiae detection, and matching. At last, we will use a small-
scale fingerprint database to test the performance of these
features with LVQ networks.
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Figure 1. Block diagram of proposed method

2. Preprocessing

2.1. Image acquisition

For fingerprint acquisition, in general, there are two pri-
mary methods: inked (off-line) and inkless (on-line). The



inkless method using a CCD-based device to capture finger-
print images is suitable for on-line fingerprint verification.
Relatively, the inked fingerprint images can be more com-
plicated because some problems may arise from shift, rota-
tion, rolling and the ink pressure but are suitable for off-line
fingerprint recognition. We are aimed to develop a recogni-
tion system for the inked fingerprint images.

In our database, we collected 288 inked fingerprint im-
ages from 12 persons (24 images per finger) and captured
their digital format with a scanner at 200dpi and 256 gray-
level resolution. Although NIST fingerprint databases [9]
are sampled at 500dpi, fingerprint images can be recog-
nized at 200dpi by human eyes. For a small-scale finger-
print recognition system, the use of low-resolution images
is efficient and practicable.

2.2. Fingerprint enhancement and binarization

The ridge structures in the digitized fingerprint images
are not always well defined. Therefore, many methods have
been proposed to enhance the raw fingerprint images [1, 6].
To obtain clear ridge structures efficiently, we apply the
simple and fast method including smoothing, enhancement,
smoothing and enhancement. After having the clear ridge
structures, the binarized image is obtained by put the gray-
scale image through an adaptive threshold mean value. Al-
though the result of this method is not the best for finger-
print enhancement, the binarized images can be obtained
quickly and still preserve sufficient information for recog-
nition. In [1], the use of Gabor filters to enhance the raw
fingerprint image can obtain better ridge structures if the
associated parameters are properly tuned. Otherwise, the
enhancement function of Gabor filters may not be achieved,
but the smoothing function may appear.

3. Feature extraction

3.1. Directional micropattern histogram and local
ridge orientation

In a 2 � 2 binarized image, there are 16 micropatterns.
Except the all white and all black, the micropatterns can be
classified into five types, as shown in Fig. 2, correspond-
ing to0Æ; 45Æ; 90Æ; 135Æ, and undefined directional compo-
nents, respectively. Because the Type V may be45Æ; 135Æ

or noise, this type is discarded. The directional micropattern
histogram, a histogram of four types of micropatterns, is ob-
tained to represent the ridge structure of each8 � 8 block.
According to the directional micropattern histograms, the
local ridge orientation of each block is computed as follows:
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where hk is the histogram value of Typek and �k =
�(k�1)=4; k = 1; : : : ; 4: Except the representation of local
ridge orientation, the directional micropattern histograms
have more information than just the local ridge orienta-
tion. In Fig. 3, for example, their directional micropattern
histograms are different: (0,33,0,0), (0,48,0,0), (1,39,0,0),
and (2,31,5,1); but their local ridge orientations are similar:
45Æ; 45Æ; 43:9Æ, and50:8Æ, respectively.

Figure 2. Five types of micropatterns.
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Figure 3. Some examples of the same orien-
tation: (a) normal, (b) wide, (c) ridge ending,
and (d) bifurcation.

is about

3.2. Core point detection

In the recognition stage, the comparison of two finger-
prints must be based on the same reference point. The core
point, the topmost point on the innermost upward recurv-
ing ridge, is the outstanding feature in fingerprints. We use
this point as the reference point. Poincare index [4, 2] or
structure information [7] can be applied to find the singu-
lar points including the core and delta points. However,
these methods must compute the local ridge orientation and
search the whole fingerprint image. To overcome the above
problem, we develop a fast method to detect the core point
by using directional micropattern histograms directly.

The following properties can be found by observing fin-
gerprint images:

1. The intersections of the radii of curvatures for upper
ridges are always near the core point.



2. The directional micropattern histograms of the adja-
cent blocks of the core point block have the following
properties: In the left block, the sum of the histogram
values of45Æ and90Æ must be much larger than that
of 135Æ. In the right block, similarly, the sum of the
histogram values of135Æ and90Æ must be much larger
than that of45Æ. Moreover, the histogram value of0Æ

of the upper-block must be much larger than that of the
core point block. We can rewrite above properties as
the following criteria:

h2(x� 1; y) + h3(x� 1; y) � h4(x� 1; y)(2)

h4(x+ 1; y) + h3(x+ 1; y) � h2(x+ 1; y)(3)

h1(x; y � 1) � h1(x; y) (4)

According to above properties, we develop a fast algo-
rithm to detect the core point:

1. Sample some points in the upper part of the fingerprint
and find the average of the points at the intersections
of the radii of curvatures.

2. Search the neighborhood of the intersection and use
Eq. 2-4 to find the core point block.

(a)

(b)

Figure 4. Detected core points: (a) the same
and (b) different fingerprint patterns.

Fig. 4 shows some core points detected by the proposed
method. The detected core points are central to the forma-

tion of feature vectors. The directional micropattern his-
tograms of some fixed image blocks around the core points
will be used as the input feature vectors for the neural net-
work decision stage. According to the core point, we divide
the fingerprint image into a set of8 � 8 non-overlapping
blocks. To compare the influences of different sizes of in-
put feature vectors, we use several different number of im-
age blocks, namely,7�5; 9�7; 11�9, and13�11 blocks,
as chosen from around the core point. Therefore, the size
of the input feature vectors are7� 20; 9� 28; 11� 36, and
13� 44, respectively.

4. Fingerprint recognition using LVQ net-
works

We select learning vector quantization (LVQ) [5] as the
recognition mechanism. LVQ networks can approximate
the training set by a representative set of codebook vectors.
During the training process, the problem of the unfairness
of the wining rate in the hidden layer may occur. We pro-
pose the following modified learning vector quantization to
improve the training process. Suppose that codebook vector
wC is the closest to the input vectorxi andwD is the corre-
sponding one to the desired output. The proposed learning
algorithm for the codebook vectorsw is described as fol-
lows:
If xi andwC belong to the same class,

wC(n+ 1) = wC(n)� �1(n)(xi � wC(n)):

If xi andwC belong to different classes,

wC(n+ 1) = wC(n)� �1(n)(xi � wC(n));

wD(n+ 1) = wD(n) + �2(n)(xi � wD(n));

where0 < �1(n); �2(n) < 1 and decreases monotonically
with the number of iterationsn. The number of the hidden
layer units in LVQ, in general, is obtained empirically. The
following simple algorithm can be used to help determine
the number of the hidden layer units.

1. Assign each unit of hidden layer corresponding to each
class and train the network until it converges.

2. Stop learning if this network can recognize all training
patterns. Otherwise, add one hidden layer unit cor-
responding to the desired output class of the training
pattern which cannot be recognized and its codebook
vector is set the same as the training pattern. Retrain
the network and repeat this step.

5. Experimental results

Two training sets are used: the first one is with one pat-
tern per class and the second one with two patterns per class.



The remaining patterns are put to the test set. In the LVQ
network, as shown in Fig. 5, the initial number of the hidden
layer units are set equal to that of the classes. The recogni-
tion results with no reject option are shown in Table 1.

Figure 5. LVQ networks for 7� 5� 4 input
vectors.

Table 1. Recognition rate.
Training set 7� 5 9� 7 11� 9 13� 11

1 80.68 89.02 92.70 96.21
2 87.88 93.56 98.11 99.62

From Table 1, we find that the accuracy can reach more
than 90%when the block number is more than9 � 7, and
even 99.62%for 13 � 11 in the second training set. The
proposed approach using the directional micropattern his-
togram features is very suitable for ridge structures repre-
sentation in fingerprints. It also has the advantage of using
only one or two training patterns per class.

The purpose of the next experiment is to know how many
units of the hidden layer per class are needed when the accu-
racy reaches 100%for our fingerprint database. The exper-
imental results are shown in Table 2. We find that the LVQ
network can adaptively grow the hidden layer units and
need only one or two hidden layer units per class when the
block number is more than9� 7 for 100%accuracy. If two
classes are alike, more than one hidden unints are needed
for discriminating each other in detail, such as class B and
K. From above results, we found that the feature space of
directional micropattern histograms around the core point
is very promising for fingerprint ridge structures represen-
tation.

6. Conclusion and future work

We have successfully applied directional micropattern
histogram features and LVQ to fingerprint recognition. The

Table 2. No. of hidden layer units per class.
Feature sizeA B C D E F G H I J K L Total

7� 5 3 3 3 1 3 3 2 2 1 3 2 1 27
9� 7 2 2 2 1 1 2 2 1 1 2 2 1 19
11� 9 1 2 2 1 1 1 1 1 1 1 2 1 15
13� 11 1 2 1 1 1 1 1 1 1 1 2 1 14

performance of the proposed method can reach 99.62%ac-
curacy when testing a small-scale fingerprint database that
was sampled at only 200dpi with two training patterns per
class. The representation of ridge structures using direc-
tional micropattern histograms is promising in facilitating
efficient preprocessing and is robust in low image quality.
The directional micropattern histogram features can also be
applied to local ridge orientation computation and to the
core point detection. Our future works are to develop an
algorithm to directly extract directional information from
gray-scale fingerprint image and test the algorithm with a
large-scale fingerprint database.
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