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Constructing a fingerprint database is important to evaluate the performance of an automatic fingerprint
recognition system. Because of the difficulty of collecting samples, there are only few benchmark dat-
abases available. Moreover, it is hard to evaluate how robust the system is against various environments
with those databases. This paper presents a novel method that generates fingerprint images automati-
cally from only a few training samples by using the evolutionary algorithm. Fingerprints generated by
the proposed method include similar characteristics of those collected from the corresponding real envi-
ronment. The proposed method has been verified by comparing with real fingerprints, indicating the use-
fulness of the method.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction fingerprint verification systems. Khanna and Weicheng (1994)
Due to the characteristics of fingerprints such as persistence and
individuality, fingerprint recognition has become one of popular
techniques in personal identification (Jain et al., 1997; Pankanti
et al., 2002) . As the interest on fingerprint recognition grows, people
consider it important to evaluate the robustness of those systems for
practical application (Cappelli et al., 2006; Maio et al., 2002). Perfor-
mance evaluation, mostly dependent on benchmark databases, is a
difficult process because of the scarcity of public fingerprint dat-
abases involving large populations. Except for several popular fin-
gerprint databases such as NIST DB (Khanna & Weicheng, 1994)
and FVC200(0,2,4,6) fingerprint databases (Maio et al., 2002),
developers usually rely on a small-scale database collected by them-
selves to evaluate their system. The construction of fingerprint
databases requires an enormous effort so as to be incomplete, costly
and unrealistic (Cappelli et al., 2000). Moreover, the database should
include samples collected from various environments in order to
estimate the robustness of the fingerprint system under realistic
applications (Simon-Zorita et al., 2003).

In order to measure the performance of fingerprint recognition
systems from various points of view, researchers proposed several
performance evaluation protocols and databases. Jain et al. (2002)
developed a twin-test by measuring the similarity of identical twin
fingerprints, while (Pankanti et al., 2002) theoretically estimated
the individuality of fingerprints. Hong, Yun, and Cho (2005)
reviewed performance evaluation for biometrics systems including
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presented benchmarking using NIST special database 4, and (Maio
et al., 2002) opened several competitions of fingerprint verification
such as FVC200(0,2,4,6). Simon-Zorita et al. (2003) collected MCYT
fingerprint database in consideration of position variability control
and image quality.

Especially, there were some works on the generation of syn-
thetic fingerprint images for constructing fingerprint databases
with little cost and effort. Cappelli et al. developed a software
(SFinGE) that heuristically generates fingerprint images according
to some parameters, where the synthetic databases were used as
one of benchmark databases in FVC200(0,2,4,6) (Cappelli et al.,
2000, 2002; Maio et al., 2002). Even though the synthetic database
resolves some practical problems in collecting fingerprint samples,
it is limited in its reality and applicability.

In this paper, we propose a novel method that generates finger-
print images from only a few initial samples, in which the images
get similar characteristics to ones manually collected from the cor-
responding real environment. When a target environment is given,
the proposed method constructs a set of filters that modifies an
original image so as to become similar to that collected in the envi-
ronment. A proper set of filters is found by the evolutionary algo-
rithm, where the fitness evaluation is conducted based on various
statistics of fingerprints.

2. Background

2.1. Fingerprint recognition

Fingerprints, graphical flow-like ridges and valleys on human fin-
gers, are widely used to discriminate a person from others due to their
fingerprint-image generation with evolutionary filter-bank optimization.
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Fig. 1. Fingerprint features.

Fig. 2. Minutiae-based matching.
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individuality (Jain et al., 1997). Automatic fingerprint identification
systems (AFIS) in great demand acquire fingerprints through various
input devices such as optical or capacitive sensors (Xia & O’Gorman,
2003). Useful features such as singularity and minutiae points (ridge
Fig. 3. Overview of the proposed method (a chromos
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ending and bifurcation) are extracted from the fingerprint as shown
in Fig. 1. Since the quality of fingerprints is easily affected by environ-
ment when capturing images, some spurious minutiae points are ex-
tracted or real minutiae points are often missed. Image enhancement
might be useful to improve the quality of fingerprint images (Hong
et al., 1998; Yun & Cho, 2006). Using the features extracted, the user
is verified by measuring the similarity between the input fingerprint
and users’ templates enrolled in the database as shown in Fig. 2
(Kovacs-Vajna, 2000). In the large-scale fingerprint recognition
system, in order to decrease the number of comparisons, indexing
or classification executes in advance instead of matching against all
the templates (Hong et al., 2005; Senior, 2001).
2.2. The evolutionary algorithm

As a subset of evolutionary computation, the evolutionary algo-
rithm (EA) applies some of natural evolution mechanisms like
crossover, mutation, and survival of the fittest to optimization
and machine learning (Goldberg, 1989). It provides a very efficient
search method working on a population of problem solutions in
forms of chromosomes, and has been applied to many problems
of optimization and classification (Hong & Cho, 2006). The basic
procedure is as follows.

t = 0;
InitializePopulation P(t);
Evaluate P(t);
while not done do
om

fin
t = t + 1;
P0 = SelectParents P(t);
Recombine P0(t);
Mutate P0(t);
Evaluate P0(t);
P = Survive P, P0(t);

end_while
e encodes a set of filters in the given order).

gerprint-image generation with evolutionary filter-bank optimization.
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Table 1
Image filters used in this paper.

Group Filter Type Effect Number

Histogram Brightness 3 values Brightness value control 1–3
Contrast 3 values Contrast value control 4–6
Stretch – Stretching histogram of images 7
Equalize – Equalization histogram of images 8
Logarithm – Logarithm histogram of images 9

Mask Blur 6 masks Smooth images 10–15
Sharper 4 masks Sharpen images 16–19
Median 10 masks Noise elimination 20–29

Morphology Erosion 10 masks Eliminate single-pixel bright spots from images 30–39
Dilation 10 masks Eliminate single-pixel dark spots from images 40–49
Opening 10 masks Clean up images with noise 50–59
Closing 10 masks Clean up images with object holes 60–69

None (no operation) 0

Fig. 4. Example masks (upper: a mask is a shape of real value components signifying the intensity for convolution) and structuring elements (lower: a structuring element is a
shape of binary components for morphological operations).

P1 P2

C P3

P4

Fig. 5. A mask for calculating directional contrasts.
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Each chromosome encoded by a string is converted into a prob-
lem solution, which is then evaluated according to an objective
scoring function to product the fitness. Following fitness evalua-
tion, a new population of chromosomes is generated by applying
a set of genetic operators to the original population. The basic
genetic operations are selection, crossover and mutation. The
selection process copies parent chromosomes into a tentative
new population. The number of copies reproduced for the next
generation by an individual is expected to be directly proportional
to its fitness value.

The crossover recombines genetic material of two parent
chromosomes to produce offspring on the basis of crossover
probability. Provided that two chromosomes were a = (1305)
and b = (3223), one-point crossover at the third point produces
two new chromosomes, a0 = (1323) and b0 = (3205). The mutation
selects a random position of the string and change the value ran-
domly. For instance, if mutation is applied to the fourth value of
string a0, the transformed string becomes (1324). This process
continues until an acceptable solution is found.

3. Proposed method

3.1. Overview

The proposed method is composed as shown in Fig. 3. The pro-
cedure is similar to that of a simple EA, but fitness evaluation is
Please cite this article in press as: Hong, J.-H., et al. Environmentally realistic
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designed for obtaining a filter set that generates fingerprint
images corresponding to a given environment. In the initialization
step, parameters for the EA are set including population size, the
maximum number of generations, the length of chromosomes,
selection strategy, selection rate, crossover rate and mutation rate.
The length of chromosomes means the size of a filter composed,
where each gene in the chromosome represents the correspond-
ing filter in the pool of filters. It encodes the different operations
of filtering to which a set of fingerprints pass though in a given
order. A target environment should be also determined in initial-
ization so that the proposed method can generate images having
the similar characteristics of fingerprints collected by that envi-
ronment. Only a few samples are required to calculate several sta-
tistics for the target environment to evaluate the fitness of
chromosomes.

After initializing population, the proposed method iteratively
conducts fitness evaluation, selection, crossover and mutation un-
til a terminal condition is satisfied, in which the last 3 steps work
the same as the EA. Especially, the fitness of a chromosome is esti-
mated by calculating the similarity between a few real images
from the target environment and images generated through filter-
ing. According to the genes’ value of the chromosome, filters are
determined to apply for images of the training database. If we col-
lect some samples from an environment which we target, the pro-
posed method automatically analyzes the environment and finds
out a set of proper filters without any expert knowledge.
3.2. Image filter pool

Popular image filters are used to construct a filter set that pro-
duces similar effects from real environments. Even though each fil-
ter has a simple effect as shown in Table 1, they might produce
various results when appropriately compounding with each other.
The order and type of filters used in the filter set are determined by
fingerprint-image generation with evolutionary filter-bank optimization.
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Fig. 6. Singularity of fingerprints.
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the EA, where it is practically impossible to test all the cases with
the filters given. Table 1 shows the description of image filters used
in this paper. Image filters are widely used to reduce noises in
images, smooth images, or stress the focus of images (Gonzalez &
Woods, 1992; Jain, 1989). Typically, there are several categories
of image filters such as histogram-based filters, mask filters and
morphological filters (Garcı́a-Cabrera et al., 1996; Tocnaye &
Hillion, 1992). Various parameters like types make the effect of fil-
tering more diverse. In total 70 filters construct the pool of filters.

3.2.1. Histogram
Referring to a histogram of the pixel intensity values, the histo-

gram of an image is a graph showing the number of pixels in an im-
age at each different intensity value. Since an 8-bit grayscale image
that is often used to represent fingerprints has 256 different possi-
ble intensities, the histogram consists of 256 numbers showing the
distribution of pixels amongst those grayscale values.

For a given scale s(�100 6 s 6 100), ‘histogram brightness’
adjusts the value of a pixel p as follows:

vnewðpÞ ¼ voldðpÞ þ
voldðpÞ � s

100

For a given scale s(�127 6 s 6 127), ‘histogram contrast’ adjusts
the value of a pixel p as follows:
Fig. 7. Procedure of ex
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vnewðpÞ ¼ voldðpÞ þ
ðvoldðpÞ � 128Þ � s

128

Contrast stretching improves the contrast in an image by span-
ning the range of intensity values into a desired range of values.
After specifying the upper and lower pixel value limits (a and b,
respectively) and finding the lowest and highest pixel values (c
and d, respectively) currently present in the image, ‘histogram
stretching’ scales each pixel p as follows:

vnewðpÞ ¼ voldðpÞ � c � b� a
d� c

� �
þ a

‘Histogram equalization’ assigns the intensity values of pixels in
an image so that the output image has a uniform distribution of
intensity distributions. Each pixel is assigned a new intensity value
in consideration of the previous intensity levels of other pixels,
where the new value of the intensity level j is calculated as follows.

Oj ¼
Xj

i¼0

Ni

T
; T : total number of pixels in the image
3.2.2. Mask
Masking, often called convolution, is a simple mathematical

operation that linearly combines certain pixel values of an input
image according to the mask type shown in Fig. 4 to calculate out-
put pixel values. A mask slides from the top left corner to the bot-
tom right corner of the image, and the value of each pixel is
calculated by summing values of multiplying together the mask
value and the underlying image pixel values within the mask
(m � n) as follows:

Oði;jÞ ¼
Pm
k¼1

Pn
l¼1

Iðiþk�1;jþ l�1Þ�Mðk; lÞ

Iði;jÞ : intensity of the underlying image pixel of ith low and jth column
Mði;jÞ : intensity of the mask cell of ith low and jth column

According to the shape and cell intensity of a mask, it can
produce various effects including blurring or sharpening.
tracting minutiae.

fingerprint-image generation with evolutionary filter-bank optimization.
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Table 2
Types defined for extracting minutiae.

Symbol Algorithm Human expert Probability

ee Ending point Ending point PðEEÞ ¼
PN

i¼1
nðeeiÞ
n Ei

eð Þ �
1
N

be Bifurcation point Ending point PðBEÞ ¼
PN

i¼1
nðbeiÞ
n Ei

eð Þ �
1
N

ne Nothing Ending point PðNEÞ ¼
PN

i¼1
nðneiÞ
n Ei

eð Þ �
1
N

eb Ending point Bifurcation point PðEBÞ ¼
PN

i¼1
nðebiÞ
n Bi

eð Þ �
1
N

bb Bifurcation point Bifurcation point PðBBÞ ¼
PN

i¼1
nðbbiÞ
n Bi

eð Þ �
1
N

nb Nothing Bifurcation point PðNBÞ ¼
PN

i¼1
nðnbiÞ
n Bi

eð Þ �
1
N

en Ending point Nothing PðENÞ ¼
PN

i¼1
nðeniÞ
n Ei

dð Þ
� 1

N

bn Bifurcation point Nothing PðBNÞ ¼
PN

i¼1
nðbniÞ
n Bi

dð Þ
� 1

N
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The median filter considers the neighbors of each pixel like
most mask-based filters, but replaces the pixel with the middle-
valued pixel after numerically sorting all the pixel values in the
mask instead of summation.
3.2.3. Morphology
For given binary image and structuring element, morphological

operators combine them using a set operator such as intersection,
union, inclusion and complement. According to the shape of struc-
turing element shown in Fig. 4, they can process objects in the
image. Especially, ‘dilation’ is one of the two basic operators of
morphology. It gradually enlarges the boundaries of regions of
foreground pixels, and the areas of foreground pixels grow in size
while holes within those regions become smaller. As the other
morphology operator, ‘erosion’ erodes away the boundaries of
regions of foreground pixels, so that areas of foreground pixels
shrink in size while holes within those areas become larger.

‘Opening’ and ‘closing’ are derived from the fundamental oper-
ations of ‘erosion’ and ‘dilation’. ‘Opening’ removes some of the
foreground pixels from the edges of regions of foreground pixels
like ‘erosion’, but less destructive than ‘erosion’ in general. Fore-
ground regions similar to the shape of the structuring element pre-
serve, while the other regions are eliminated. ‘Closing’ tends to
enlarge the boundaries of foreground regions to preserve back-
ground regions that are similar to the shape of the structuring
element.
3.3. Fitness evaluation

The fitness of a filter set is estimated by measuring the similar-
ity between fingerprints collected from the target environment
Fig. 8. Examples of the b
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and images generated by the composite filter. Several representa-
tive features of fingerprints, such as the mean and variance of
images, directional contrasts, average ridge thickness, average
ridge interval, singularities and minutiae, are used to design the fit-
ness evaluation function. As mentioned before, fingerprints are
easily affected by an input environment, where the statistics of fin-
gerprints obtained might manifest the environment.

3.3.1. Mean & variance
The mean and variance of a gray-level fingerprint image are de-

fined as follows. The mean indicates the overall gray level of the
image and the variance signifies the uniformity of the gray values.
I(i, j) represents the intensity of the pixel at the ith row and jth col-
umn and the image I is defined as an N �M matrix.

Mean ¼ 1
NM

PN�1

i¼0

PM�1

j¼0
Iði; jÞ

Variance ¼ 1
NM

PN�1

i¼0

PM�1

j¼0
ðIði; jÞ �MeanÞ2
3.3.2. Directional contrast
A fingerprint is divided into a number of non-overlapping

blocks to compute the block directional difference (directional con-
trasts). Using the mask in Fig. 5, the slit sum Si, i = 1,2,3,4 is calcu-
lated in respect to the center pixel C of the block,

Si ¼
P4
i¼1

Pi

block directional difference ¼ SumðjSmax � SminjÞ

where Smax = Max{Si, i = 1,2,3,4} and Smin = Min{Si, i = 1,2,3,4}.
Pi denotes the gray-level value in the ith direction. Smax and Smin

appear in each valley (white) pixel and in each ridge (black) pixel,
respectively. Therefore, a directional contrast of a block has a large
value when the block is in good quality. In other words, ridge
structures are characterized as well-separated. Blocks in bad qual-
ity has the small value of directional contrasts, which means that
ridge and valley are not distinguished in each other.

3.3.3. Thickness & interval of ridges
The ridge thickness and interval are obtained using gray level

values for each block in the direction normal to the orientation
of ridges. After computing those values for each block, the average
ridge thickness and interval are obtained over the whole image.

Orientation is obtained by accumulating block orientation along
each horizontal row and vertical column of image blocks as follows
(Hong et al., 1998).

(1) Divide I into blocks of size x �x.
enchmark database.

fingerprint-image generation with evolutionary filter-bank optimization.
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Fig. 9. Feature analysis for the training data.
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Table 3
Singularity analysis for the training data (M: # of missing singularities, T: # of true singularities,
S: # of spurious singularities, E: # of extracted singularities).

High pressure (%) Middle pressure (%) Low pressure (%)

M=T 15.8 10.5 15.8
S/E 23.8 15 23.8
1 � (M + S)/(T + E) 84.2 89.5 84.2

Table 4
Experimental setting.

Parameter Value

Generation 200
Population size 50
Chromosome length 5
Selection rate 0.7
Crossover rate 0.7
Mutation rate 0.05
Elitist-strategy Yes
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(2) Compute the gradients dx(i, j) and dy(i, j) at each pixel (i, j)
with the Sobel operator.

(3) Estimate the local orientation of each block centered at pixel
(i, j) using the following equations:

Vxði; jÞ ¼
Piþw

2

u¼i�w
2

Pjþw
2

v¼j�w
2

2@xðu;vÞ@yðu;vÞ

Vyði; jÞ ¼
Piþw

2

u¼i�w
2

Pjþw
2

v¼j�w
2

@2
x ðu; vÞ@

2
yðu; vÞ

� �

hði; jÞ ¼ 1
2 tan�1 Vyði;jÞ

Vxði;jÞ

� �

where h(i, j) is the least square estimate of the local ridge orientation
at the block centered at pixel (i, j). It represents the direction orthog-
onal to the direction of Fourier spectrum of the x �x window. In
this paper, we set x = 16 and feature values are normalized be-
tween 0 and 1.
3.3.4. Singularity
As shown in Fig. 6, singularity is detected by using the poincare

index (Bazen & Gerez, 2002), which is a popular method to com-
pute core and delta points based on the orientation field.

Let Sd = {sd1,sd2, . . . ,sdn} be the set of n singular points detected
by the algorithm, and Se = {se1,se2, . . . ,sem} be the set of m singular
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Fig. 11. Fitness through evolution (left:
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points identified by human experts in an input fingerprint image.
The following sets are defined with N training samples.

� Missing singularity (a): A set of singular points located within
the tolerance distance from singularity se but not singularity
sd, which means that the poincare index cannot detect the point.
� Spurious singularity (b): A set of the points located within the

tolerance distance from singularity sd but not singularity se,
which is detected by the poincare index but not a real singular
point.
� Paired singularity (p): A set of points where sd and se are paired if

sd is located within the tolerance (20 pixels) centered around se.
PðaÞ ¼
XN

i¼1

nðaiÞ
n Si

e

� �� 1
N

PðbÞ ¼
XN

i¼1

nðbiÞ
n Si

d

� �� 1
N

PðpÞ ¼ 1�
XN

i¼1

ðnðaiÞ þ nðbiÞÞ
n Si

e

� �
þ n Si

d

� �� �� 1
N

3.3.5. Minutiae
Minutiae points including ending and bifurcation are extracted

as shown in Fig. 7. The orientation of an input image is estimated,
and then the quality of the image becomes enhanced by prepro-
cessing such as defining the foreground region and Gabor filtering.
Finally, ending and bifurcation points are easily detected from an
image, in which ridges are thinned. Details of the process are de-
scribed at (Jain et al., 1997).

Let Ed = {ed1,ed2, . . . ,edn} be the set of n ending points and
Bd = {bd1,bd2, . . . ,bdm} be the set of m bifurcation points detected
by the algorithm, while Ee = {ee1,ee2, . . . ,eek} be the set of k ending
points and Be = {be1,be2, . . . ,bel} be the set of l bifurcation points
identified by human experts in an input fingerprint image. Several
possible cases can be defined for N training samples as shown in
Table 2.
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fingerprint-image generation with evolutionary filter-bank optimization.
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Fig. 12. Fingerprints produced by the proposed method.

Table 5
Filter sets obtained through evolution.

High Low

1st 15 37 21 0 22 0 34 18 0 44
20th 51 37 0 0 0 0 9 7 41 0
40th 16 37 66 59 0 0 0 8 41 0

Index Description Index Description

7 Histogram (Equalize) 8 Histogram (Stretch)
9 Histogram (Logarithm

operation)
15 Sharpen (Highpass 3 � 3

#1)
16 Sharpen (Highpass 3 � 3 #2) 18 Sharpen (Highpass 3 � 3

#4)
21 Median (Diamond 3 � 3) 22 Median (Diamond 5 � 5)
34 Erosion (X 3 � 3) 37 Erosion (Vertical 1 � 3)
41 Dilation (Diamond 3 � 3) 44 Dilation (X 3 � 3)
51 Opening (Diamond 3 � 3) 59 Closing (Rectangle 3 � 3)
66 Closing (Horizontal 3 � 1)

Table 6
Singularity analysis for the test data (M: # of missing singularities, T: # of true
singularities, S: # of spurious singularities, E: # of extracted singularities).

(GE/true) High pressure (%) Middle pressure (%) Low pressure (%)

M/T (5.9/6.3) 5.9 (5.9/11.8)
S/E (11.1/21.1) 5.9 (5.9/6.3)
1 � (M + S)/(T + E) (94.1/93.8) 94.1 (94.1/88.2)
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3.3.6. Fitness function
With these various statistics for fingerprints, the fitness evalua-

tion function, in which weights are heuristically determined, is de-
fined as follows. The statistics of the target environment is
calculated from the environment database. All the values are nor-
malized from 0 to 1.

fitnessðiÞ ¼ w1 � ðmeani �meantargetÞ þw2 � ðvariancei

� variancetargetÞ þw3 �
X4

j¼1

contrastj
i � contrastj

target

� �

þw4 � ðthicknessi � thicknesstargetÞ þw5 � ðintervali

� intervaltargetÞ þw6 � ððpiðaÞ � ptargetðaÞÞ þ ðpiðbÞ
� ptargetðbÞÞ þ ðpiðpÞ � ptargetðpÞÞÞ þw7 � ððpiðeeÞ
� ptargetðeeÞÞ þ ðpiðbeÞ � ptargetðbeÞÞ þ ðpiðneÞ
� ptargetðneÞÞ þ ðpiðebÞ � ptargetðebÞÞ þ ðpiðbbÞ
� ptargetðbbÞÞ þ ðpiðnbÞ � ptargetðnbÞÞ þ ðpiðenÞ
� ptargetðenÞÞ þ ðpiðbnÞ � ptargetðbnÞÞÞ
Please cite this article in press as: Hong, J.-H., et al. Environmentally realistic
Expert Systems with Applications (2011), doi:10.1016/j.eswa.2011.12.010
4. Experimental result

4.1. Experimental environment

We verify the usability of the proposed method by comparing
fingerprints collected from real environments and fingerprint gen-
erated. A fingerprint database, used in this work, are collected by
Computer Vision Laboratory in Inha University, in which three fin-
gerprints images are captured from each finger according to the in-
put pressure (high (H), middle (M) and low (L)) as shown in Fig. 8
(Kang, Lee, Kim, Shin, & Kim, 2003). Forty two fingerprint images of
fourteen fingers are used as the training data, while forty five fin-
gerprint images of fifteen fingers are composed of the test data. In
the experiment, we aim to generate fingerprints of high and low
pressure from fingerprints of middle pressure. With the training
data, two filter sets (M ? H, M ? L) are evolved by the proposed
method for two environments of high and low pressures, respec-
tively. Real fingerprints of high and low pressure in the training
data are used to calculate the statistics of target environments as
shown in Fig. 3. After evolution, the test data is used to estimate
the performance of the proposed method by measuring the simi-
larity between real fingerprints of high and low pressures and
fingerprints generated by the filters from fingerprints of middle
pressure.

Figs. 9, 10 and Table 3 show the distribution of features for the
training data. The input pressure affects the value of fingerprint
features, which might also influence the performance of fingerprint
recognition. The ridges of highly pressed fingerprints are easily
connected so as to produce spurious bifurcation points, while
fingerprints of low pressure are apt to generate spurious ending
points. It is natural that the thickness and interval of ridges are
fingerprint-image generation with evolutionary filter-bank optimization.
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Fig. 13. Feature analysis for the test data.
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Fig. 14. Minutiae analysis of the test data.

J.-H. Hong et al. / Expert Systems with Applications xxx (2011) xxx–xxx 11

Please cite this article in press as: Hong, J.-H., et al. Environmentally realistic fingerprint-image generation with evolutionary filter-bank optimization.
Expert Systems with Applications (2011), doi:10.1016/j.eswa.2011.12.010

http://dx.doi.org/10.1016/j.eswa.2011.12.010


12 J.-H. Hong et al. / Expert Systems with Applications xxx (2011) xxx–xxx
divided to the input pressure. On the other hand, singularity is less
affected by the input pressure since it is calculated by the global
feature like orientation. Fingerprints, collected in the environment
of middle pressures, show better performance in extracting minu-
tiae points than the others. Especially, eb and be of extracting
minutiae strongly show the trend of effects of the input pressure.
The result of en and bn signifies that too high or too low input pres-
sures might affect badly so as to produce spurious minutiae points.

Parameters of the EA in the experiment are set as shown in
Table 4. At most five filters are used to compose a filter set because
the size of chromosomes is set as five. Roulette-wheel selection is
used as a basic selection mechanism. Weights used in the fitness
function are set as (1,1,1,2,2,1,3).

4.2. Result analysis

Better filter sets are found by the proposed method through
evolution as shown in Fig. 11. The maximum and average fitness
increase as the generation grows for both target environments.
Fig. 12 shows resulting fingerprints that show similar figures to
those collected from the target environments, while Table 5 pre-
sents the best filter sets obtained in each generation.

We have analyzed the resulting fingerprints by comparing with
fingerprints collected from the target environment. As shown in
Fig. 13, the statistics of the fingerprints of middle pressure has
been changed to those calculated from the target environments,
especially for mean, directional contrasts, ridge thickness and
interval. Since singularity is hardly dependent on the orientation
of original images, however, we cannot correctly model the target
environment with the proposed method as shown in Table 6.
Fig. 14 shows that the proposed method is very useful in the distri-
bution of minutiae extracted, where the generated fingerprints
show similar aspect to those of the target environments in most
cases of extracting minutiae points. GE-high and GE-low signify
the results of the proposed method.

5. Conclusion

In this paper, we have proposed a novel method for automatically
generating fingerprint images by using the EA. Various simple image
filters are used to construct a composite filter where the EA searches
their proper types and order. We have conducted experiments on
the real database collected according to the input pressure, where
the fingerprints generated by the proposed method showed the sim-
ilar characteristics to those collected from real environments in
terms of various statistics of fingerprint images. The images gener-
ated might be used to not only evaluate the performance of finger-
print recognition systems, but also tune the systems. Moreover,
Please cite this article in press as: Hong, J.-H., et al. Environmentally realistic
Expert Systems with Applications (2011), doi:10.1016/j.eswa.2011.12.010
the proposed method has the applicability to the fingerprint image
enhancement by modifying the fitness evaluation module.

As the future work, in order to represent fingerprints more pre-
cisely, we will develop a fingerprint model that characterizes them
with various measures. Heuristic filters that deform fingerprints
might be used to include various effects into them.
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