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Abstract  Fast and accurate ridge detection in fingerprints is essential to each AFIS (Automatic
Fingerprint Identification System). Smudged furrows and cutridges in the image of afingerprint are major
problems in any AFIS. This paper investigates a new online ridge detection method that reduces the
complexity and costs associated with the fingerprint identification procedure. The noise in fingerprint is
highly correlated and the statistics of such noises are unknown. In this case, image enhancement
techniques based on probabilistic approach may not be suitable. In view of imprecise knowledge about
the fingerprint noise, a fuzzy set theoretical approach would be more effective. A new structural algorithm
for ridge restoration which is based on unsupervised fuzzy classification technique is described. The
accuracy and speed of the proposed method are tested for a large number of fingerprint images with
different initial qualities, and are found to be superior to the conventional methods.
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INTRODUCTION

Fingerprints have been used as a positive human
identifier formore than a century. It is considered one
of the most reliable signs for human discrimination.
The unchangeability of fingerprints during the
human life span and the uniqueness of each
individual's fingerprints are the basis for using
fingerprints for identification purposes [1].

Fingerprint identification is one of the few scientific
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aids to investigate crimes, and it is extensively used
in day to day crime investigations. The fingerprint
matching technique and the matching results are
acceptable to the court of law as conclusive proof of
identity of a person. A fingerprint could be identified
by the shape of ridge lines and their end points
(minutiae) in the fingerprint image (Figure 1). The
court requires a minimum of 8/16 common minutiae
for accepting the identity [2]. There are some other
application for AFIS falling into one of four basic
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Figure 1. A typical set of common minutiae ina fingerprint.

categories: access control (securing area), transaction
control (banking and credit card security), production
processing (personality identification), and latent
print identification (law enforcement).

With the population explosion and the increase in
crime rate, there is an urgent need to develop an
automatic fingerprint recognition system to improve
the efficiency and reliability of personal identification.
The aim of all fingerprinting systems is to produce a
low-cost procedure that is reliable, fast and accurate.
In general, the function of fingerprinting systems can
be categorized into several distinct operations which
include sensing or reading, image processing, print
registration, classification search, comparison, and
verification. More powerful and intelligent image
processing and pattermn analysis techniques are possible
by recent developments in computer technology.
This technology is being used to automate the
fingerprint identification procedure.

In general, the fingerprints are irregular due to
imperfections such as: ridge gaps caused by skin
fold, touching of ridges caused by spreading of ink by
finger pressure or excessive inking or by smearing
during rolling of fingers. Moreover the fingerprint
size is usually small and ridges are quite close.
Therefore, imperfection or noise introduced at any
stage of enlarging and digitization makes the ridge
detection quite difficult. Enhancement of fingerprint
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image isnecessary where ridges are not very prominent
or have non-unjform intensity.

When the quality is not based on an acceptable
standard, automatic fingerprint identification or
verification becomes extremely difficult. Thus, an
AFIS requires special preprocessing algorithms for
the image restoration process in order to preserve
connectivity of the ridge lines. The purpose of this
paper, then, isto investigate ridge detection/restoration
methods that reduce the complexity and costs
associated with the fingerprint identification
procedure.

More specifically, section one reviews the main
approaches, and, presents conventional image
segmentation techniques on fingerprints. Sectiontwo,
introduces the new approach to fingerprint
segmentation, by ridge detection. The approach is
based on the unsupervised fuzzy classification
technique. The results of experiments and their
evaluationis presented in section three. Experimental
results are presented in terms of real fingerprint data
to demonstrate the effectiveness of the proposed
approach. Finally, the general application of the new
method and its possible extensions are considered. It
is argued that this approach has the advantage of
being simple and having a significant improvement
in identification performance.

CONVENTIONAL METHODS

In segmentation of a fingerprint image, a clear ridge
area constitutes the foreground, and any other area
(including smudged or noisy regions) constitutes the
background. Thus, any pixel of the fingerprintimage,
f(x,y), is classified either to ridges, 1, or to
background, ¢:

v (x.y) €{¢,1) ¢V
Image segmentation techniques usually aim at an
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optimal trade off between efficiency and
implementation simplicity, according to the user's
needs. Basically, two different approaches have been
available to segment the fingerprint images: pixel
segmentation methods and neighborhood
segmentation methods. In the pixel segmentation
methods, individual pixel values are manipulated
independently of other pixels. In the neighborhood
segmentation methods, groups of pixels are operated
on either in the space domain or in the spatial-
frequency domain. The operations performed can be
either linear or nonlinear [6,7]. The simplest pixel
segmentation method is to perform a thresholding
operation using an appropriate global threshold, TH,

[8].

@

\If(f(X,y))_—.T if fx,y)<TH

ele  f(x,y)>TH

Although segmentation by a fixed threshold is very
sensitive to smudged and noisy regions, it can be
performed very fast. This is a technique that one
would normally try first when confronted with high
quality fingerprint images. Figure 2 shows the results
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of this technique.

When ridges are not very prominent or have non-
uniform intensity, this method can be improved
by using adaptive segmentation. A daptive
segmentation is performed by manipulating groups
of pixels in small moving windows across the
image. The pixel value in the segmented image is
determined by a function operation on several
pixel values in the moving window in the original
image. This function can be either linear or
nonlinear. One such processisadaptive binarization,
where an M by M window is placed over each pixel
in the image and the average gray level within
the window is computed. Then the center pixel is set
to white or black depending on whether the value
of the pixel is less than or greater than the local
average [9].

i f(x,y)< 5
vExyp={® T TENSTHGY) ®
1 el fRXy)>THR,Yy)
where
MM
LY S fxed, yi) @
TH (X, y) Mzm%F% » Y]

Figure 3 shows the result of the adaptive binarization
algorithm. This technique suffers from noisy regions.

Another example of moving window processing
in the spatial domain is edge enhancement for
highlighting the ridges [10, 11]. These operations can
also be performed in the spatial-frequency domain
such as directional filtering, with less speed but
greater flexibility [ 12]. One of the more sophisticated
spatial-frequency filters is Laplacianfilter. Laplacian
filter accentuates the high spatial-frequency terms
over the low frequency terms. This has the effect of
accentuating edges in the original image while
suppressing the slowly varying gray level components.

Vol. 10, No. 4, November 1997 - 183



This method is very sensitive to noisy regions and
also to the width of the ridges [13].

There are also several segmentation techniques
based onedgedetection[14, 15, 16]. These techniques
suggest that in order to detect the ridges efficiently,
one should search for a filter that has two salient
characteristics. First and foremost, it should be a
differential operator, taking either a first or second
spatial derivative of the image. Second, it should be
capable of being tuned to act at any desired scale, so
that large filters can be used to detect blurry shadow
edges, and small ones to detect sharply focused fine
details in the image. Marr and Hildreth argued that
the most satisfactory operator fulfilling these
conditions is the filter V2 G, here V2 is the Laplacian
operator and G stands for the Gaussian distribution
which has standard deviation 6.V?G is a circular
symmetric Mexican hat-shaped operator whose
distribution in two dimensions may be expressed in
terms of the radial distance, d, from the origin by the

formula:

VG (==L ) o33 5
=4 (1-L e

where d?= x?+ y?. The standard deviation, ¢, could be
proportional to the width of the ridges [12]. Then, the
segmented image can be computed by:

¢ if g&y<TH
1 else g,y)>TH

v (f(x.y) = (6)

where, g(x,y) is the convolution of input image and

V2 G:

g (xy) =V GEy* f(x.y) @)

Figure 4 illustrates the ridges of a fingerprint which
are extracted by using the Marr-Hilderth filter.
Some of the earlier studies cited above [11-19]
suffer from sudden changes in fingerprint intensity,
while some are highly sensitive to noise. At the same
time, most suffer from limitations due to the necessary
conditions requiring large amounts of CPU time, and
iteration processing. Also some have major
shortcomings due to their dependency on manual
initiation or supervision for thresholding assignment.
In those time consuming approaches where the
extraction of ridges is based on directional regions,

Figure 3. Ridges Detection by Marr-Hilderth filter.
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Figure 4. Ridges Detection by Marr-Hilderth filter.
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even though ridge connectivity may be guaranteed,
the extraction of acomplex ridge with sudden rotations

is not accurate [5].

RIDGE DETECTION BASED ON CONTEXTUAL
FEATURE

A good ridge detection method reduces the effect of
poor quality data and improves the fingerprint
classification performance [3, 4, 5]. This method
should not be very sensitive to the contrast in the
image, should detect smudged and noisy regions, and
should give consistent results for a variety of images
expected by the application. In the conventional
fingerprint segmentation, aclearridge area constitutes
the foreground and any other area constitutes the
background.

It is desirable that all vague regions such as the
smudged regions and other such noisy regions be
included in the background.

Typically, the vagueness in the detection of the
ridges is caused by smudged furrows and cut ridges
inthe fingerprintimage. A ridge could be distinguished
on the basis of its intensity feature, using statistical
pattern classification techniques. However, the
intensity of a ridge often has a weak relation to the
finger's dermatoglyphics (it is also related to the
finger's pressure on the screen or the stamp inking).
One might expect the segmentation accuracy to be
higherby using the spectral-contextual feature, rather
than using only the measurement made on the pixels'
intensity without context {20]. The orientation pattern
in the fingerprint which is fuzzy in nature, and its
structural information as a grammar rule [21], can be
incorporated in a ridge detection process.

Ridges have an oriented pattern thus, each ridge
point, r, could be associated with an approximate
direction, call it class 0

0= 1580_ L i=1,2,3,4. ®)
-i
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This " natural association" has a type of imprecision
that stems from a grouping of ridge points into
classes, 8, that do not have sharply defined directions
(for example 6, is almost 45°). Fuzzy set theory is
able to model these classes [22]. Such classes arise
whenever we describe ambiguity and vagueness in
mathematical models of empirical phenomena. Ever
since Zadehintroduced th= idea of fuzzy set theory by
utilizing the concept of membership grade, many
researchers have been concerned with the properties
and application of fuzzy sets, as can be observed in
the literature [23]. Figure 5 depicts steps for proposed
ridge detection,

Let R = {r} denote a space of ridge points. Then
a fuzzy set 0 in R is a set of ordered pairs:

0, = {r, P, M} reR ©)

where i (r) is termed "the grade of membership of r
in®@. " Itis assumed that p(r) is a value in the interval
[0,1], with the grades 1 and O representing full
membership and non membership in the fuzzy set,
respectively. It is interesting to note that the grade of
membership value p(r) of apoint r can be interpreted
as the degree of compatibility of the predicate

lmasge Dats |
Fuzzification |

e

Fimngenprini
Dispitization

'“Fuzzy Inferable | Maxsmium
Rules j— Membership
Translation | Computation

Ridge Detection
& Classification

Figure 5. Flow chart of the proposed ridge detection.
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associated with direction 8 and the ridge r. It is also
possible to interpret i, (r) as the degree of possibility
that r is the value of parameter fuzzily restricted by 6.

The assignment of the membership function of a
fuzzy set is subjective in nature and, in general,
reflects the context in which the problem is viewed.
The assignment of the membership function of the
fuzzy set R is "subjective”, and it cannot be assigned
arbitrarily. The ambiguity in the ridge detection
process can be reduced if the spatial dependencies,
which exist among adjacent pixels, are intelligently
incorporated into the membership function. Based on
this assumption, we now introduce anew membership
function by:

.02

o, (O =X {(1- ar® (8)) (e} (e g m-aa)
i= 1,2, 3, 4 (10)

where, A_is a normalization factor such that the
membership function p (r) € [0, 1].
This membership function has two parts. The first

part, {(1- ou? (8)) (e-***")}, is a match filter which
has high response to a ridge with the direction of 0.
The constant o is the spatial-frequency of ridges in
the fingers, i.e. o' approximately equal to the width
of a ridge plus a furrow. Also, the first part is very
close to the human's retina responses to a ridge with
the direction of 6[10].

S0 2 00.g;
The second part {(e 2" %)

} is aGaussian shape
spatial-filter in the direction perpendicular to 6,
The reason the Gaussian shape for membership
function was chosen, is that Gaussian distribution
has the desirable characteristic of being smooth
and localized in both the spatial and spatial-
frequency domains. Strictly speaking, it has a
unique distribution in  spatial and frequency
domains [9], which are optimally localized in both
domains. Also, the Gaussian part of the membership
function, blurs the image, effectively wiping out all

structures at scales smaller than minutiae, which is
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approximately equals to the width of a ridge plus a
furrow.

The inexactstatement “aridge has an approximate
direction 8," is expressed by r, €R. It is assumed that
an exact comparison is possible for the truths of any
two inexact statements: "r€R" and "r, €R", and that
the exact relation so obtained satisfies the minimal
consistency requirements of transitivity and
reflexivity. The p, (r) > p,, (r) mean "r,is at least as
true asr," and L, (r) <P, (r) denoting "r, is not so true
asr’.

The support of 8 is the set of points in R at which
e, (7) is positive. Based on the above assumptions,
the membership directions of each pixel is computed.
Intuitively, this point belongs to a ridge-class that
admits the highest membership in it, p (r):

4
"l'Bi(r) = ?‘E? u&(r) (1n

The crossover point of 0 is the point in R whose
grade of membership is 0.5. 8 is normal if its height
is 1; otherwise if 0.5 <p (r) <l it is subnormal.
For discrimination of a ridge from a furrow, the
unity relation that mustexist among the pixels of
a ridge is defined. The unity relation is constructed
with regard to the adjacency relation, spectral-
feature and spatial feature characteristics in a
ridge.

When the spectral and spatial features in the
membership function are considered:

if p(r)<0.5 then: yirl=¢
else: check the adjacency relation

And when , the natural structure of fingerprint
pattern, as a grammar rule, has been used for
adjacency relationship test, the consistency of any
ridge is checked by comparing the p (r) with the
perpendicular direction membership, p,, (r):
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Figure 6. Ridge detection by the proposed technique.

ifp,,,,(0<0.5 then: vy {r}=1

else: yirl=¢

It should be noted that: p (r) 2, (r) for all k,
and p (r)>0.5, thus if p, ,(r)>0.5, then the ridge
is in favor of both classes 8,and 6,,[(23]. That
means: W, (r) should be the supremum, not the
U,(r), thus it is a violated case.

In the case of w {r}= ¢, this pixel belongs to
background valleys, in the other case, y {r}=1,
it belongs to aridge. Figure 6 depicts the result
of ridge detection by the above procedure.

The p,,(r) has additional information about the
ridges direction which can be used as a new
identification. If
U, (0>0.5 then the ridge is in favor of both
classes O, and 0, , that means: this ridge is in
favor of both directions 9, and 6+ 45°, which is 6,
+22.5°.

With no cost time, more precise direction of this

feature for fingerprint

ridge point, 8, can be computed by the following
simple algortihm:

International Journal of Engineering

Figure 7. Direction of ridges.

if 11,(r)>0.5 then:
if ug,,,(>0.5 then: 6= 6.+ 22.5°.
else if py, (r)>0.5 then: 6= 6- 22.5°

else 6=10,

Figure 7 depicts the result of ridges classification.

RESULTS

A program, which implements the procedures
described in this paper, was written in C and run on
an IBM compatible PC with 80486 DX4 processor.
The CPU time for each fingerprint is less than 0.5
second. Experimental results are presented in terms
of real fingerprint datato demonstrate the effectiveness
of the proposed approach, (the image sampling rate
was 300 ppi, with 256 gray levels). Example results
show good ridge enhancement and noise reduction
(Figure 8).

The accuracy and the speed of this method were
tested for a large number of fingerprint images with
different initial qualities and were found to be quite
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Figure 8. Leftimages are original fingerprints and the right
are results by the proposed method.

188 - Vol. 10, No. 4, November 1997

superior to conventional methods [8, 11, 12, 14, 17,
19]. The resulting images are enhanced, noise reduced,
and binary.

The segmented image has,additional information
about the ridge's direction which canbe used as anew
feature for fingerprint identification system. Using
the ridge's direction, an extremely fast, on-line, and
accurate algorithm for thinning the fingerprintimages
is developed [25]. the thinning process is based on
erosion of the ridges from both sides (perpendicular
to the ridges direction) towards the ridges' center,
with holding the ridges connectivity constrain. The
result of this algorithm is depicted in Figure 9. The
results have been used for an on line fingerprint
verification system. The system has acquired

significationimprovements inspeed and performance
[25].

SUMMARY AND CONCLUSION

The reliability in the application of fingerprints for
individual identification in a security system is
explained. The main sources of miss recognition in
an automatic fingerprint identification system is also
explained. To realize an AFIS the first problem to be

p

o

A%

e

Figure 9. Example result of thinning algorithm.

e
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solved is the acquisition of a high quality
segmented fingerprint. Noise elimination and
restoration of ridges, which should be incorporated
in the preprocessing operation of an automatic
fingerprint identification system are discussed. In
other words, a robust ridge detection technique is the
first step towards further processing, leading to
efficient encoding, storage, and recognition of a
fingerprint.

An unsupervised fuzzy classification technique
has been used for fingerprint ridge detection. A
new membership function is introduced, by using
the property of oriented pattern in the fingerprints,
which is fuzzy in nature. Also, the structural
information of finger patterns, as a grammar rule,
has been incorporated in the process to enhance
the segmented image. The procedure is on line,
unsupervised and adaptive. Examples show a good
ridge enhancement and noise reduction. It is
revealed that, the segmented image has additional
information about the ridges' direction, which can be
used as a new feature for the fingerprintidentification
system.

The ridge detection is of course a first, but
important, step in a fingerprint recognition system.
Nevertheless, the other steps, such as feature
selection and classifier design, as well as ridge
detection, can improve the cost and performance of
the AFIS [25].
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