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Abstract

Overlapping fingerprints are naturally abundant and pose great difficulty for proper identification.
In this article, we demonstrate the effectiveness of fuzzy geometrical features for classifying dis-
torted overlapping fingerprints directly from raw unprocessed images. The input vector consists of
some selected fuzzy geometrical features. The output vector is defined in terms of six classes viz,,
Left-loop, Right-loop, T'win-loop. Plain-arch. Whorl and Overlapping. Overlapping (between any
two of the above five pure classes) in various degrees and orientations are artificially produced on
pure fingerprint images Distorted patterns are generated for all the six classes, with random noise,
cut marks and information loss in certain random locations. The fuzzy geometrical features wviz,,
length, height and index of area coverage are found to be the best for classifying these patterns
when Bayes’, k-NN (with k = 1,3,5) and MLP (multi-layer perceptron) classifiers are used. The
overall performance is best for MLP, followed by 1-NN. Improvement in recognition scores with the

increase in number of training samples is found to be significant for 3-XN rule.

Keywords: Overlapping Fingerprints; Fuzzy Geometrical Features: Pattern Recognition: Multi-
layer Perceptron (MLP); k-NN (k nearest resghbor) Classifier; Bayes’ Classifier.
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1 Introduction

Matching of fingerprints is recognized as a ba-
sic tool for positive identification of individuals,
be it for criminals in law enforcement, for secu-
rity clearance in the armed services, or for normal
civilian identification purposes. For this process
it 1s necessary to malntain large files of finger-
print records. Automated computer processing
promuises a fast and accurate alternative in this

sphere.

The computer based identification of fingerprints
involves two major steps: [1] (a) “preprocessing”
like enhancement of images, thresholding (con-
verting gray levels to binary i.¢., black and white),
thinning of ridges (black conceatric lines), and ex-
traction of features (b) Classification and analysis
of the processed (quality enhanced) image. Fin-
gerprints are identified in a hierarchical manner,
The preprocessed (binary) images are classified,
by determining different micro characteristic fea-
tures like ridge flow and munutiae type, number
and position. Multilevel classifier based on syn-
tactic approach (2], graph matching [3], detect-
ing.the number and locations of singular points
[4] and minutiae features [1],after smoothing the
binary images have been tried for classification
of fingerprints. Recently neural networks are be-
mg used for this purpose. Artificial neural net-
works (ANN) [5] can be formally defined as ¢
masswely parallel mterconnected network of sim-
ple {usually adaptive) processing elements thet in-
teract with objects of the reel world tm a manner
semlar lo biological systems. The benefit of neu-
ral nets lies in the high computation rate provided
by their inherent massive parallelism, thereby en-
abling real-time processing of huge data sets with
proper hardware backing. The networks are also
found to be robust to input noise and generally
degrade gracefully to loss of components Var-

ious methods using networks for classification of
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binary ridge patterns for each fingerprint category
have been developed [6, 7, 8].

One may note that using binary images, in all
the above techniques. often leads to information
loss in the final decision making process. More-
over, it is not appropriate to comrmit oneself to a
specific thresholding for binarization particularly
when the ridges are not well defined. For exam-
ple, n the case of forensic applications, the quality
of fingerprint data is often found to be very poor
because of the faint nature, noise and incomplete-
ness. The conventional preprocessing techniques
based on heuristic logic are usually incapable of
handling such situations, often leading to erro-
neous processed resulis at the cost of expensive
computer time. So, it is desirable to have a system
where such time consuming and error prone pre-

processing technigues could be altogether avoided.

By computing input features directly from the raw
fingerprints, the uncertainties in reaching a deci-
sion and also the overall computational burden
are greatly reduced [9, 10]. Based on this real-
ization, Pal and Mitra [11] computed fuzzy ge-
ometrical features and probabilistic entropy mea-
sures directly from unprocessed fingerprint images
for their classification using muitilaver perceptron
(MLP). There is another investigation on finger-
print classification using fuzzy MLP[12] where it
exploits the nonlinear boundary generating capa-
bility of MLP and the uncertainty handling capac-
ity of fuzzy sets for providing a more intelligent
system. Note that fuzzy geometrical features are
found to be useful for varicus image processing
problems [13, 9, 10].

Again, in real life. overlapping fingerprints are
quite abundant and pose great difficulty in proper
identification. Sometimes, for example in forensic
investigations, an overlapping fingerprint has got
greater significance and requires special attention.

Morecver. the overlapping fingerprints - like the
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pure ones - are also liable to be corrupted by dis-
tortions. Hence, overlapping fingerprints need to
be identified even in the presence of extraneous

corruptlons.

The present article 1s an attempt at developing a
methodolegy for noisy and distorted overlapping
fingerprint classification, exploiting the character-
istics of fuzzy geometrical features, derived from
the gray images, as input. Here we consider ove:-
Differ-
ent percentages (e.g., 25%, 50%, 75%) of over-

lapping fingerprints as a separate class.

lapping in various orientations between the sepa-
rate fingerprint classes (e.g., left-loop. right-loop,
twin-loop, plain arch and whorl} are considered.
The performance of a standard classifier, like, the
MLP, in the presence of different tvpes of dis-
tortions (e.g.. random noise, cut-mark, smudging.
under-inking and averaging) is studied. The net-
work’s performance is compared with that of the
k-NN classifier and Bayes’ classifier. The investi-
gation also finds the best set of fuzzy geometri-
cal features for providing the highest recognition
scores and the variation of recognition scores with

the size of training data.

Section 2 describes the various pure fingerprint
classes, overlapping fingerprint generation proce-
dure and the method of fuzzy geometrical feature
extraction. This is followed by an cutline of the
various classifiers used, in Section 3. Section 4
presents the way of implementation and results.

Conclusions are drawn in Section 5.

2 Fingerprint Categories

and Fuzzy Geometrical

Features

2.1 Fingerprint categories

Fingerprint images essentially consist of two types
of characteristic regions, viz., ridges and valieys.
These nidges run somewhat paraliely and slowly
over the finger. The ridge structure and the skin
texture provide the uniqueness to the fingerprint,
and this remains unchanged during one’s lifetime.
A fingerprint consists of three regions, wiz., core
The ridges

from these three areas meet at a triangular for-

area, marginal area and base area.

mation called the delta region. The centroid of

this region 1s identified as the delta peint.

Depending upon the ridge flow on the core area
and the number of delta points, fingerprints can

be broadly classified (according to Henry) [14) as

e Loop

Ridges enter from one side, proceed towards

This 15 the most common type.

the center and then turn to leave from the
samme side. There are two commeon categories,
wz., Left Loop and Right Loop, depending on
the direction of the loop formed. In a third
variety, Twin or Double Loop, the core area
consists of ridges from twe distinct loop pat-

terns.

o Arch : In Plain Arch, ridges enter from one
side, rise in the middle and leave on the other
side. The Tented Arch 1s same as the Plain
Arch, but the amount of rise in the middle is

more here.

» Whorl : Ridge flow in the core area is circu-
lar, and two delta points are defined. How-
ever, there may be two subtypes, viz., Cen-
tral Pocket and Elliptical Whor!. In the first
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subtype, there are circular ridges in the core.
but it becornes asymmetric towards the base
i..e., between whorl and loop. In the other
subtype the ridges are stretched in the direc-
tion of the finger. The distance between the
end points of these stretched ridges are dis-

tinct.

This

type consists of those patterns that cannot be

o Accidental or Mixed or Composite :

classified under any of the above categories.

In this work, we study the feasibility of our
method on five common classes, vz, Left Loop.
Right Loop, Twin Loop, Plain Arch and Whorl.
Fig. 1 shows some typical images of these five dif-
ferent fingerprint categories. Apart from these
five pure classes, we have generated overlapping
patterns of fingerprints by superimposing any iwo
of the five classes in varicus degrees and ornen-
tations, as described in the next subsection. In
our database, the images are kept at the same
scale and approximately with the same orienta-
tion. They are 256 x 256 in size with & bits per

pixel and labeled manually.

2.2  Overlapping fingerprint genera-

tion

For generating an overlapping fingerprint, first of
all, an image (background image) is chosen ran-
domly from the five pure classes (wz., left-loop,
right-loop, twin-loop, plain-arch and whorl). A
second (overlapping) image (belonging to another
fingerprint class) is then superimposed on the
background image. The resultant superimposed
Intensity at a point 1s considered to be the max-
imum gray value of the corresponding pixels of
the two images at that point. For example, in
each of the Figs. 2a-c, the background fingerprint
image belongs to right-loop class. while the over-

lapping image 1s a left-loop. A total of ten types

of overlapping fingerprints thus preduced, corre-
spond to 100% overlapping (Fig. 2h), 25% or 50%
or 75% overlapping (individually along z or y axis
as shown in Figs. 2a-d) and 25% or 50% or 75%
overlapping (simultanecusly along both the axes

as shown in Figs. Ze-g).

2.3 Feature Extraction

A fuzzy subset of a set S is a mapping g from S
into [0,1]. For any p € S, u(p) is called the de-
gree of membership of p in u. A crisp (ordinary
or nonfuzzy) subset of S can be regarded as a spe-
cial case of a fuzzy subset in which the mapping
g is into {0,1}. Some of the fuzzy geometrical
properties of u, relevant to the present work, are
described below [9, 11].

Let p(J} denote a fuzzy representation of an
Ny x N, image [, 1e., a2 mapping p from [ &
{1..., Ng} into [0,1] representing a fuzzy subset
of I. For convenience, we shall use p only to de-

note p(I) in this work.

The area of a fuzzy subset p is defined

a(#)=/#

where the integration is taken over a region cut-

Area :

as

(1)

side which ¢ = 0. For u being piece-wise constant

{in case of digital image) the area is

alp) =3 u,

the summation being considered over a region

(2)

outside which g = 0. The area is therefore the
welighted sum of the regions on which x4 has con-

stant value weighted by these vatues.

Perimeter : If u is plece-wise constant, the

perimeter of u 15 defined as

o) = S ity — G % 1AGL AR (3)

1.k
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(b) 50% in y-axis

{a) 25% in y-axis

(d) 0% in x-axis

(c) 75% in y-axis

v-axis

s

-axis + 50% in y-axis

(f) 50% in x

axis + 25% in

(e) 25% in x-
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() 75% in x-axic + F5% in v-axi
75% in y-axis (h) 100% total overlapping

Fi hs
igure 2 - Different types of overlapping Jfingerprint panems

Fig.3. The three-layered MLP model.
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This is just the weighted sum of the lengths of
the arcs A(7, 7, k) along which the regions having
u values p{7) and p(J) meet, weighted by the ab-
solute difference of these values. In case of an
image if we consider the pixels as the plece-wise
constant regions, and the common arc length for
adjacent pixels as unity then the perimeter of an

image is defined by

p(k) = D |u(i) = u(i)| (4)
iJ
where u(i) and pu(j) are the membership values of

two adjacent pixels.

Compactness : The compactness of a fuzzy set
p baving area a{u) and perimeter p(u) is defined

® alp)

P(u)
Physically, compactness means the fraction of

comp(u) = (5)

maximum area (that can be encircled by the
perimeter) actually occupied by the fuzzy re-

gion/concept represented by 4.

Height and Width :  The height A(yx) and
width w(u) of a fuzzy set p are defined as

h{p} = fmg-x{#(-r- y)}dy (6)

wip) = [ max{u(z. v)}ds ()

where the integration is taken over a region out-
side which p(r,y) = 0. For a digital picture the
definitions take the form

—

h(u) = ngx{#(z,y)} (&

and

w(p) = 3 _max{u(z,y)} (9)

So, height (width) of a digital picture is the sum
of the maximum membership values of each row

{column).
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Length :
defined as

The length of a fuzzy set u may be

) = wox( [ uz sy (10)

where the integration is taken over the regton out-
side which p(z,y) = 0. In case of a digital picture

the expression takes the form

l(u) = mgx{z ulz, y)}- (11)

Breadth :
defined as

The breadth of a fuzzy set ¢ may be

b(s) = max{ / u(z, y)dz} (12)

where the integration is takepn over the region out-

side which u(z,y) = 0. For a digital image

b(p) = m;-x{z u(z,y)}. (13)

The length (breath) of an image fuzzy subset gives
its longest expansion in the y direction (z direc-
tion). If g is crisp, u(z,y) = 0 or 1; then length
(breadth) is the maximum number of pixels in a

column (row).

Index of Area Coverage (IOAC) : The index
of area coverage of a fuzzy set may be defined as

a(y)
) x b(p)

TOAC of a fuzzy image subset represents the frac-

[0AC(y) = (14)

tion (which may be improper also) of the maxi-
mum area (that can be covered by the length and
breadth of the image) actually occupied by the

lmage.

3 Classifiers used

3.1 MLP based model

The muitilayer perceptron (MLP) |5] consists of
multiple layers of simple, two-state, sigmoid pro-

cessing elements {nodes) or neurons that interact
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using weighted connections. After a lowermost
input layer there are usually any number of inter-
mediate or hidden layers followed by an output
layer at the top. There exist no interconnections
within a layer while all neurons in a layer are fully
connected to neurons in adjacent layers. Weights
measure the degree of correlation between the ac-

tivity levels of neurons that they connect.

An external input vector is supplied to the net-
work by clamping 1t at the nodes in the input
layer For conventional classification problems,
during training, the appropriate cutput node is
clamped to state 1 while the others are clamped
to state (. This is the desired output supplied by
the teacher.

Consider the network given in Fig. 3. The iotal
input I;‘+1
defined as

received by neuron j in layer A+41 is

2 = $T ghulh - gt {15)

where y? is the state of the #** neuron in the pre-
ceding A** layer, w;‘,- 1s the weight of the connec-
tion from the *» neuron in layer A to the j** neu-
ron in laver h+1 and 6’_?'“ is the threshold of the

7** neuron in layer A+41.

The output of a neuron in any laver other than
the 1nput layer (A > 0) is a menotonic non-linear

function of its total input and is given as

S S (16)

y.

? 1+ e™%;
The Least Mean Square (LMS) error in output
vectors, for a given network weight vector w, is

defined as

1
E(w) = 5 Z(gjfc(w) -d, ) (17}
€

where yfc(w) is the state obtained for output
node j in layer H in input-output case ¢ and
d; . is its desired state specified by the teacher.

One method for minimization of E(w) is to apply
the method of gradient-descent by starting with
any sel of weights and repeatedly updating each

welght by an amount

5u, + adwl(t—=1)  (18)

where the positive constant ¢ controls the descent,
0 <o <1 i1s the damping coefficient or momen-
tum, and { denotes the number of the iteration

currently in progress.

After a number of sweeps through the training
data. the error E(w) in egn. (17) may be min-
imized. At this stage the network is supposed
to have discovered (learned) the relationship be-
tween the input and output vectors in the training

samples.

A three layered MLP (multi-layer perceptron) [5)]
(Fig. 3), with suitably chosen architecture, is used
for classifying the fingerprint patterns. It accepts
the fuzzy geometrical features as input, and pro-
duces output signifying the presence of some par-
ticular class. The number of output nodes is equal
to the number of fingerprint categories to be clas-
sified, 1.e., six (e.g.. left-loop, right-loop, twin-
loop, plain arch, whorl and overlapping) 1n the
present case. The number of input nodes and
nodes in the hidden layer are varied according to
the number of fuzzy geometrical features used as

input.

3.2 k-nearest neighbor classifier

The k-NN classifier is reputed to be able to gen-
erate piecewise linear decision boundaries and,
thereby, is quite efficient in handling concave and
linearly nonseparable pattern classes. Therefore,
a comparison of the performance of the MLP
mode! with that of the k-NN classifier is highly
appropriate. The k-NN classifier is practical when

large amounts of memory and sufficient computa-
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tion power are available for a rapid single trial
learning. For purveying good generalization, the
distance between stored exemplar and input pat-
terns is computed by Euclidean distance metrics
E as:

D

Ej=y ITa-U}l

d=1
where D is the dimension of the feature vectors,
T is the ith test vector and U7 is the jth training

vector.

3.3 Bayes’ classifier

Here, the Bayes’ classifier with multivariate nor-
mal class conditional densities and a prior: class
occurrence probabilites p; = |Ci|/N has been
used. Here C, indicates the number of patterns in
the 1th class and N is the total number of pattern
points. The covariance matrices for the pattern

classes are cosidered to be different.

4 Implementation and Re-

sults

4.1 Obtaining the pure and dis-

torted fingerprint images

We had originally altogether 50 samples com-
With

an objective of testing the effectiveness of the

prising five different types of patterns.

method, in the presence of distorted images, we
generate 250 more patterns by introducing dis-
tortions (e.g., random notse, cut-mark, smudging
and under-inking) into the pure fingerprint pat-
terns. From the 50 pure samples, we randomiy
choose two fingerprint patterns belonging to two
separate classes and superimpose them in vari-
ous degrees and orientations for producing ten

tyvpes of overlapping patterns. as described in Sec-
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tion 2.2. In this way, with different original im-
ages {a total of ten combinations) we have a total
of 100 overlapping images. We also introduce the
five varieties of distortions described in each of the
100 overlapping images to produce 500 distorted
overlapping images. The ways of introducing var-

ious types of distortions are described below.

4.1.1 Random noise generation

A predefined percentage (10) of pixels are selected
and random noise 1s tnjected in the corresponding
gray values. Let the magnitude of noise so added
be represented by X = z, where X is normally
distributed. We use X ~ N(m, o), where m is
the mean and ¢ is the standard deviation of the
normal distribution. Thus, if a pixel p with gray
value G, is selected randomly, its new gra.&r value
becomes G, = G, + xz, such that 0 < G, < N,
{Figure 4).

4.1.2 Cut mark

Any two points in the fingerprint image are se-
lected randomly and the pixels lying on a width
by joining these two points are set to the highest
gray value, N, That is, G, = N, was used for all
pixels p lying along the generated line (of width
b, ), to simulate a cut mark on the fingerprint im-
age. The cutmarks are generated in two different
orientations (along the first and second diagonals
of the image), at 90° difference. These are termed
as the forward and reverse directions respectively
(Figure 4).

4.1.3 Missing mmformation

To model the occurrence of loss of information in
some portion of the fingerprint image. we select a
portion of the image randomly. Setting all pixels
within this portion to the highest (N,) or lowest
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(1) gray value simulates the loss of information in
that region. So. G, = N,(1) for all pixels p lving
within the randomly selected part of the image.
Note that, setting G, = N, models the case for
insufficient inking (information loss - white) of the
fingerprint in the concerned region, while, setting
G, = 1 simulates the condition of excess inking
(information loss - black) or blotches or smudging
(Figure 4).

4.1.4 Averaging

We randomly select several seed points and gen-
erate boxes of size &, x &, around these points
in each case Then the gray values of the pixels
within these regions are replaced by the average

of all pixels within the respective boxes.

4.2 Net parameters

The MLP based classification scheme is subjected
to on-line learning using standard back propaga-
tion algorithm. The thresholds of al! neurons are
set to zero. The following architecture is selected
empirically. There are altogether three layers (one
hidden layer). Qut of the eight fuzzy geometrical
features decsribed in Section 2.3, various combi-
nations of seven features (excluding area - which is
not significantly different for the different classes)
are used as input. Either three (height + length +
IOAC; or width + breadth + IQAC or perimeter
+ compactness + [OAC) or four (height + length
+ width + breadth) or five (height + length +
perimeter + compactness + IQAC) features are
taken together. The input layer has 3, 4 or 3
nodes in accordance with the number of fuzzy ge-
ometrical features used as input. The hidden layer
consists of 3 nodes. The output layer, consisting
of six nodes corresponding to six different classes
(e.g., left-loop, right-loop, twin-loop, plain arch,
whorl and overlapping), is fully connected to the

hidden layer.

4.3 Training and testing

The experiment consists of eleven parts as shown
in Table |. For example, in part 1, we consider
ten {pure) images from each of the five pure fin-
gerprint classes (viz . left-loop, right-loop, twin-
loop, plain arch and whorl) and ten images from
25%y overtapping class, 1.e., a total of sixty fin-
gerprint images as training patterns. Simularly, in
parts 2 to 10, we consider the other nine types of
overlapping fingerprint images, keeping the fifty
pure fingerprint images the same. In part 11, ten
images (one from each of the ten types of overlap-
ping) are considered to form the set of overlapping
fingerprint umages as training samples. Here alsc,
the same fifty pure fingerprint images are used.

Experiments are conducted to examine the varia-
tion of recognition scores (for all types of overlap-
ping} with the size of the tramning data. Therefore,
for part 11, apart from the initial 60 samples {50
pure plus 10 overlapping), we use 70 samples {50
pure plus 20 overlapping), 80 samples (50 pure
plus 30 overlapping), 90 samples (30 pure plus
40 overlapping), and 100 samples (50 pure plus
30 overlapping) of overlapping fingerprint images

separately for training.

While testing, only the distorted versions of over-
lapping fingerprint images are used. The purpose
is Lo investigate whether the classifiers can rec-
ognize the overlapping fingerprint classes even in
the presence of distortions. As shown in Table 1,
in each of the parts 1 to 10 of the experiment,
50 distorted fingerprint images belonging to the
concerned type of overlapping are used for test-
ing. However, in part 11, a total of 500 distorted
fingerprint images. belonging to all the ten types
of overlapping, are considered for testing the clas-

sifiers.
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{ej averaging

Figure 4 - Different varieties of noise introduced inio the overlapping fingerprint images
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Note that the purpose here is to see whether the
classifiers can identify anv kind of distorted over-
lapping patterns, in contrast to parts @ to 10
where only 2 particular type of overlapping is con-
sidered.

4.4 Results

‘The results obtained by the MLP are compared
with those of the k-nearest neighbor (k-NN) clas-
sifier [15], with £ = 1,35 and the Bayes ' classifier.

Both the types of classifiers (MLP and k-NN)
prove that the classes are well separable in the

feature space selected here.

During the training of MLP, zero mischassification
is obtained after 5000 iterations, for sixty training
samples. The learning rate is initially considered
to be 0.1. It is then changed after everv 1000 it-
erations according to the schedule 0.05, 0.02, 0.01
and 0.001, respectively.

During the testing phase, distorted overlapping
fingerprint images are used, as described in
Sec. 4.3. Table 2 shows the overall performance of
the test data in terms of percentage ranges (where
the first and last figures denote the minimum
and maximum values, respectively, of recognition
scores obtained by MLP and k-NN with £ = | and
k = 3). The scores are obtained with various com-
binations (as described in Section 4.2} of 3, 4 or
5 fuzzy geometrical input features. As the recog-
nition rates are poor with k-NN for £ = 5 and
Bayes' classifiers, these results are not included in
the table. The best resuits (with all the classifiers
used) are achieved with the combination of the
three particular features wiz., height, length and
ICAC. The other combinations of fuzzy geometri-
cal features are not as effective in classifying the
fingerprints. Incidentally, increasing the number
of input features to 4 or 5 does not necessarily

nnprove the performance of the classifiers, rather

they sometimes tend to confuse the learning and

generalization

It is also seen that the greater the extent of over-
lapping. the better is its identification as an over-
lapping class. When the amount of overlapping
is less, the classifiers tend to make the decision in
favor of the background image (see Fig. 2 a).

The nature of variation of overall performance
with different types of distortions for all the ten
types of overlapping fingerprint images, using dif-
ferent classifiers, are found to be similar. To ex-
emplify it, the performances of the various clas-
sifiers on the distorted fingerprints belonging to
all the overlapping types (i.e., part 11 of Table 1)
are shown in Table 3. It is seen from the table
that with all the classifiers used, the best results
are obtained with MLP. The k-NN classifier, with

k = 1, gives comparable results.

it is also observed from Table 3 that amoeng
the various artificial distortions, averaging (Sec-
tion 4.1.4) hinders the recognition least, followed
by cutmarks (both forward and reverse} and then
smudging. Under inking, which mtroduces more
white pixels, produces the worst results. These
corroborate the findings of the earlier investiga-

tion [11] using fuzzy geometrical features.

Figure 5 shows, as an example, the variation (with
the size of training data) of recognition scores of
MLP and k-NN (k = 1, 3} for identifying all the
types of overlapping fingerprints. Here the input
features are considered to be the three fuzzy ge-
ometrical features viz., height, length and 10AC.
Improvement in score 1s seen te be relatively more
for 3-NN rule, although its overall score is least
among the three classifiers {as in the case of Ta-
ble 3).
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Figure 5 - Variation of Recognition Score with the number of the training samples
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Table 1: Experimental design for training and testing the classifiers.

Part Overlapping type Traiming tmages Test images
1 25%y 50 pure + 10 overiapping 50 corrupted images of this type of overlap
2 50%y 30 pure + 10 overiapping 50 corrupted 1mages of this type of overiap
3 75%y 50 pure + 10 overlapping 50 corrupted :mages of this type of overlap
4 25%< 50 pure + 10 overlapping 50 carrupted images of this type of overlap
5 50%z 50 pure + 10 overlapping 50 corrupted images of this type of overlap
6 5%z 50 pure + 10 overiapping 50 corrupted 1mages of this type of overlap
7 25%z + 25%y 50 pure + 10 overlapping 50 corrupted images of this type of overlap
8 50%z + 50%y 50 pure + 10 overlapping 50 corrupted images of this type of overlap
g 75%z + 75%y 50 pure + 10 overlapping 50 corrupted images of this type of overlap
10 106% 50 pure 4+ 10 overlapping 50 corrupted images of this type of overlap
11 All 19 types combined | 50 pure 4+ 10 overlapping | 500 corrupted images of all types of overiap

Table 2: Ranges of overall recognition scores (%}, using MLP and k-NN with £ = 1,3, for various
distorted overlapping patterns with different combinations of fuzzy geometrical features. H denotes
height, L denotes length, I denotes IQAC, P denotes perimeter, C denotes compactness, W denotes

width and B denotes breadth.

Overlapping type HL]I PClI WEBI|HBLWB | HLPCI

25%y 56-80 36-68 52-76 56-78 54-78

50%y 60-80 48-64 56-60 60-70 54-70

5%y 62-82 44-72 56-70 56-76 52-74

25%z 52-82 40-68 40-60 42-70 50-70

50%z 62-90 46-66 54-80 58-82 56-80

5%z 50-84 44-72 4060 46-80 46-72
25%z + 25%y 30-48 18-42 20-40 24-52 30-40
50%z + 50%y 50-74 24-60 30-50 32-60 42-64
5%z + 75%y 66-80 54-72 60-70 62-76 62-76
100% 74-84 60-76 70-80 72-82 T0-82

All 10 types combined L74.2-83.4 60.6-74.4 | 72-80 75-82.4 72-82
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Table 3; Recognition scores (%) with different classifiers for varicus types of distortions, on all ten
types of overlapping taken together, with selective combinations of fuzzy geometrical features. H
denotes height, L denotes length. [ denotes IOAC. P denoctes perimeter, C denotes compactness, W
denotes width and B denotes breadth.

Features Distortion type | Number of k-NN MLP | Bayes’
images k=1|k=3|k=5

random 100 70 60 47 74 32

cutmark 100 94 12 33 89 65

smudging 100 82 77 59 83 31

(H,L,) underinking 100 68 87 54 71 58
averaging 100 96 35 62 100 84

overall 300 82 74.2 51 83.4 64

random 100 21 25 13 56 20

cutmark 100 76 71 52 75 61

smudging 100 89 74 36 83 70

{(P.CI) underinking 100 53 al 39 58 54
averaging 100 93 82 56 100 83
overall 500 664 | 606 | 392 | 744 57.6

random 100 61 58 54 69 36

cutmark 100 83 76 70 a1 67

smudging 100 76 75 70 76 70

{WBI) underinking 106 70 69 61 72 58
averaging 100 87 82 69 92 65
overall 300 H.4 72 64.8 80 63.2

random 100 67 59 42 73 33

cutmark 100 88 82 57 88 62

smudging 100 81 76 36 82 81

(4,L,W,B) underinking 100 73 71 45 78 52
averaging 100 92 87 39 81 86

overall 500 80.2 75 438 | 824 62.8

random 100 60 56 35 71 54

cutrark 100 83 79 74 93 73

smudging 100 75 73 68 79 65

(H.L.PCI) underinking 100 71 67 61 73 62
averaging 100 88 85 82 94 80

overall 500 T7.4 72 68 82 66.8
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5 Conclusions

The tesults of an investigation demonstrating
the effectiveness of fuzzy geometrical features for
identification of various distorted and noisy over-
lapping fingerprints are presented. The vari-
ous distortions generated include random noise,
cut-mark, smudging, under-inking and averaging.
The classifiers considered are MLP, the k-NN clas-
sifier and the Bayes’ classifier. An extensive com-

parison is made among them.

As expected, the lower the extent of overlapping
{superimposition) of the fingerprints, the higher
is the possibility of its being labeled by the classi-
flers as a member of the background image v.e., as
a member of a pure class. As the extent of over-
lapping Increases, its chance of being identified as
a member of the overlapping class increases.

Of all the fuzzy geometrical features, the combina-
tion of these three, viz., height, length and IQAC
(index of area coverage) are the best for distin-
guishing the various classes, even with distortions.
Additional features or features in any other com-

bination rnay sometimes confuse the classifiers.

The orientation of the overlapping, .., whether
in the z-axis or in the y-axis, does not signifi-
cantly affect the recognition of overlapping pat-
terns as a separaie class. Finally, it has been
noted that even in the presence of varicus forms
of artificial distortions, the different classifiers can
identify the five pure classes and the overlapping

fingerprints fairly efficiently.

Improvement in recognition score with the num-
ber of training samples is seen to be more for 3-NN
rule, although the overall performance 1s best for
the MLP, followed by 1-NN rule.
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