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Abstract

" A multilayer perceptron is used for the classification of noisy fingerprint patterns. in the first phase the input vector consists
of some fuzzy geometrical features. In the second phase, we use some texture-based and directional features. The output
vecter is defined in terms of five classes, viz., whorl, left loap, right loop, twin loop and plain arch. Perturbation is produced
randomly at pixel locations to generate noisy patterns. Cut marks and loss of information in certain random ‘locations are
also simulated. The mvesugatmn helps to demonstrate the generalization ability of the model in handlmg distorted fingerprint

images.
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1. Introduction

Antificial neural networks [5, 9] are found to be
proficient in solving various pattem recognition prob-
lems. Anadvantage of neural nets lies in the high com-
putation rate provided by their massive parailelism,
$0 that real-time processing of huge data sets be-
comes feasible’ with proper hardware. The networks
are. also found to be robust to input noise and gener-

ally degrade gracefully to loss of components. On the -

other hand, the utility of fuzzy sets [7, 19} is inher-

ent in their ability to mode! the uncertain or ambigu-

ous data so often encountered in real life. Thcreforc
fuzzy neural networks {1, 14] are designed to utilize
a synthesis of the computational power of the neural

networks along with the uncer!amty handlmg capabll-.

mes of fuzzy loglc e

- caﬁespbndiﬁg aﬁthor. 'E-imil: suéh:iﬁta:'a: isical.eﬁtet.in: :

In pattern recognition and image analysis' we ofien
want to measure geometrical properties of regions in

an image that are ot crisply defined. Many of the stan-

dard geometrical properties of and relationship among
regions can be generalized to fuzzy subsets. There has
been a great deal of work in this regard by Rosen-

feld {15, 16} who made these generalizations and ex-
tended the concept of digital picture geometry to fuzzy
subsets. Such an extension is called fuzzy geometry

. of image subsets. Some more work has been done in

this regard by Pa! etal. {3, 11-13]. Fuzzy geometncal

‘measures have also been found to reflect the spatlal'

(geometrical) ambtgulty of an image. Thus they seem

~to be useful in compugmg image properties and -pro-
-viding soft decision for image description and analysis

by not allowing one to commit hard decisions.. | .
. Texture is one of the important characteristics used'
in 1dent1fymg objects or regions of interest in an image

-4, 17 18]. lt is oﬁcn descnbed asa set of stanst:cal
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measures of the spatial distribution of gray levelsinan

image. The method based on second-order statistical
features, obtained from the gray. level co-occurrence
matrix [4], assumes that the texture mformanon n an

image is contamed in the overall or “average” spa-

tial relauonshtps ‘which. the gray tones have to one
another. This: scheme has begn found to protide a
powerful input featurc representation for varicus
recognilion problems.

- Automated fingerprint classification constitutes a
'complex prob]em in the pattern recognition domain.
Conventional approaches for fingerprint classifica-
tion/recognition involve various tasks such as noise

cleaning/enhancement of the images, thinning of

ridges, feature extraction and (then) matching. As
the regions are not always well defined (particularly
because of the presence of noise, cut marks, blurs,
excess ink or loss of information), any hard decision
made at an operation would have an impact on the
higher-level tasks; thereby introducing/enhancing the
uncertainty in the final decision. Moreover, as the
size of the database increases, the overall recognition
task may become computationally more intensive.

~ A connectionist approach, with the input features
bemg directly computed from the raw fingerprints
without doing low-level operations, may be proposed
as a solution for ethcientiy tackhng such huge sets of
complicated data and in handling uncertainties in the
decision making process. Note that other connection-
15t approaches, using low-level operations for pre-
-processmg the . hng,erprmt images, include the work
reported in (6] (using extracted feature ridge pattern

as input and. differcnt subnetworks for cach finger-.
‘print category) and [ 10] (using moment invariants for

ﬁngerprmt matvhmg)

- The present work is an attempt io demonstrate the
capabll;ty of a.multilayer perceptron (MLP) for clas- - -

sifying fingerprints in the aforesaid framework. where
fuzzy geometrical [eatures.” and textural and direc-
tional features of the fingerprint images are considered
as iniput. The present investigation also demonstrates
the generalization capability of the MLP in identifying
noisy, incompleté, blurred. disiorted +r< cut marked

fingerprints, pamuuldrly when it is trames oiily with:

unamblguous (vorrect) samples, The wo.x is carried
out’int two stages. In the first part, we use fuzzy ge-
ometrical teaturﬂs as the input vector. In the second

part, the mput W“tor cons:sts of fcalures ulracted' 3

“from textare and «oﬁ.e directional propértics The out-
‘put is expressed in terms of the various ﬁngcrpnnt

categones Note that in both cases the: tralmng 15 done

‘with unambiguous (noise-free) data -

2. Feature extraction from fingerprint-image
2.1, Fuzzy geometrical features

A fuzzy subset of a set S is a mapping yt from S
into [0. 1], Forany p € S. u{ p) is called the degree of
membership of p in 1. A cnisp (ordinary or non-fuzzy)
subset of S can be regarded as a special case of a fuzzy

- subset in which the mapping y is into {0.1}. Some of

the fuzzy geometrical properties of . relevant to the
present work, are described below.

Let u(f) denote a fuzzy representation of an 1\ XNy
image /, i.c., a mapping p from / = {1,... N,} into
[0.1] representmg a fuzzy subset of /. For conve-
nience, we shali use i only to denote pi(/) in this work.

Areu: The area of a fuzzy subset u is defined as

a(u)=fu. o | (1)

where the imegration is taken over a region outside
which g = 0. For g being ptece-wise constant (in case
of digital image) the area 1s

a(;z):zit; L . (2)

:aie summation being considered over a region outside

which g = 0. The area is thercfore the weighted sum
of the regions on which j has constant value weighted
by these values. .

Perimeter: If i is piece-wise constant, the penmeter
of t 1s defined as
pl) = 3 i) — pt iy % AL k) ' (3)

: ik _ _

This is just the weighted sum of the lengths of the arcs
Ati. j.k) along which the regions having gt values u(7)

and u( /) meet, weighted by the absolute difference
. of these values. In case of an image if we consider

the pixels as the piece-wise constant regiorit. and the
coamon arc length for adjacent pixels as umt} then

the pﬁ.rnmtu of an. lmdg,e is defined by

p(;u =

;.',f

. ."‘(;f)ﬂ“(f)i,, R -(::4)
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where ,u(:) and p( j) are the membershlp values cf two _

adjacent pixels. -

- Compactness: The compactneas of a fuuy set e

havmg area a(,u) and perimeter p(,u) is deﬁned as
a(u)/p (#) ' (5)

Physically, compacmess means the fraction of max-
imum area (that can be encircled by the perimeter)
actually occupied by the fuzzy region/concept repre-
sented by p.

. Height and width: The height h(u) and width wip)
of a fuzzy set p are defined by

romp(ﬂ )=

h(p) = ] max{u(x.y)}dy 6)
and
w{) = /m?x{gt(x. v)}dx, . | N

where the integration is taken over a region outside
which g(x. v) = 0. For a digital picture the definitions
take the form

Mp) = ¥ max{u(x. 1)} ®)
and ‘ .
wipy =3 max{u(x,»)}. | 9)

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

Leng:h The length of a fuzzy set 4 may be deﬁncd

as

I(11) = max { f pix, _1_'.) d.\'} | | (10)

‘where the integration is taken over the region outside
whick u(x,v) = 0. In case of a digital picture the
expression takes the form

Im = max {Ep(x._r)}. | " (”-)'

Brcadlh The breadth of a fuzzy set u may be de—
fined- as

'b(p)— {[#(rt)dr} S ayy

where the integraiion:is taken over the region’ cm's:dx
which p(x, v) = 0. For a dtglta! image '

b{ﬁt}xmgx{zﬁ(x,y)}-- T ay

The length (breath) of an image fuzzy subset gives its
longest expansion in the v direction (x direction). If-
it is crisp, p{x. v) = 0 or 1; then length (breadih) is
the maximum number of pixels in a column (row).

Index of area coverage (I0ACY). The index of area’
coverage of a fuzzy set may be defined as

IOAC(p) = a(ﬂ),- Hu) x b(ﬂ)- ' (14)

- TOAC of a fuzzy image subset represents the fraction

{which may be.improper also) of the maximum area
(that can be covered by the length and breadth of the
image ) actually occupied by the image. S

2.2, Textural and directional features

The textural features are computed from a set of an-
gular nearest-neighbour gray-tone spatial-dependence
matrices [4]. The contextial texture information is

- specified by the matrix of relative frequencies P; with
-~ which two neighbouring resolution cells, having gray

levels 7 and j and separated by a distance 8, oceur in
the image.

The unnormalized frequencnes are deﬁned by the
elements P(i, j.0;0) of a set of co-occurrence ma-
trices, where 8 is 0°, 45°. 90° and 135° for hori-
zontal, right-diagonal, vertical and left-diagonal
neighbour pairs, respectively. For nearest neighbour

" pairs, we have d = 1. Then the number of ne:ghbour-

ing resolution cell pairs R is given by

2N,(N - 1) for 0=0°
"R=4{ 2NAN, = 1) for 8 = 90°? . (15)
2N, - 1NN, - ~ 1) otherwise. i

Angular second moment (A) gives a measure of the
homogeneity of the texture and is defined as - -

AN ‘ T
e Z( u)) ;(‘16)‘

Note that R, ﬁ'om Eq (15) 1s used as the normahzmg
constant. _' o : . o
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ThL meabure Homogy(H) albo provndes an indica-
tion of the-amount of homogenen) [8] in the texture.

Itis e}'pressed as -
.;V_t”'l “‘:_f: P :
;H#_}_: ,{ ' ——%ﬂ} (17)

T +n |i—j|~=r‘1

Note that the notatlon f was omitted in Eqs (16)
.and (17) to avoid clutter. Each measure may be cal-
culated “our times, corresponding to each of the four
'dlrecuon il co-occurrence matrices. The average val-
‘ues 4, and H, provide a non-directional (rotation-
invariant J texture repre.,enlatlon We have

Ay = (Ao 4 Ags + Ao + Aj3s).

Hy =} (Ho + His + Hog + Hy3s).

(18)

" Next, let us consider the N, x N, 1mage to be
traversed along the right diagonal. vertically (across
the middle), along the left diagonal and horizontally
(along the middle and alsc the lower region), such that
each of the five dlrectlonal traveusals encompasses a
band of w pixels.

- Frequency is defined as the sumber of times one
encounters humps or focal maxit :a {valleys or local

minima) among «re gray tone values in th2 course of

the traversal. An average value is computed along each
direction, considering the group of w pixels. We have

I ) ' ) -
= — Y (Ne of local maximalminima) (19)
Wy

.. Difference is evaluated as the square of the differ-
ence n the gray level values, between successive pix-
els, zi[ong the direction of traversal. We define

= 26~ G e

where p and p + | refer to consecutive pixels along
the chosen direction.
. Directional Imqizr is computed as the normalized
sum of the maximum gray tone value (among the band
of w plxels) alon“ the direction of traversal. It is ex-
-pressed as

D
T”—— -
‘N

‘!

where the summation over p n.ters to thg set of plxels

along *he dlrecnon of trav ersal

'nax{G,,} o ' (21

Directional contrast (for vertical travérsal with ori-

“ertation ) is computed as

: ‘.\’,,-I : ) T .- | |
: Kg:iznz{ 5 fﬁﬁ‘f—’}' e

2_“', n=() Nl‘ =1

Mgl
where P'(i.j) refers to the relaive frequencv with
which two nearest neighbour cells, having gray lev-
els i and j occur along the vertical band of w pix-
els in the image. Here, the normalizing constant is
2w(N; ~ 1)

3. The multifayer perceptron

The multilayer perceptron (MLP) [5, 9] consists
of multiple layers of sigmoid processing clements or
neurons that interact using weighted connections.
Consider the network given in Fig. 1. The output of
a neuron in any laver other than the mput layer
(h > 0)is gm:n by

l | .
A1 _
L (23)
! | e = '

where v/ is the QIate of the ith neuron in the pre-
ceding hth layer and u - 15 the weight of the connec-
tion from the ith neuron in layer k fo the jth neuron
in Iayer h+ 1 For nodes in the input.layer we have
¥} = x}, where x{ is the jth component of the input
\ecior _

The least mean square error in output vectors, for a

given network weight vector w. is defined by

CE(w) = —'Z (."fc("') - d:,;;)z : | (24)

“~ fe

where 7 (w) is the state obtamed for output node
jin !ayer H in input-output case ¢. and d; . is is
desired state specified by the reucher. One method
for minimization of £ is to apply the method
of gradient-descent by starting with any set of
weights and repeatedly updatmg each wetght by an
amount '

-~

Awh(i) = f;i + x_w'u -1 (25)

oWy

~where the posm\e constant ¢ controls ‘the descent
C0< LT s the momentum coeﬂi(:lem and t denotes
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Fig. 1. The multilaver perceptron.

s

the. number of the iteration currently in progress.
After a number of sweeps through the training set,
the error £-1in Eq. (24) may be mimimized.

To model real-life data with finite belongingness to
more than one class, we can clamp the desired mem-
bership values (lying in the range [0,1]) at the output
nodes during training. For the ith input pattern we de-
fine the desired output of the jth output nods as d;.
where 0 <d; <1 forall j. In the crisp case this reduces
to d j € {0. ] } :

4. The output vector for the fingerprint pattern

Fingerprint images essentially consist of ridges
and valleys. The ridges run somewhat parallelly
and slowly: over the finger. The ridge structure
and the skin texture provide the uniqueness to
the . fingerprint, and this remains unchanged dur-
ing one’s lifetime. A fingerprint consists of three
regions, viz, cor¢ area, marginal ‘area and base
area. The ridges from these three areas meet at a
triangular formation called the delta region. The
centroid. of this region is identificd as the delta

point. -

4.1. Fingerprint categories

Depending upon the ridge flow on the core areaand
the number of delta points, fingerprints can be broadly ..
classified (according to Henry) [2} as '
o Plain arch: Ridges enter from the left side, rise in

the middle and leave on the right side.

~ & Tented arch: Same as in plain arch, but the amount

of rise in the middle is more here.

e Loop: This is the most comimon type. Ridge_S enﬂte;’rf_ .

from one side, proceed towards the centre and then
turn to leave from the same side. There are two
categories, viz., lefi. loop and right loop, depending
on the direction of the loop formed. L

o Whorl: Ridge flow in the core area is circular, and

two delta points are defined. ‘ .
o Twin loop: The core area consists of ridges from -
two distinct loop patterns. - S
o Accidental: This type consists of those patterns
that cannot be_classified. under any-of the above -
categories . e
. In this article, we have studied the classification -
ability of our method on five common classes, viz., =
whorl, left- loop, right loop, twin loop and plain

arch. These correspond to the five output nodes with

- -desired output d; for the MLP us1. Fig. 2 shows some -
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e

:“Fi‘g: 2_:: The diﬁéren't categones of ﬁngérﬁrint péltér_ns-:: {4) “‘“hur!. {b) left qup.";'cl nght ioopi'(d) twin loop and :(c) plam arch 3
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typxcal 1mages of these five dlﬂ'erent ﬁngerpnnt cate-
gones -

5. Moisy ﬁéttjem generation

In’ practice, we iget fingerprints which are noisy.
Noise may be of different types. There may be one or
more cut mark(s) in the fingerprint, some portion of
the fingerprint image may be missing due to an im-
property taken impression, or noise may be distributed
throughout the image. To model such situations, we
have generated noisy fingerprint data using the fol-
lowing techniques.

5.1. Random disteibution of constant noise

With an objective of creating more patterns and also
to test the performance of the modet in the presence
of distorted images, we introduced noise. Perturbation
was made randomly at perc% of the N, x ¥, pixels
(for each pattern ). Let pixel p with gray value G, be
randomly chosen to be perturbed. Then we have

‘ {G,,+nr if G, <N, — nt,
G, = '

N, utherwise (26)

for p=1.2,..., perc « N, = N, /100, where nt repre-
sents the magmtude of noise introduced.

5.2. Rundom distribution of random noise

" Next, we randomly sclected a predefined percent-
age of pixels and injected random noise in the cor-

responding gray values. Let the magnitude of noise

so added be represented by X = x. where X is nor-
‘mally distributed. We use .X' ~ N(m.a), where m is-
the mean and the ¢ is the standard deviation ¢f the
‘normal distribution. Thus, if a pixel p with gray value
G,, is selected randomly. its new gray value becomes

Go=Gprx 2
-‘:suc_h that 0 < -G,,‘\{N;,..

: 5,3 . Cur murk

Anv wo pomts mn the ﬁngerpnn! image were se- -
lected randoml) and the pm.ls lyingon a line ofmdth o

by joining these two points were set to the hlghest-

gray value, N,. In other words we used
G,=N, j A (28)‘

forall pxxelq P lymg along the generated lme (of wndth,
b,;), to simulate a cut mark on the fingerprint image. |
The cut marks were generated in two different orien-
tations (along the left and right diagonals through the
lmage) such that they are 90° apart. These are termed
as the forward and reverse directions, respectively, for

- all later references.

5.4. Missing informution

To model the occurrence of loss of information in
a certain portion of a fingerprint image, we selected
a portion of the image randemly. Setting al! the pix-
¢ls within this portion to the highest (N,) or lowest
(i) gray. value simulates the loss of information in
thot region. So we have G, = ‘,(l) for all pixels p
lyini within the randomly selected portion of the im-
as2. Note that setting G, = N, models the case for

~ insufficient inking of the fingerprint in the said region,
whereas setting G, = | simulates the condition of ex-

cess inking or blotches.

- 3.5. Other noisy versions

We randomly selected several seed points and gen-
erated boxcs of size b, x b, around these points
cach case. Then the gray values of the pixels within
these regions were replaced by the average of all pix-
els within the respective boxes.

6. Implementation and results

There were rinitislly‘lhi;ty two noise-free fingerprint
patterns, belonging to the five categories whorl, left

loop.- nght loop, twin loop and plain arch. In proce-

dure (1), we generated a total of 45 noisy samples,.
randomly perturbmg 10% of the pixel locations with
constant. magnitude (mr = 2) of noise by Eq (,.6)

while the original 32 patierns were used for training
the netwark. The input features were. extracted as de-

| scnbed in Section 2, in cases of both the trammg as

well as test sets.- A width of w = 5 was chcsen for Ihe

:dlrectional features of [:qs (19} ( 2)
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{c)

{d}

Fig. 3. The dzﬂ"ercm tvpes ut noise modelieu {a) Random noise, (b) cut mark, (¢) missing information (black), and (d) missing information

(uhltc)

: Procedure (i) involved simulating random notse.
cut marks and loss of information in: certain regions,
as explained in Séctions 5.2-5.5. The various types of
noise injected are illustrated in Fig. 3. For inserting
random noise into an image we used a normal dis-
tribution with mean 2 and standard deviation 10.0. A
total oi 10% of the pixels from the whole image were
selected for this purpose. In the case of cut marks a

band ofwu:!th b, = 5 was chosen. in Eq. (28), while. -

for- the averdgmg of gray values of Section 5.5 we
used boxes of length b, =21. Once agam the 32 un-
amblguouq (nome-fm ) hngerprmt 1mage<; constituted
the wraining set.

The mulnlaycr perceptron had five output nodea
correspnndmg to-the five fingerprint categories. We

uaed varlouu nurnbers, of layu's as well as. hlddw nodes -

. Note that in the case of networks having two

-hldden fayers, the number of hidden nodes m was

indicated as m; : m>» corresponding to the two layers
respectively. The best match b was computed for the
training set while the individual classwise recognition
scores along with the overall score ¢ were computed
for the test set. The network was trained in the batch
mode and all input features were r.ormahzed to the

“range [O.1].

6.1. Using fuzzy geometrical features

‘The whole image was first divided into 16 blocks,
cach of size 64 x 64. Then we calculated the eight

fuzzy. gcom.etricai features of Egs. (1)-(14) for each
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Performance of fuzzy geometrical features using three-layered net

35 40 45 50

Hidden nodesm 25 . 30
_Best matchd 100.0 000 1000 1000 1000 . 1000
Test ; | ‘
 Whort 77,78 7778 7778 7778 TL18 7198 -
L. loop 66.67 5556  66.67 5556 5556 6667
R. loop 6667 6667 6667 6667 6667 6667
T. loop 100.0 1000 100.0 100.0 100.0 88.89
P. arch 100.0 1060 1000 100.0 100.0 100.0
* Overall 7 8222 80.0 82.22 80.0 80.0 80.0

such subimages and generated a total of 128 features
for a fingerprint. An MLP with a single hidden layer
consisting of m hidden nodes was used for classifying
the images. A total of around 1000 sweeps were re-
quired to reduce the error sufficiently during training,

6.1.1. Procedure (i |

Here we used the entire data set of 128 input fea-
tures. The results in Table 1 demonstrate 100% leam-
.ing over. the training set {consisting. of the original
32 unambiguous images) and a good performance
' (= 80%) for the test set. It was observed that the model
had relative difficulty in classifying patterns falling
under the categories left loop and right loop. The
test set corresponded to the patterns generated using
- random noise of constant magnitude as described n
Section 5.1,

6.1.2 Proc edure {(ii)

In th1s part we tested the effect of reducing the rather
large number of input features (used in Procedure (i))
-on a different set of noisy patterns. For this purpose

-we selected five features, viz., perimeter, compact-
-ness, width, breadth and IO AC (from the eight initial

fuzzy geometrical features) intuitively. It can be ob-

served from Egs. (1) and (2) that area is merely the .
- sum of all tne pixels in an image. Therefore, we ig-
" nored the feature area as this does not consider any

* neighbourhood information of a pixel. Since the fea- . -

 tures height and length are analogous to the features
width and breadth, respectively (the only difference

bemg that the computauon is row-wise/column-wise ),

owe se%ected only the features w :dflz and breadrh frum

this set. In addition, we retained the two extracted
features, viz., compactness and TOAC. These five
features were calculated for each of the subimages
(obtained as above), generating a total of 80 fea-
tures. A multilayer perceptron with one hidden layer:
containing 25 nodes was trained for 1000 sweeps
during training and 100% classification accuracy was
obtained for the training set (consisting of the 32 un-
ambiguous images). Finally the network was tested

with the different types of noisy data (simulated as

described in Sections 5.2-5.5), consisting of random
noise with random magnitude, cut marks, information.
loss and averaging of gray values. ’

Table 2 shows the results of the testing phase using
both 128 and 80 features. (During training the classifi-
cation accuracy was 100% in both cases.) The resuits

" reveal that the data are very much sensitive to random

noise as compared to other types of noises. This may
be explained by the fact that the total number of pix-
els perturbed in this case, i.e., 10%, was much’ }arger’
than that quived in the other cases (like cut mark, in-
formation loss or averaging of information ). The per-
formance was found to be the best in the case of the
patterns where the gray values had been averaged over

_small regions. As expected. the perfon’nance deterio-

rated (on the whole) w:th a reductlon in thc number
of | input feamres .
Next we computed all the elght fuuy gcomemcal

| feawres of Egs. (1)-(14) globilly, on the whole im-
‘age, without dividing it into blocks. The network was

trained with these eight input features (with seven

~ hidden nodes) for 50,000 sweeps when 96.8% clas-

slhcanon accuracy was cbtained. Testing was carried

: ,out on the nmsy data as above Results of Table 3
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“Table2 -

'Recm_.m!lon score {%) of nosy data with fuzzy geometrical features

S.K.-Pal, S, M.r‘fm/f"ﬁ::}‘ Sets and Svstems 80 19964 121132

) 7 _ R Cut mark’ Information loss
INbise"t_i.'ne'.f Random 'noiscf : Forward Reverse Black * White Averaging gray values
‘Features, 128 . 80" .~ 128 80 128 80 122 80 128 80 28 80
Whot . 600 600 1000 1000 1000 - 1000 1000 1000 600 600 1000 1000
Lleop, 100 - 1000 1000 1000 1000 1800 1000 1000 1000 1000 1000 1000
R.oloop © 1000 1000 1000 000 1006 1000 1600 100.0 1000 1000 1000 100.0
T. loop 1000 100.0 1000 857 1000 857 1000 857 714 229 1000 1000
P. arch 714 572 (0.0 1000 1000 1000 1000 1000 3TE 0 667 1000 1000
Overatl ¢ 8.3 750 1000 969 1000 969 1006 969 688 656 1000 1000

Table 3

Recognition score (%a) of noisy data with 8 tuzzy geometrical tmlure:

Cut mark : Inforrnation loss

Noisg type Random noise Forward Reverse . Blick White Averaging gray values
Whorl 460 60.0 60.0 60.0 40.0 1000

L. foop 00 66.7 66.7 667 66.7 66.7

R. loop 33.3 100.0 RLLIRY) 66.7 66.7 166.0

T. toop 1000 714 714 371 1.9 160.0

P. arch 28.6 100.0 1000 100.0 64.3 100.0

Overall f 438 844 . 844 TR.1- 719 96.9

‘demonstrate that the performance is again very much
sensitive to the presence of random notse, and least
semsitive to the case of the avuiaging 5 gray
values. Note that the recognition ability of *hy net-
work is poorer in all cases with this reduced 17put
feature set.

6.2. Using textural and directional input features

" A total of 27 textural and directional features were
generated from the whole image using Egs. (16)--(22

'Thc training - and test sets were the same as used m
case of the fuzzy geometrical features described in
Secnon 6.1 (for the two corresponding procedures).
lThe number of Sweeps required during training were
of the order of 150 to 200. It may be mentioned that

here each input feature was computed along the four
‘directions; viz., vertical, horizontal, right diagonal and

left dtagonal This served to capture the directional
properties of the |magc pattern. ‘Note that this tech-

nique is different from the division into blocks as de-
scribed for the fuzzy geometrical features. Thus both -

techriques serve to capture more information about

the input space, albeit in different ways.

6.2.1. Procedure 77 :

Table 4 depicts the results obtained with the textu-
ral and directional featurus with the test set being gen-
erated using random noise of constant magnitude ‘as
described in Section 5.1. During training, the network
classified with 100% accuracy. The testing phase was
also reasenably good, considering the much smaller
number of sweeps required for training and the smalicr
number of input features involved (us compared to the
fuzzy geometrical features of Table 1.

in thiS part we used a three-layered MLP with 15
hiddcn nodes. The performance on the noisy data
was found fc be poorer in Table 5, as compared to
that obtained with the fuzzy geometrical features of
Tables 2 and 3. Here we have tested the effectiveness
of the model for distortion under-different types of
noise simu]attf;d as described in Sections 5.2-5.5. .
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Performance of lextura! and dlrecuonal features

Iayers 3 4

Hidden nodes m S0 15 20 25 10:10 . 12:9

Best match b 100.0- 100.0 100.0 160.0 {U0.0 100.0

Test L
Whort 66.7 66.7 66.7 66.7 556 66.7
L. Loop 66.7 100.3 100.0 66,7 66.7 1000
R. Loop 66.7 66.7 66.7 606.7 4314 444
T. Loop 55.6 88.9 889 100. T8 778
P. Arch 100.0 100.0 100 100.0 100.0 100.0
Overall ¢ 71.1 84.4 844 80.0 L RY 77.8

Table 5

Recognition score (%5) of neisy data with textural and directional features

‘ ~ Cut mark Information loss

Noise type Random neise Forward Reverse Black White Averaging gray values
‘Whor! 200 60.0 100.0 200 T 2000 100.0

L. loop 100.0 100.0  100.0 66.7 333 100.0

R. loop 0.0 66.7 0.0 100.0 100.0 100.0

T. icop - 0.0 7.4 28.6 40.0 . 40.0 85.!

P. arch 57.2 106.0 - 90.3 100.0 100.0 106.0

Overall ¢ 37.5 844 719 68.8 65.6 96.9

This work serves to bring out the utility of the fuzzy
geometrical features in classifying fingerprint images
under various types of distortion, viz., random noise,
cut marks, information loss and averaging of gray val-
ues. It is observed that the more conventional texture-
based features are less effective in modelling such
cases. Note that, once again, the network generated
the worst results in the case of random noise and best
resuits (comparable to that of Tables 1-3) in the case
of the averaging of gray values. :

7. Conclusions

. The multilayer perceptron was used for the classi-
fication of noisy fingerprint images. In the first phase,
fuzzy geometrical features were used as. the input vec-
tor. In the second case, the input vector consisted of

features extracted ﬁ'qm texture and some directional =

properties. The output was provided in terms of the
five fingerprint categories, viz., whorl, left loop, right
loop, twin loop and plain arch. Random perturbation
of pixel gray values was undertaken to obtain noisy
patterns. Cut marks and loss of information in certain
regions were also simulated to. model damaged or dis-
torted patterns. Note that in both cases the training set
consisted of the unambnguom {noise-free) ﬁngerpnnt
images.

The results demonstrate that the use of fuzzy ge-
ometrical features helped ihe neural network in rec-
ognizing distorted patterns, to an appreciable extent.
This is a positive indication of the generalization

“ability of the neural net based approach and the
~choice of the fuzzy input features selected. for the

_purpose of classifying. distorted fingerprint patterns.
The noise could be in the form of cut marks, blurs
or perhaps be due to insufficient inking or smearing
of the, fingerprint images. Although only. synthetic
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dlstomon has bcen used in the prcbent work the resulis
hold promise for- further mvesnganon wnth ndturall)
distorted fingerprint patterns. .

The fact that the cus muarks or loss ay mjormamm

could be better class:ﬁed by the neural network brings .
“out an mterestmg pomt tor furtner mvestlgatmn Per--
haps the 10% random noise, whick visually damaged

the pattem very httle caused some major changes in
the feature values computed (both in cases of fuzzy
geemetncal and textural/ directional features). This

calls for the selection of some new features {probably -

with a different approach) that may be able to over-
come this problem. However, it should also be noted
that the 10% locations of 2256 x 256 image consist of
'much more pixets than a cut wark of size (say) 21 x §
ora region of information loss of size (say) 21 x 21.
This probably accounts for the better performance in
the latter case even though the distortion may have
been in a sensitive region of thc image that is relevant
for the classification.
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