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ABSTRACT: In this paper, we ultilize a feedforward fuzzy neural network to solve the problem of fingerprint-images
classification into four classes: Whorl, Left Loop, Right Loop and Arch. At first, each fingerprint image is reduced
noise, removed the background and then binarized. Then, one of thinning processes is chosen to perform on the image.
Consequently, the 6x5 directional matrix which representes the global flow shapes of the fingerprint is established. After
being transformed into 6x5 directional matrices, the four matrices of the above classes will be ultilized as training
patterns for a FNN. After learning from the four training patterns above, our trial FNN has been experimented through
53 fingerprint samples and results in the classification rate of 96.23%. The obtained testing results desmontrate the
system’s power of classification.
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1. INTRODUCTION

Fingerprints are considered as a reliable feature for human identifier. It can be widespreadly used in many
applications such as: access control (securing area), credit card security and investigation of crimes, etc. Therefore, it is
very necessary to produce an automatic fingerprint matching algorithm, and to design an efficient system based on that
algorithm. Fingerprint classification takes an important role in fingerprint matching systems because its target is to
classify fingerprints into several different types, and consequently, shortens the executable time of matching algorithms.
Some classification algorithms used to be suggested such as the syntactic method of Fu[1], the classification method
which is performed basing on features of singular points proposed by Kwagoe and Tojo[2], or the fingerprint
classification method which is based on qualities and locations of the detected singular points by Karu and Jain [3].

In general, classification algorithms are divided into two main approaches:

The first one is the syntactic method: in which, a context-free grammar is employed. However, it is a very
complicated task to establish this grammar.

The second one is based on feature points, it has a disadvantage that it is not an easy work to extract these
feature points.

To overcome these weaknesses, we have proposed a new classification method: in which a feedforward neural
network is employed, and fingerprints are classified into four classes: Whorl, Right Loop, Left Loop and Arch.

In our proposed method, each fingerprint is firstly performed under a thinning process. Then, a 6x5 directional
matrix is established to represent the directions of finger ridges. After that, this matrix will be digitally force to
numeric values (0,1,2 and 3). Four standard fingerprint images represent the four classes above then being transformed
into digitalized directional matrices. After that, those matrices will be ultilized as training patterns for the FNN. After
learning from the four standard patterns above, the FNN will be able to classify fingerprints efficiently. Fingerprint
images which need testifying will be transformed into corresponding digitalized directional matrices and will be
classified by the FNN itself.

The next section presents in details about the FNN’s structure and operation. On Section 3, we discuss the
proposed fingerprint classification method in details. Section 4 illustrates our experiments, results and conclusions.



2. THE FOUR-LAY ER FEEDFORWARD FUZZY NEURAL NETWORK

2.1. FUZZY NEURONS

A. Definition of Fuzzy Neuron (FN)

A fuzzy neuron can be expressed through equations below:
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Figure 1: A fuzzy neuron

Where z isthe net input of the fuzzy neuron, h[ ] is the aggregation function, sis the state of the fuzzy neuron, f[ ] is
the activation function, T is the activating threshold, {g[ ], j = 1, 2,..., M} are the M output functions which represent
the membership functions of the input pattern {x; , X , ..., Xy} in al the M fuzzy sets (g,-[]T [0,1]).

B. Input-FN

z=X (@)
An Input-FN has only one input x.

C. Max-FN

N
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The aggregation function h[] of afuzzy neuron is a maximum function.

D. Min-FN

N
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The aggregation function h[] of afuzzy neuron is aminimum function.

E. Competitive-FN
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where sisthe state of the fuzzy neuron, t[ ] isthe threshold function, and ¢, (for k = 1 to K) are competitive variables of
the fuzzy neuron.

2.2. STRUCTURE AND MECHANISM OF THE FUZZY NEURAL NETWORK

Operation mechanism

when each input pattern is provided, at first the neural network fuzzifies this pattern and then calculates the
similarity density between the input pattern and all learned patterns. Next, the network will reach its conclusion by
choosing the pattern which is most similar to the input pattern in density. Finally, the network performs a
defuzzification process and send the result to an output.

The network’ s structure
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MAX-FN

INPUT-FN

Figure 2: Four-layer feedforward fuzzy neura network

Thefirst layer (the input layer): accepts patterns into the network including INPUT-FN’s. Each INPUT-FN in this layer
corresponds to one element of an input pattern. Assuming each input patternhas N;” N, elements, then the first layer has
N:" N, INPUT-FN's. The agorithm of the (i, j)™ INPUT-FN in thefirst layer is:

s =2z=x,, fori=1to N,, j=1to N, ©)
y =s" /P, ., fori=1to N;,j=1to N, (10)

where x;; isthe (i, j)™ element value of an input pattern (%ij 2 0), Pumax is the maximum element value among all input
patterns.

The second layer: isto fuzzify input patterns through a weight function w{m,n] and consisted of N;xN, MAX-FN's. The
algorithm of the (i, j)™ MAX-FN in this layer as follows:
> Thestate of the (p, )™ MAX-FN in thislayer is:

N, N, . .
Sa =max(maxw p-i,a- j1"))
for p=1to N,q=1to N, @y

wherew[p - i, q - j] is the weight connecting to the (i, j)™ INPUT-FN in the first layer to the (p,q)" MAX-FN
in the second layer which is specified by:

wm n] =exp( b*(nf +n?)
for m=-(N,- 1 to (N;- 1)

n=-(N,- 1 to (N,- 1) (12
w{m,n] can also be called the fuzzification function. b can be called the fuzzification coefficient.



» Theoutputs of the (p,q)" MAX-FN in this layer are:
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Each MAX-FN has M outputs which is equal to the number of FN's in the third layer. yp,i2 is the m™ output
of the (p,q)th MAX-FN whose values belonging into [0,1], they can be connected to the m™ MIN-FN in the third layer.
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Figure 3: The output function of aMAX-FN in the second layer.

where gpqn is the central point of the base of function gpgm[ squ] ,a is the corresponding coefficient which can be
selected depending on each set of patterns, (a and ¢fyqm are determined by the learning algorithm).

The third layer (represents learned patterns): Including M MIN-FN’s, each MIN-FN in the third layer represents one
learned pattern.The output of the m™ MIN-FN in the third layer is:

[ _ 8 et 2 )
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for m=1to M (14)

The fourth layer (the output layer): We use COMP-FN’s in this layer, one for each learned pattern (in M learned
patterns), in order to supply nonfuzzy outputs. If an input pattern is most similar to the m™ learned pattern, then the
output of the m™ COMP-FN in the fourth layer is 1 while other outputs are 0. The number of COMP-FN’s in the output
layer is equal to M. The algorithm of the m™ COMP-FN in the fourth layer is:

s =zl =yl for m=1to M (15)
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where T isthe activation threshold of al the COMP-FN’s in the fourth layer.

2.3. SELF-ORGANIZING LEARNING ALGORITHM OF THE FNN

Necessary parameters: The parameters of the output functions of the MAX-FN’s in the second layer, a and
Opgm (for each set of p, g and m); the parameter of the fuzzification function, b; and the number of FN’s in each of the
third and the fourth layer (M). T; is the fault tolerance of the fuzzy neura network (0 £ T; £ 1) and K is the total number
of training patterns (for k = 1 to K). The steps of the learning algorithm are:
Sep 1. Create N;" N, MIN-FN’s in the first layer and N;" N, MAX-FN's in the second layer. Choose an appropriate
valuefor a (a 3 0) and an appropriate value for b.
Sep2.SetM=0andk= 1.
Sep 3. Set M = M+1. Create the M™ MIN-FN in the third layer and the M™ COMP-FN in the fourth layer. Set:

Nl N2 . .
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for p=1to N;,q=1to N, (18)



where (yqu is the central point of the M™ output function of the (p, @)™ MAX-FN in the second layer. X, = {Xij} isthe
K" training pattern.

Sep 4. Setk= k+ 1. If k> K, then the learning procedure is finished. In any other case, input the K" training pattern to
the network and compute the output of the current fuzzy neural network (with M fuzzy neurons in the third and fourth
layer). Set

M
d =1- max(yy) (19)

where y;[¥ isthe output of the ™ MIN-FN in the third layer for the K" training pattern X,. If d £ T; go to Step 4. If
d>T; goto Step 3.

3. THE PROPOSED FINGERPRINT CLASSIFICATION METHOD

At first, afingerprint image is binarized using a bilevel-thresholding process. After that, the image is executed
under the thinning process of Baruch [5].

3.1. DIRECTIONAL MATRIX CREATION [6]

After being thinned, the image will be divided into 6x5 subareas. The main direction of ridges on each subarea
is extracted, then stored in a 6x5 matrix so called a directional matrix. All directions of ridges are divided into four
directions and are represented by symbols “\", “-”, “/”, “|". Each directional matrix describes the global flow shape of
the original fingerprint.

Algorithmfor extracting a directional matrix:

Sep 1. Inthethinned image, try to find two vertical boundary lines on the right and the left of the fingerprint.

Sep 2. Insert 5vertical linesin equal horizontal spacing between the two boundary lines.

Sep 3. In each vertical line, we navigate all the ridge points. For each ridge point, calculate its direction, then assign
one of the four directions mentioned above to it.

Sep 4. Divideridge points on each lineinto 5 parts, each part has the same number of ridge points, then divide the fifth
part into two subparts. In each subpart, calculate the number of each appearing direction and choose the direction with
maximum number. After the major direction of each part is extracted, a 6x5 directional matrix is then established to
store these major directions. The above 6x5 directional matrix is digitalized into a corresponding 6x5 matrix with
numeric elements (O corresponds to “\”, 1 correspondsto “/”, 2 correspondsto ”-", 3 correspondsto “[") (Figure 4).
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3.2. APPLYING A FNN

Four standard image samples represent the four mentioned classes: Whorl, Left Loop, Right Loop, and Arc.
After that they are transformed into digitalized directional matrices, those matrices will then be employed as first
training patterns for a FNN. With this set of patterns, perform the learning algorithm of the FNN (given T=0.3, a=2.0,
b=0.3), we construct the corresponding desired set of patterns (those ones are four 6x5 status matrices with real-value
elements (namely, fuzzy matrices of input images)). After the FNN has learned from the above four patterns, the system
makes experiments of classification ability through many different fingerprint patterns. These patterns will be
transformed into digitalized 6x5 directional matrices (using the algorithm for extracting directional matrices), then those
matrices will continue to be classified by the FNN.

4. EXPERIMENTS AND RESULTS

The above system has been implemented in C Language on Pentium [1-PC 266 Mz. Our experiments are
performed with 53 fingerprint patterns (Given parameters of the FNN: T=0.3, a=2.0, b=0.3).

Experimental results as follows: classification rate is 96.23%, regardless of the executable time. Hence, the
classification rate is high so that the system is considered entirely applicable.

5. CONCLUSIONS

In summary, in this paper, we have proposed a new fingerprint clasification approach based on a combination
between the approach of extracting features with the power of fuzzy neura networks. We have entirely employed the
learning and understanding capacity of FNNs. The obtained results can demonstrate that it is a reasonable and high
available work to apply FNNs in fingerprint classification problems.
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