Chapter 2

A Fuzzy Kwan—Cai Neural Network
for Determining Image Similarity
and for the Face Recognition

2.1 Introduction

Similarity is a crucial issue in Image Retrieval [1-4]. It is relevant both for unsuper-
vised clustering [5, 6] and for supervised classification [7]. In this study, we aim to
provide an effective method for learning image similarity. To reach this aim we start
of from the Fuzzy Kwan—Cai Neural Network (FKCNN) [8] and turn it into a super-
vised method for learning similarity. Unlike the classical unsupervised FKCNN [8],
in which a class is represented by a single output neuron, the supervised FKCNN has
more output neurons that each designate a class. These give a better performance than
their unsupervised counterparts as in the case of the classical unsupervised FKCNN,
a class is represented by a single output neuron while the supervised FKCNN has
more output neurons that each designate a class. This concept is similar with the
idea of replacing the binary decision about the membership (nonmembership) of a
pattern to a class, with the introduction of a membership degree, between 0 and 1.

In order to evaluate the performance of our proposed neural network, it is com-
pared with two baseline methods: Self-organizing Kohonen maps (SOKM) and
k-Nearest Neighbors (k-NN).

The feasibility of the presented methods for similarity learning has been success-
fully evaluated on the Visual Object Classes (VOC) database [9], that consists of
10102 images in 20 object classes.

The concept of similarity is important not only in almost every scientific field but it
has [10, 11] deep roots in philosophy and psychology. Our work however deals more
with the measure of similarity in computer science domain (Information Retrieval
to be more specific, that has focused on images, video, and to some extent audio).

“Measuring image similarity is an important task for various multimedia appli-
cations.”!

'Perkis, J., and Tuominen, A., and Myllymaéki, P., Image Similarity: From Syntax to Weak Semantics
using Multimodal Features with Application to Multimedia Retrieval, Multimedia Information
Networking and Security, 2009, 1, 213-219.
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Use of adequate measures improves [10] the accuracy of information selection.
As there are a lot of ways to compute similarity or dissimilarity among various object
representations, they need to be categorized [10] as:

(1) distance-based similarity measures
Example of this approach include following models/methods: Minkowski
distance, Manhattan/City block distance, Euclidean distance, Mahalanobis dis-
tance, Chebyshev distance, Jaccard distance, Dice’s coefficient, cosine similarity,
Hamming distance, Levenshtein distance, soundex distance.

(2) feature-based similarity measures (contrast model)
This method (suggested by Tversky in 1977) constitutes an alternate to distance-
based similarity measures, where the similarity is computed by common features
of compared entities. The entities are more similar if they share more common
features and dissimilar in case of more distinctive features. The following for-
mula can be used to determine similarity between entities A and B:

s(A, B) = ag(ANB) — Bg(A — B) —v9(B — A), 2.1

where «, 3, v are used to determine the respective weights of associated val-
ues, g(A N B) represents the common features in A and B, g(A — B) represents
distinctive features of A and g(B — A) that of entity B.

(3) probabilistic similarity measures
In order to calculate relevance among some complex data types, use of the
following probabilistic similarity measure are required: maximum likelihood
estimation, maximum a posteriori estimation.

(4) extended/additional measures: similarity measures based on fuzzy set theory
[12], similarity measures based on graph theory, similarity-based weighted near-
est neighbors [13, 14], similarity-based neural networks [11].

Next to the definition of similarity measures [15], “in the last few decades, the per-
ception of similarity received a growing attention from psychological researchers.””

As the investigation of similarity is crucial for many classification methods, more
recently, learning similarity measure [16] has also attracted attention in the machine
learning community [17, 18].

“The problem of classifying samples based only on their pairwise similarities
can be divided into two subproblems: measuring the similarity between samples and
classifying the samples based on their pairwise similarities.”3

2Melacci, S., and Sarti, L., and Maggini, M. and Bianchini, M., A Neural Network Approach to
Similarity Learning, ANNPR 2008, LNAI 5064, 133-136.

3Cazzanti, L., Generative Models for Similarity-based Classification, 2007, http://www.mayagupta.
org/publications/cazzanti_dissertation.pdf.
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“Similarity-based classifiers estimate the class label of a test sample based on the
similarities between the test sample and a set of labeled training samples, and the
pairwise similarities among the training samples.”*

Similarity-based classification is useful for problems in Multimedia Analysis [19,
20], Computer Vision, Bioinformatics, Information Retrieval [21-23], and a broad
range of other fields.“ Among the various traditional approaches of pattern recognition
[24], the statistical approach has been most intensively studied and used in practice.
More recently, the addition of artificial neural network techniques theory have been
receiving significant attention. The design of a recognition system requires careful
attention to the following issues: definition of pattern classes, sensing environment,
pattern representation, feature extraction and selection, cluster analysis, classifier
design and learning, selection of training and test samples, and performance evalu-
ation.”

NNs methods hold great promise for defining similarity.

In this chapter [1], two similarity learning approaches based on Artificial Neural
Networks (ANNSs) are presented. We have been very motivated to write the present
paper to highlight the fact that neural networks outperform statistical techniques in
computing similarities, too. The main contributions of this chapter are:

e we provide a neural method for learning image similarity, by turning the classi-
cal unsupervised Fuzzy Kwan—Cai Neural Network (FKCNN) into a supervised
method, which gives a better performance than its unsupervised counterparts;

e we build a novel algorithm based on an evaluation criteria to compare the perfor-
mances of the three presented methods;

e we test the resulting similarity functions on the PASCAL Visual Object Classes
(VOC) data set, which consists in 20 object classes;

e we perform a comparative study of the proposed similarity learning method and
compare it with two baseline methods: Self-organizing Kohonen Maps (SOKM)
and k-Nearest Neighbor rule (k-NN) in terms of their ability to learn similarity;
these particular algorithms (k-NN and SOKM) have been chosen as benchmark for
performance comparison of the improved FKCNN algorithm because of the fact
that all of them (k-NN, which is a nonneural method, SOKM—an unsupervised
neural network, FKCNN—a supervised neural network, resulted by improving
the unsupervised FKCNN) are some extended/additional measures to compute
similarity or dissimilarity among various object representations.

e we highlight the overall performance of FKCNN, being better for our task than
SOKM and k-NN.

4Chen, Y., and Garcia, EK., and Gupta, M.Y., and Rahimi, A., and Cazzanti, A., Similarity-
based Classification: Concepts and Algorithms, Journal of Machine Learning Research, 2009, 10,
747-776.

SBasu, J.K., and Bhattacharyya, D., and Kim, T.H., Use of Artificial Neural Network in Pat-
tern Recognition, International Journal of Software Engineering and Its Applications, 2010, 4(2),
22-34.



40 2 A Fuzzy Kwan—Cai Neural Network ...

The ANNs are configured [25] for a specific application, such as pattern recog-
nition [26] or data classification, through a learning process. “The advantages for
using an ANN in similarity matching are twofold: one that we can combine multiple
features extracted with different methods, and the second that the combination of
these features can be nonlinear.”®

2.2 Related Work

In past few years, many papers have been proposed to efficiently and accurately esti-
mate the similarity. Yu et al. (2012) provided [27] a novel semisupervised multiview
distance metric learning (SSM-DML), which learns the multiview distance metrics
both from the multiple feature sets and from the labels of unlabeled cartoon charac-
ters, under the umbrella of graph-based semisupervised learning. The effectiveness
of the SSM-DML has been proven in the cartoon applications.

In the same year, Yu et al. (2012) achieved [28] a novel method which learns
novel distance through hypergraph for transductive image classification. Hypergraph
learning has been projected to solve the following difficulties: the existing graph-
based learning methods can only model the pairwise relationship of images and they
are sensitive to the parameter used in similarity calculation. In their proposed method,
the authors generate hyperedges by linking images and their nearest neighbors and
can automatically modulate the effects of different hyperedges (by learning the labels
of unlabeled images and the weights of hyperedges).

Later, Yu et al. (2014) proposed [29] a novel multiview stochastic distance metric
learning method, which is crucial in utilizing the complementary information of
multiview data. In comparison with the existing strategies, the proposed approach
adopts the high-order distance obtained from the hypergraph to replace pairwise
distance in estimating the probability matrix of data distribution.

Kwan and Cai, 1997 have introduced [8] a four layer unsupervised fuzzy neural
network to solve pattern recognition problems, proving the importance of combining
of strengths of fuzzy logic and neural networks. The fuzzy neurons of the third
layer allow the computing of the similarities corresponding to an input pattern to
all the learned patterns. In the case of the classical unsupervised FKCNN, a class is
represented by a single output neuron.

Hariri et al. (2008) modified [7] the structure of the unsupervised fuzzy neural
network of Kwan and Cai, composing a new version (improved five-layer feedfor-
ward Supervised Fuzzy Neural Network = SFN) and used it for classification and
identification of shifted and distorted training patterns. To show the identification
capability of the SFN, they used fingerprint pattern to prove that their testing result
is more considerable than early FKCNN.

%Chen, F., Similarity Analysis of Video Sequences Using an Artificial Neural Network, Uni-
versity of Georgia, 2003, http://athenaecum.libs.uga.edu/bitstream/handle/10724/6674/chen_feng_
200305_ms.pdf?sequence=1.
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We started this work with the paper [30], which presents a neuro-fuzzy approach
to face recognition using an improved version of Kwan and Cai fuzzy neural network
[8]. We have modified the above-mentioned fuzzy net from an unsupervised network
into a supervised one, called Fuzzy Kwan—Cai Supervised Net and we have applied
it for the special task of Face Recognition. The supervised FKCNN has more output
neurons that each designate a class. Classification of an image with unknown class
is achieved through the association of the input pattern with the class corresponding
to that neuron in the fourth layer which has the output equal to 1.

2.3 Background

2.3.1 Measure of the Class Similarities

Let us first carefully examine the notion of similarity, before defining the methods
for computing similarity. We shall use the notion of class similarities as it will be
necessary later, in the algorithm of the evaluation criteria. Let us suppose we have
M classes w;, i = 1, M, with mean vectors w; and inner variances S;. We denote
with Dj; the distance between the feature vectors of the classes w;, wj; usually one
chooses p; as a feature vector of the class w;. We have a measure R(S;, S;, D;j) of
class similarities [31] if for each i,j = 1, M it defines the similarity between the
classes w; and w; such that:

(1) R(S;, Sj, D;j) = O (the similarity measure among the classes is greater than or
equal to zero);

(2) R(Si, Sj, Dij)=R(S;, Sj, Dj;), namely the similarity measure between two pattern
classes is necessarily symmetric;

(3) R(S;, Sj, Djj) = 0if and only if S; = S; = 0 (the similarity measure is null if and
only if the inner variances are null);

4) If S; = S and D;; < Dy, then R(S;, S, Dij) < R(S;, S, Dir), namely the simi-
larity measure decreases as a consequence of the fact that the inner variances are
the same and the distance between the classes, i.e., between the feature vectors
increases;

o) If Dlj = Dy and Sj > S;, then R(S;, S/', DU) > R(S;, Sk, Dj), i.e., the similarity
measure increases in the case when the distances among the classes are equal
and the inner variances increase.
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Table 2.1 The important notations of this subsection

The used notation

Its significance

M

Number of the classes w;, i =1, M

R(S;, S;, Djj) A measure of class similarities

Wi Mean of the class w;

Si Inner variances of the samples belonging to the class w;
Dj; Minkowski distance of order p between ; and pi;;

For p = 2 it means the Euclidean distance

An example of a similarity measure which we shall use throughout this paper

is [31]:

Si+5;

R; = R(S:, S;, Dyj) = , Wi j=1,M. (2.2)
ij
_ | Zx (2.3)
Hi = N; s .
Xjew;
1/q
1
S;i=|— Xi— i |19 , 2.4
Nié_ I X; — g (2.4)

n I/p
D; = (Z ik — u,»kV') : 2.5)
k=1

D;; being the Minkowski distance of order p between u; and p;; for p = 2 it will
result the Euclidean distance. For ¢ = 2, S; represents the inner variances of the
samples belonging to the class w; against the mean y; of that class. If p = g = 2 we
get the similarity measure introduced by Fisher [31].

We shall provide a notation Table 2.1 to list the important notations of this sub-

section.

2.3.2 Similarity-Based Classification

“Similarity-based classifiers are defined as those classifiers that require only a pair-
wise similarity—a description of the samples themselves is not needed.”’

"Mellouk, A., and Chebira, A., Machine Learning, 2009, InTech.
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A simple similarity-based classifier is the k-Nearest Neighbor classification rule
(k-NN), classifying an image into the class of the most similar images in the database
[32]. The probability of error for the k-NN rule is less than the probability of error
corresponding to the NN. The NN rule is suboptimal, i.e., it does not converge
to Bayes optimal rule, but it turns out [33] that the probability of error of NN rule,
asymptotically never exceeds twice the Bayes rate. Therefore, the probability of error
for NN rule has the lower bound and the upper bound expressed in the formula [33]:

P*§P§P*(2— ¢ P*),
c—1

where ¢ is the number of classes and P* denote the error rate of Bayes rule.

Self-organizing Kohonen maps are not designed for similarity-based classifica-
tion. This neural network has, however, proved to be very useful in a wide range
of problems, and it is considered especially suitable for clustering large high-
dimensional data sets such as images, documents [34, 35], etc. It is unsupervised, in
that it does not need any categorical information about the input data during its train-
ing process. After the training process, the achieved map is organized in such a way
that similar data from the input space are mapped to the same unit or to neighboring
units on the map.

The Kohonen neural network is a network whose learning process is based on [31]:

e the principle of competition: for a vector applied to the network input, one deter-
mines the winner neuron in the network, as the neuron with the best match;

e the neighborhood principle: one refines both the weight vector associated with the
winner neuron and the weights associated with the surrounding neurons.

Figure 2.1 proves that the SOKM transforms the similarities among the input
vectors into some neighborhood relationships between the neurons; it can be noticed
that three similar input vectors from the class 1 are assigned to three neighboring
neurons, etc.

The SOKM is characterized in that the neighboring neurons:

e are correlated;
e turn into some specific detectors of different classes of patterns;
e characterize the vectors applied to the network input.

Fig. 2.1 Similarities among the input vectors
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Fig. 2.2 Structure of a rectangular Kohonen network with M output neurons and » input neurons

The Kohonen network structure has two layers of neurons (see Fig. 2.2).

The neurons of the input layer correspond to the dimension of the input vector.
The output layer contains M neurons, this number being greater than or equal to the
number of clusters. These neurons are constrained to a regular grid, which usually
is two-dimensional. All neurons in the input layer are connected to all neurons in
the output layer. This neural network is self-organizing. The maps are trained in an
unsupervised way using a competitive learning scheme.

The network training is one competitive, unsupervised, and self-organizing.

The training algorithm corresponding to the SOKM can be summarized below:

Step 1

Step 2

Step 3

Step 4

Set t = 0. Initialize the learning rate 7(0) and the neighborhood of the
neuron j, in the frame of the network, denoted V; and establish the rule
regarding their variations in time.

The weight values of the SOKM are initialized with some random values.
Each neuron j of SOKM is characterized by a vector of weights W, =
(woj, wij, ..., wy—1;) C R, (V) j = 0,M — 1, M being the number of
neurons of SOKM and n representing the dimension of the input vectors.
Apply the vector X, = (Xp0, Xp1, - - -, Xpu—1)" C R, (V) p =1, N (N being
the number of the training vectors) at the network input.

Compute the Euclidean distances between X, and the weight vectors associ-
ated with the network neurons, at the time moment ¢, based on the formula:

n—1

di = X, (1) = Wy(t) IP= D (oit) — w(0)*, (V) j=0,M —1. (2.6)
i=0

Find the winning neuron j* of the SOKM, by computing the minimum
distance among the vector X, and the weight vectors W; of the network,
according to the relation [31]:
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M—1 -
djy = mi(gldj, ™Mj=0,M—-1. 2.7)
j=

Step 5 Once the winning neuron is known, one refines the weights for the winning
neuron and its neighbors, using the relation [31]:

Wis1 (1) = W) +1(0) - (Xp(6) = W) . j € Vo, (V) i = 0. — 1,
(2.8)

where

n() = 2 exp (— I =il ”) (2.9)

ag

is the learning rate and V}- represents the neighborhood of the neuron j*.
In the relation (2.9) we have:

e 19 = no(t) and 0 = o(¢) is the value of the learning rate in the neighborhood
center and respectively the parameter that controls the speed of the decrease of the
learning rate depending on the neighborhood radius;

e 7« and r; are the position vectors within the network of the central neuron of
the neighborhood V;- and respectively of the neuron k for which we update the
weights.

The neighborhood radius Vj« can vary in time, being chosen to the beginning of
refining to cover the whole network, after which it decreases monotonically in time.

Step 6 Setp =p+ 1.If we finished the whole lot of the vectors, we have to check if
the stop condition of the training process is satisfied, namely: after a fixed
number of epochs or when we no longer get a significant change of the
weights associated with the network neurons, according to [31]:

I wit+1) —wy(0) |[<e, V) i=0,n—1,(¥)j=0,M—1. (2.10)

If the stop condition from (2.10) is not satisfied then we resume the training
algorithm.

When we want to classify the lot of input vectors based on the similarities between
the vectors, it will be made a training of the network until all the vectors belonging
to a class will be associated to a single neuron of the network, which will represent
that class.

The performances of SOKM depend on the network shape; it can be with the
following architecture:

(1) 1D: linear, circular;
(2) 2D: planar (rectangular, hexagonal), spherical, toroidal;
(3) 3D: spherical, toroidal, parallelepipedal.
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As the similarity is not relevant only for the unsupervised clustering but for the
supervised classification too, we shall turn the classical FKCNN, with four types of
fuzzy neurons, into a supervised one.

When an input pattern is provided to the FKCNN input, this network first fuzzifies
the respective pattern and then computes the similarities of this pattern to all of the
learnt patterns.

In the case when a learnt previously pattern one presents at the FKCNN input, the
network will treat the respective pattern as a known pattern, without to relearn it.

After computing the similarities, the FKCNN takes a decision by selecting the
learnt pattern with the highest similarity and gives a nonfuzzy output.

2.3.3 Using Kohonen Algorithm in Vector Quantization

In the previous section, we have seen that the SOKM is a unsupervised method for
learning similarity; SOKM also constitutes a nonlinear neural approach of feature
selection (see Sect.2.6.2). The aim of the present section is to describe how the
SOKM can perform a Vector Quantization (VQ).
VQ has been noticed [36-39] as an efficient technique for image compression.
The VQ compression system consists of the two components [37, 40]:

(1) VQ encoder;
(2) VQ decoder.

New approaches based on neural networks as compression tools have been dealt
by [41-43]. Particularly, the SOKM can be used as a vector quantizer for images
[36-38].

We shall describe the algorithm which performs the VQ for the 256 x 256 images,
using the SOKM [44]:

Step 1~ Split the original image into 1024 square blocks 8 x 8 and apply the DCT
for each of them as in the case of the Algorithm 1.1.

Step 2 Build a vector, whose components are the nine coefficients (10 retained
without the first one) from each block, in a zigzag fashion (see the Algorithm
1.1) and cancel the rest of (64 — 10) coefficients; in this way, it results
the set of the nine-dimensional vectors X;, i = 1, 1024, denoted X =
X1, ..., X024}

Step 3 Design a SOKM with 32 x 32 = 1024 output neurons, which will be trained
using the 1024 vectors achieved at the Step 2, that will be applicated one at
a time, at the input network.

Step 4  “Freeze” the weights resulted at the end of the learning algorithm of the
SOKM.

Step 5 Determine the prototype vectors for each neuron in the following way:

(a) apply again each vector X;, i = 1, 1024 at the input of the SOKM to
compute for its corresponding Euclidean distance to each neuron from
the network with the formula (2.6);
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(b) find the minimum distance among the vector X;, i = 1, 1024 and the
weight vectors, that characterize each neuron of the SOKM, according
to the relation (2.7);

(c) design a statistics in order to determine how many vectors (each of
them representing one block) from R are associated to one neuron and
then calculate the mean of these vectors to find the prototype vectors
for each neuron.

Remark 2.1 Each class is characterized by a:

1. neuron j*;
2. prototype vector p;+ attached to this neuron;
3. 10-bit code word C;, = (cyj,, ..., cio0,,) (it corresponds to a network with 1024
output neurons); for example Cj» = (11...0)
10 times
Step 6 Build the coded image by replacing (for each of the 1024 blocks) the first
from the 10 retained coefficients with cy;, (the first bit of the code word,
which represents the respective block).
Step 7 Apply the inverse DCT for each of the 1024 blocks to achieve the com-
pressed image and convert its elements into integer values.
Step 8  Evaluate the performances of the VQ algorithm both from the visual point
view and in terms of the PSNR, too.

2.3.4 Fourier Descriptors

The descriptors of different objects can be compared in order to give [45] a measure-
ment of their similarity.

The Fourier descriptors have interesting properties in describing the shape of an
object, by considering its boundaries.

Let v be [31] a closed pattern, oriented counterclockwise, having the parametric
representation: z(I) = (x(/), y(I)), where [ is the length of an arc in a circle, along
the curve v, starting from an origin and 0 < / < L, where L is the length of the
boundary.

A point moving along the boundary generates the complex function u(l) = x(I) +
iy(l), which is a periodic function, having the period L.

Definition 2.1 The Fourier descriptors represents the coefficients corresponding to
the decomposition of the function (/) in a complex Fourier series.

Similar to the implementation of a Fourier series to build a specific time signal
consisting of cosine/sine waves of different amplitude and frequency, “the Fourier
descriptor method uses a series of circles with different sizes and frequencies to build
up at two-dimensional plot of a boundary”® belonging to an object.

8Janse van Rensburg, F.J., and Treurnicht, J., and Fourie, C.J., The Use of Fourier Descriptors for
Object Recognition in Robotic Assembly, Sth CIRP International Seminar on Intelligent Compu-
tation in Manufacturing Engineering, 2006.
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The Fourier descriptors are computed using the formula [31, 46]:

| P
a, = — u(le™'t"dl
L Jy

such that

o0
<27
u(l) = Z a, et
n=—0o0

@2.11)

(2.12)

We shall prove what becomes the formula (2.11) in the case of a polygonal contour,

depicted in Fig. 2.3.

Denoting
VM
N | Vie M|l ’
1M Vil
namely (see Fig. 2.4):
=L
A= 1
I —1

where M (xpr, yar), Vi—1 (k=15 Ye—1), Vi, yx) and
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Fig. 2.3 Polygonal contour
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Fig. 2.4 Parametric representation of a segment

(2.13)

(2.14)

2.15)
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from (2.11) it results:
'y / " D + iy @) -l (2.16)
a, = — X i ~e'T™Mdl. .
L k=1 " b1 Y .
From (2.13) we deduce:

2.17)

Xk—1+AX;
xMZ k11+/\k’
Ym =

V-1 Ak
I+ -

We shall treat each coordinate pair as a complex number so that in Fig. 2.5:

Taking into account the previous assumption and the relations (2.17) and (2.14)
we can notice that

i 1=l

=l
T—1 - Xk i)’k—1+ T—1 Yk

l*lkfl Z*lk—l
1+ 7= I+ 7=

Xp—1+

xu(D) +iyu (D) =

e i) e+ MO — xe—1) + 10k — ye—)] — O + ) le—y
B I — I

_ Vil + 1V = Vi) = Vidir
Iy =l '

hence, the formula (2.16) will become

] — 1 I .
= Z Vil + 1(Ve = Vier) = Videoa1 - e 2dl

Ik

| 1 b 2
= z —/ WVierli 4+ 1(Vi = Vi) = Vil 1 - €7 57d1 =
Iy — b1 Jy,

M(xm +iym)

Fig. 2.5 Treating a point M as a complex number
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I i (Ve = Vi) /'[k —Fy s vy ) /'lk ey
anp = — - _ _ ). - o . .
n L& I =l k—1tk = Vi'k—1 - v — Vi1 -
—_—
(2.18)
By computing
I 22 1 1 $22 0 e
= / [-e™thdl = - (lk R kJ)
k-1 i=Fn
1 —i2Zn] ¥y
5 (e L Mk e 'Z lk—l)
2
(77)
and substituting it into (2.18) we shall achieve
l m 1
=72 e (2.19)
n L ; lk — lk—]
where |
T = _iz,rn(vk—llk — Vilk—1) - (efizTW”[k — e*i%nlkq)
T
! —i2mp] i
_’ZWn(Vk = Vi—1) - (lke L — [ _e7'L k—])
1_
L
! —i2%nl )
+W(Vk - Vk-]) . (e LM e™IT k—l)7
=n
L
namely
1 —i 25l —i2,,
Ty = iz, [Vk(lk — L) e T — V(L = Ly) e e ]
L
! —i2ni —i2m
" W(V" Vi) (T e, (2.20)
=n
L

Therefore, on the basis of the relations (2.20) and (2.15) from which it results

b —lc1 =1V = Victl, Mk=1,m,
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the formula (2.19), which allows us to compute the Fourier descriptors will be:

1 c —i2n —i2p)
Ay = —7— E Vi-e i = Ve L
2min

L & Vi=Ve (g
+ -(e il _ o ‘L"H). 2.21)
(27n)? ; [Vik — Vi1l

The main advantage of using the Fourier Descriptor method for object recogni-
tion consists in the fact that the Fourier descriptors are [45] invariant to translation,
rotation, and scale.

2.3.5 Fuzzy Neurons

First, we shall define a Fuzzy Neuron (FN) in general and then the four models of
fuzzy neurons, that are the components of the fuzzy neural network, described in this
chapter.

A FN (illustrated in Fig.2.6) has [8]:

e N weighted inputs x;, i = 1, N

e N weightsw;, i =1, N
e Moutputsy;, j =1, M.

Each output can be associated with a membership value to a fuzzy concept, in the
meaning that it expresses to what degree, the pattern with the inputs {x;, x5, ..., Xy}
belongs to a fuzzy set.

The equations that characterize a FN are [8]:

z = h(wixy, WaXa, ..., WyXN), (2.22)

Fig. 2.6 AFN
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s=f(z-1), (2.23)
yi=gi(®), j=1,M, (2.24)

where

e 7 is the input net of the FN,

e /i constitutes the aggregation function,

e s means the state of the FN,

e f is the activation function,

e T is the activating threshold,

°©g,j= 1, M arethe M outputs of the FN, that represents the membership functions
of the input pattern {x;, x2, ..., xy} to the M fuzzy sets.

Therefore, the FN can express and process the fuzzy information.

In general, the weights, the activating threshold, and the output functions that
describe the interactions among the fuzzy neurons could be adjusted during the learn-
ing procedure. Hence, the fuzzy neurons are adaptive and a Fuzzy Neural Network
(FNN) which has such neurons can learn from the environment.

The activation function and the activating threshold are the intrinsic features of a
FN.

If different functions of f and & are used for different fuzzy neurons, then their
properties will be different. Choosing different functions f and # we can achieve
many types of fuzzy neurons.

The following four types of fuzzy neurons will be defined [8]:

(A) Input-FN is a FN, which is used in the input layer of a FNN and that has only
one input x such that

z=x; (2.25)

(B) Maximum-FN (Max-FN) is that FN, (represented in Fig.2.7), which has a
maximum function as a aggregation function, such that

z= mﬁa{lgc(wix,-); (2.26)

(C) Minimum-FN (Min-FN) is that FN (represented in Fig. 2.8), which has a min-
imum function as a aggregation function, such that

N
z= rn_ip(wixi); (2.27)
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Fig. 2.7 A Max-FN
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z=min (w;x;)

N

Fig. 2.8 A Min-FN

(D) Competitive-FN (Comp-FN) is a FN which has a variable threshold 7" and
only one output, such that

Oif s <T,
y:g(s_T)z[lifSZT. (228)
T =t(cr,..., k), (2.29)

where

e s is the state of the FN;
e ¢ 1is a threshold function;
e ¢, k =1, K are the competitive variables of the FN.

2.4 Fuzzy Kwan-Cai Neural Network

In this study, we aim to provide an effective method for learning image similarity.
To reach this aim we start from the Fuzzy Kwan—Cai Neural Network (FKCNN)
and turn it into a supervised method for learning similarity. The new approach gives
a better performance than its unsupervised counterparts [8] as in the case of the
classical unsupervised FKCNN, a class is represented by a single-output neuron,
while the supervised FKCNN has more output neurons that each designate a class.
This concept is similar with the idea of replacing the binary decision about the
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membership (nonmembership) of a pattern to a class, with the introduction of a
membership degree, between 0 and 1.

Using the following four types of fuzzy neurons [8]: Input-FN, Maximum-FN
(Max-FN), Minimum-FN (Min-FN), Competitive-FN (Comp-FN) as basis we
can develop our Fuzzy Kwan—Cai neural network [8] for learning similarity.

2.4.1 Architecture of FKCNN

The FKCNN is a feedforward fuzzy neural network with four layers each containing
a specific type of neuron, as shown in Fig.2.9. This is a parallel system designed
both for image recognition [30] and for the Information Retrieval: it simultaneously
processes all the pixels of an input image, namely it is a parallel system. Its each
layer is built by a specific type of fuzzy neurons.

The first layer of the network is the input layer, which ensures the provision of
patterns, that the network has to recognize. This layer contains Input-FNs and each
neuron corresponds to a feature of the input pattern. The Input-FNs are arranged in
a 2D structure and their number is equal to the number of features that belong to the
input pattern. Assuming that each pattern has N| x N, features, it results that the first
layer has N; x N, neurons. The algorithm of the (i, j)-th Input-FN in the first layer is

sp=zp=x5 Vi=1N, j=1N, (2.30)

ij=

1
S R
V==t Wi=1TN, j=1N,, (2.31)

Pvmax

Fig. 2.9 Architecture of FKCNN
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where x;; is the (i, j)-th feature of an input pattern (x; > 0) and P,,,,4, is the maximum
feature among all input patterns.

From Eq.(2.31) we can notice that the first layer receives image data and trans-
forms the features corresponding to the input image into normalized values within
the interval [0, 1].

The second layer is also organized as a 2D grid and consists of Nj x N, Max-FNs.
The purpose of this layer is to fuzzy the input patterns through a weight function
w(m, n).

The state of the (p, g)-th Max-FN in this layer is given [8] by

Shy = H.Ilvé,x (Igé,x (wp—i.q —j)y}j)) , Mp=1,N, g=1,N,, (232)
i= j=
where w(p — i, g —j) is the weight connecting the (i, j)-th Input-FN in the first layer
to the (p, ¢)-th Max-FN of the second layer.
The weight function has [8] the following analytical expression:

wim, n) = e PO vy = (N, — 1), (N — 1), n=—(N, — 1), (N, — 1).
(2.33)

Using the fuzzification weight function given by (2.33), “each Max-FN in the
second layer behaves like a lens focusing on a specific feature of the input pattern.””

It can keep into account different neighbor features of the central one, too. The
parameter 3 controls the number of features seen by a Max-FN and its value is
determined by the learning algorithm.

Each FN in the second layer has M different outputs, one for each FN of the third
layer. The outputs of the (p, g)-th Max-FN in the second layer are given [8] by the
relation:

Yoo = Gpam(h), M p=1,N1, g=1,Ny, m=1,M, (2.34)
where y}f}m is the m-th output of the (p, g)-th Max-FN in the second layer, that is
connected to the m-th Min-FN in the third layer.

The output function g,gm (S%]) will be determined through a learning algorithm.
For simplicity, the fuzzy output functions of neurons in the second layer will be
commonly chosen as isosceles triangles, having the height equal to 1 and the base

length equal to « (see Fig. 2.10).

9Kwan, H. K. and Cai, Y., A Fuzzy Neural Network and its Application to Pattern Recognition,
IEEE Trans. on Fuzzy Systems, 1997, 2(3), 185-193.
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gm"nlzlj

Fig. 2.10 The output function of a Max-FN
Then [8]:

1-— 2|5,[;qu — Opgml /o if a/2 > |s[[3]] — Opgml = 0,
yl[ij]m — gpqm(sg[;]) — (2.35)
0 otherwise,

Ma=0,p= 1, Ny, q = TN, m=1,M, 0,4m being the central point of the
base of function g,gm (s[[,%]]).

The third layer contains Min-FNs; as each of them represents a learnt pattern,
the number M of the Min-FNs in the third layer could be determined only after the
learning procedure is finished. The output of the m-th Min-FN in the third layer is
given [8] by the relation:

N, N N
3 = 583 = min (min (2,) ), ) m=T,M, (2.36)
m m p=1 g=1 pgm

where 513 represents the state of the m-th Min-FN, in the third layer.

The fourth layer is the output layer and it contains M Comp-FNs, one for each of
the M learnt patterns. It provides nonfuzzy (crisp) outputs. If an input image is most
similar to the m-th learnt pattern, then the output of the m-th Comp-FN becomes 1,
while the other outputs are equal to 0. The relations that characterize the Comp-FN
in the fourth layer are [8]:

S = 24y =B vy m =T, M, (2.37)
0, if s,[;” <T

YW =g —T) = (2.38)
1, if s =,
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(V) m = 1, M. The activation threshold T of all the Comp-FNs in the fourth layer is

T = mﬁéc(yﬁl), Vym=T,M. (2.39)

2.4.2 Training Algorithm of FKCNN

In the learning phase, the following parameters will be determined by the learning
procedure:

e the parameters of the output functions of the Max-FNs in the second layer, namely
epqm’ (V)p = 15Nla q = lvNZ’ m = lvM’
e the number of neurons for the third and the fourth layers.

To do so, we define a parameter Ty, 0 < T; < 1 that represents the fault tolerance
of the FKCNN. Let K be the total number of training patterns. For k = 1, K, the
steps of the learning procedure are:

Step 1  Create N; x N, Input-FNs in the first layer of the FKCNN and N; x N,
Max-FNs in the second layer. Choose a value for o, a > 0 and a value
for 3.

Step2 SetM =0andk = 1.

Step 3 Set M = M + 1. Create the M-th Min-FN in the third layer and the M-th
Comp-FN in the fourth layer. Determine the central point corresponding
to the M output functions for the (p, g)-th Max-FN in the second layer,
denoted 6,4, using the formula:

2 _ N (N Lo — T
OpgMt = Shos = max (rjn:a? (wp—i.q _])xijk)) . Mp=1LN., g=1N,,
(2.40)

Xy = {x;i} being the k-th training pattern.

Step 4 Setk = k+1.1fk > K thelearning algorithm finishes. Otherwise, introduce
the k-th training pattern to network input and compute the outputs of the
fourth layer of the FKCNN (with M Min-FNs in the third layer and M Comp-
FNs in the fourth layer). Set

c=1— I?A:él;gy}i', (2.41)

where yj[,?] is the output of the j-th Min-FN in the third layer, for the k-th
training pattern Xj.

If o < T then go to Step 4. If o > T then go to Step 3.
In one training epoch, all patterns in the training set are sequentially given as input
to the FKCNN.
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The procedure of transforming the unsupervised fuzzy neural network into a
supervised one is similar to that used in several applications of the Self-Organizing
Map (Kohonen) [47, 48].

After the unsupervised learning algorithm, one calibrates [30] the FKCNN to
learn similarity through partial supervision. For example, if we have a training set
consisting of K images, belonging to P classes, one assumes that after training, the
number of FNs of the third and fourth levels is M.

Then, after calibration, each of the M outputs corresponding to the Comp-FNs
has a label, representing one of the P classes (generally K > M > P). The FNs of
the fourth layer are then labeled as follows: neurons whose output is equal to 1 are
labeled with the class corresponding to the corresponding input pattern.

Classification of an image with unknown class is achieved through the association
of the input pattern with the class corresponding to that neuron in the fourth layer
which has the output equal to 1.

2.4.3 Analysis of FKCNN

The first level of the FKCNN has to input, “the feature glows of the respective
pattern and transmits these signals to the second layer, into normalized values, from
the interval [0, 1].”'° The aim of the second layer is to fuzzify the input pattern.
Each Max-FN in the second layer is connected to all the Input-FNs of the first layer
through the weight function w(m, n) and the state of a fuzzy Max-FN is given by the
maximum of the weighted inputs.

The second layer of the FKCNN performs the fuzzification of the lower level
features belonging to the input pattern. The degree of fuzzification of the input pattern
through the second layer depends on the parameter 3. The smaller [ is, the more
Max-FN in the second layer are affected by a lower level feature of the input pattern.
If 3 is too small, then FKCNN can not separate some distinct training patterns, while
if the [ is too large the network loses its ability to recognize some displaced or
distorted patterns. The values of the parameter 5 should be chosen such that the
FKCNN can separate all the distinct training patterns and moreover the network has
to have an acceptable recognition rate.

Each Max-FN from the second layer has M different outputs; therefore M will
define the number of the FNs in the third layer. The m-th output of the (p, ¢)-th
Max-FN neuron in the second layer, i.e., ygzq]m “expresses to what extent the fuzzy
concept about that zone the component values around the (p, ¢)-th component of the
input pattern are similar to the component values around the (p, g)-th component of
the m learnt pattern.” (see footnote 10).

The output function gpgm (sl[,zq]) is amembership function of this fuzzy set and it con-
tains some data with regard to the component values around the (p, g)-th component

10K wan, H. K. and Cai, Y., A Fuzzy Neural Network and its Application to Pattern Recognition,
IEEE Trans. on Fuzzy Systems, 1997, 2(3), 185-193.
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of the m pattern, which it has already learnt. The training algorithm uses 6,4 at
Step 4, to store such data; hence FKCNN can remember all learnt forms.

The fuzzy neurons of the third layer allows to compute the similarities of the
input pattern with all the learnt patterns. As in the third layer one uses Min-FNs, the
similarity of the input pattern X = {x;;} to the m-th learnt pattern can be computed
using [8] the formula:

min,, ; (1 = 2[si) — Opgml/a) if max, 4 (IS5 = Opgnl) < /2,

R (2.42)
0 otherwise,

(Y)m=1,M and SE) is the state of the (p, g)-th Max-FN in the second layer, when
X = {x;} are given as network input. The relation (2.42) shows that « is a visibility
parameter (scope parameter) and its value affects the computation of the similarities.
When the input pattern X is one of the previously learnt patterns, then one of the
similarities yB3!, m = 1, M will be equal to 1. In the case when the input pattern X
is not any of the learnt patterns then all the M similarities will be less than 1.

The output layer of the FKCNN is used to produce the defuzzification and to give
some nonfuzzy outputs. The maximum similarity will be chosen as an activation
threshold of all the Comp-FNs in the fourth layer. If 13! has the maximum value
among all the outputs of the FNs in the third layer, then the output of m-th Comp-FN
in the fourth layer is equal to 1 and the outputs of the other Comp-FNs in this layer
will be equal to 0.

The learning algorithm is developed in four stages: input data (layer 1), fuzzifi-
cation (layer 2), fuzzy deduction (layer 3), and defuzzification (layer 4).

When a previously learned pattern is given as input, the network will treat the
respective pattern as a known pattern, without relearning it. The way of treating
an input pattern (either distinct from all patterns or a learned one) is determined
both by the similarities of the FKCNN, computed to all the learnt patterns and the
parameters «, 3 and Ty: o and 3 affect the computing of the similarities and T is
the fault tolerance of the FKCNN. If one of the computed similarities to the input
pattern is greater than or equal to 1 — 7%, then this pattern will be treated as a learnt
pattern; otherwise the pattern is treated as a new form.

2.5 Experimental Evaluation

2.5.1 Data Sets

We shall use the images from the PASCAL data set to evaluate our methods. The
PASCAL Visual Object Classes (VOC) challenge is [9] a benchmark in visual
object category recognition and detection, providing the vision and machine learning
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communities with a standard data set of images and annotation. In our work we use
10102 images half of them (chosen randomly) for training and the other half for
testing. The VOC data sets contain significant variability in terms of object size, ori-
entation, pose, illumination, position, and occlusion. It consists of 20 object classes:
aeroplane, bicycle, bird, boat, bottle, bus, car, cat chair, cow, dog, horse, motorbike,
person, sheep, sofa, table, potted plant, train, and tv/monitor. The ColorDescriptor
engine [49] was used to extract the image descriptors from all the images. To evaluate
our methods we use images from the PASCAL data set. The PASCAL Visual Object
Classes (VOC) challenge is [9] a benchmark in visual object category recognition
and detection, providing the vision and machine learning communities with a stan-
dard data set of images and annotation. In our work, we use 10102 images half of
them for training and the other half for testing. Figure 2.11 shows 50 images from
the VOC data base.

In our work [1], we have used 64 descriptors for each image from the training and
test set. Hence, the number of the neurons of the first layer corresponding to FKCNN
is 8 x 8 and 64 in the case of SOKM.

2.5.2 Evaluation Criteria

We aim to compare the performance of the three methods we have defined k-NN,
SOKM, and FKCNN in terms of their ability to learn similarity. Following (2.2) we
need [1] the following stages:

Stage 1 (compute the similarities among the patterns). For each test image
Ty, (V) k = 1, 5051, classified in the class C/, (¥) i = 1, M we compute its
similarities S, (V) k, p = 1, 5051 regarding the training images Iy, .. ., I5os1, that
belong to the classes Cy, ..., Cy.

Stage 2 (find the similarities among the classes). Determine with (2.2) the sim-
ilarity R;; between the classes C; and C; (corresponding to the test image 7} and
respectively associated to a training image 1, (V) p = 1, 5051).

Stage 3 (evaluation criteria). Check if for Sy ,, < Sy, we have R;; < R;; or when
Sk.p; > Sk.p, we have R;; > Ry, i being the class where the test image 7} belongs and
J respectively / being the classes corresponding to the two training images 7, and I,

To determine how well the methods perform we have to [1]:

e apply the procedure for all N = 5051 - (5051 — 1) pairs of images;
e find the percentage for which the similarities were correctly computed, using the
formula:

n
%] = — - 100,
p [%] N

n being the number of correctly evaluated images in the view of their similarities.
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Fig. 2.11 50 images from the VOC data base
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2.5.3 Experimental Results

For our experiments we set &« = 1, 3 = 1 as the parameters of the FKCNN. With
different values of the threshold 7y we obtain the results in Table 2.2 and Fig.2.12:
Figure 2.12 shows that the best value of M (corresponding to the number of neu-
rons from the third and fourth layers of FKCNN) is 22 which is close to the number
of classes in the data set which is 20.
In the case of using SOKM (trained during some epochs) we evaluate the perfor-
mance of the algorithm for computing similarities in the following way:

(1) find the coordinates of the winning neuron;
(2) compute the similarity between a test image and a training image based on the

formula (2.6), where W; is the weight vector of that neuron associated to the
respective training image;

Table 2.2 The overall performance of FKCNN: the values of p [%] obtained using the FKCNN,
for different values of Ty, when o = 1, B=1

T M p 1%]
0.41 16 99.8
0.396 19 99.7
0.39 20 99.8
0.38 21 99.8
0.37 22 99.9
0.36 23 99.8
0.35 24 99.8
0.3212 30 99.7
100
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Fig. 2.12 The percentages for which the similarities were correctly computed using FKCNN
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(3) check if we achieve a smaller similarity for a training image that is closer to that
test image.

‘We want to determine the robustness with respect to choosing the right parameters.

Table 2.3 and respectively Table 2.4, Figs.2.13 and 2.14 illustrate the percentages
for which the similarities were correctly computed using SOKM, as function of
number of epochs used in training epochs and respectively by changing the weights.

Although, sometimes we can achieve good results using SOKM, it has an unstable
behavior as Figs.2.13 and 2.14 show. We note that the instability of SOKM is deter-
mined by the following two aspects: by training the SOKM in five epochs, the value
of p [%] changes, especially in the cases when the weights increase; in these cases,
p [%] will have smaller values than the values achieved when the weights decrease;
in the situations where the SOKM is trained with a different number of epochs, the
values of p [%] will fluctuate from one epoch to another.

Figure 2.15 and Table 2.5 indicate that for our task FNNKC and SOKM perform
better than the nonneural method k-NN, with 22 neighbors.

We observe that:

e the nonneural k-NN method computes more wrong similarities than the neural
methods;

e using the FKCNN we achieved the biggest number of correct similarities (i.e.,
5038) between a test image and the training images compared to the other two
methods;

e FKCNN is also most performant as the biggest sum of the number of correct
similarities is achieved by it (namely, for each test image we achieved a big number

Table 2.3 The percentages for which the similarities were correctly computed using SOKM, after
some training epochs

Nrep p [%]
1 77

2 922
5 98.4
10 75.3
15 75.4
25 70.5

Table 2.4 The percentages for which the similarities were correctly computed using SOKM, by
changing the weights

Interval where the weight belongs p [%]
[—0.002, 0.002] 97.9
[—0.2,0.2] 722
[—0.05, 0.05] 73
[—0.006, 0.006] 94.9
[—0.09,0.09] 73.6
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Fig. 2.13 The percentages for which the similarities were correctly computed using SOKM, after

some training epochs
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Fig. 2.14 The percentages for which the similarities were correctly computed using SOKM, by

changing the weights

of correct similarities with FKCNN, while using SOKM we can not have almost

the same number

of correct similarities for each image);

o the graph corresponding to the k-NN method is an almost constant function, while
the functions of the neural methods have a descending behavior.

In Fig.2.16 we can notice that the FKCNN is always better than SOKM as we
have obtained the maximum value of p = 99.86 % using FKCNN (see Table 2.2).
The SOKM has better performance for the easy elements, the ones that are in the
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Fig. 2.15 The overall performance of the three proposed methods for computing similarities

Table 2.5 The percentage of those test images for which works well our procedure (for M = 20)

Used model p [%]
FKCNN 99.75
k-NN 72.2
Euclidean distance (Cosine similarity) 50.12 (50.14)
SOKM 98.80
5000
4500k,
~
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Fig. 2.16 Close-up of the overall performance of Fig.2.15 of the neural methods for computing
similarities

beginning of the list. FCKNN does a better job at the tail where the more difficult
and likely more important elements in terms of tasks like clustering/classification
lie.

The results indicate that the neural methods FKCNN and SOKM are performing
better for our task than k-NN (see Fig. 2.15). SOKM sometimes gives good results,
but this depends highly on the right parameter settings. Small variations induced large
drops in performance. The overall performance of FKCNN is better (see Fig. 2.16).
The main advantage of FKCNN consists in the fact that we can obtain good results
that are robust to changes in the parameter settings.



66 2 A Fuzzy Kwan—Cai Neural Network ...

2.6 Face Recognition

Face Recognition (FR) has been studied for many years and has practical and/or
potential applications in areas such as security systems, criminal identification, video
telephony, medicine, and so on. In comparison to other identification techniques, FR
has the advantage of being nonintrusive and requiring very little cooperation; it has
become a hot topic recently as better hardware and better software have become
available.

On the other side, the hybrid systems of fuzzy logic and neural networks (often
referred as fuzzy neural networks) represent exciting models of computational intel-
ligence with direct applications in pattern recognition, approximation, and control.

Face Recognition represents a segment of a larger technological areas called Bio-
metric Technology (BT). The BT has modern practical applications in the follow-
ing fields: Medicine, Justice and Police, Finance and Banks, Border control, Voice
and Visual communications, Access control for sensitive areas, as indicated [50] in
Fig. 2.17.

BT is widely used for the applications that include: face recognition, voice recogni-
tion, signature recognition, hand geometry, iris, Automated Fingerprint Identification
System (AFIS), and non-AFIS.

As an industry, the biometrics is in its early stages; according to a study of the
Grand View Research (a market research and consulting company),!! the revenues
for this industry have a significant growth, such that it is expected to reach USD
24.59 billion by 2020 (see Fig. 2.18).

FR is an automated approach to identify humans through the unique features of
their faces. It needs

(A) acamera to take a digital image of a subject’s face;

(B) some algorithms to extract the facial features from the respective image, resulting
a template. Various approaches have been proposed [51] to select the facial
features from an image:

(a) Geometry based Technique-the selection is based on the size and the relative
position of important components of images.

Biometric Technology

ll l z - Access Control
Banking& Finance Immigration Veual T Voo
Contral C ation

Fig. 2.17 Main modern BT applications

Medical

Law & Order

Applications

"1Grand View Research, 2014, http://www.grandviewresearch.com/industry-analysis/biometrics-
industry.
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Fig. 2.18 Global biometrics technology market by application (USD Million), 2012-2020 (see
footnote 11)

(b) Appearance based approach has the main purpose to keep the important
information of image and reject the redundant information, like examples
being the Principal Component Analysis (PCA), Discrete Cosine Transfor-
mation (DCT), Independent Component Analysis (ICA), Linear Discrimi-
nant Analysis (LDA).

(c) Template Based Techniques uses an appropriate energy function to extract
the facial features based on the previously designed templates; the minimum
energy is achieved for the best match of the template in facial image.

(d) Color based approach—the skin color is used to isolate the face area from
the nonface area in an image.

(C) the comparison of the template formed at step (B) to the templates in the con-
sidered database.

The performance of the face recognition systems is affected by a lot of factors
such as:

e variations in lighting conditions;
e camera angles;
e changes in position and expression of the face.

A very important stage of the FR process is called eigenfaces and it consists in
the determination of the best facial features, which discriminates the features of a
subject from those of another face.

We have experimented [30] our model using the ORL Database of Faces, provided
by the AT&T Laboratories from Cambridge University.

The database has 400 images, corresponding to 40 subjects (namely, 10 images
for each of the 40 classes). We have divided the whole gallery into a training lot
(200 pictures) and a test lot (200 pictures). Each image has the size of 92x 112 pixels
with 256 levels of gray. For the same subject (class), the images have been taken at
different hours, lighting conditions, and facial expressions, with or without glasses.
For each class, one chooses five images for training and five images for test.

Figure 2.19 illustrates 100 images from the ORL face database.
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Fig. 2.19 100 images from the ORL face database
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2.6.1 Applying the Fuzzy Kwan—Cai Neural Network
Jor Face Recognition

We have performed the software implementation of the FKCNN to be experimented
for the face recognition task, both in the case of 100 images (10 classes) [30, 52], and
400 images (40 classes) [52], too. A half images from the used database constitutes
the training lot of the FKCNN and the other half, its test lot.

The images belonging to the training and respectively from the test lot (being
different from those that are in training lot) have been applied alternatively and in
only one learning epoch.

After the training algorithm of the FKCNN, it is necessary to preserve its para-
meters and go to the network calibration (partial supervision). This stage also means
a testing on the training lot (normally, we have to obtain here a recognition score of
100 %).

The output neurons that yield the maximum value 1 constitutes the label corre-
sponding to the training input image.

We need the following algorithm to classify a test image:

(1) find the label of that neuron of the fourth level of the FKCNN, whose output is
equal to 1;

(2) check if the label of the neuron coincides with the label of the respective input
image to see if the recognition is correctly; otherwise it is erroneously.

The score of the correct recognition can be computed using the formula:

R [%)] the number of the correct recognitions 100 (2.43)
= X . B
’ the total number of the test images

Remark 2.2 The same procedure and formula is also applied for the training lot, in
the calibration stage to validate the FKCNN learning.

The following parameters are chosen in order to guarantee a good behavior of the
learning algorithm:

e the parameter « characterizing the nonlinear output functions of the MAX-FN’s
in the second layer;

e the parameter [3, characterizing the fuzzification function;

o Ty-the fault tolerance of the FKCNN.

We shall further evaluate the effects of the incoming parameters «, 3, and T; on the
recognition rate and on the number M of output neurons obtained during the learning
procedure.

Some experimental results are given in Table 2.6.

From Table 2.6 we can evaluate that the very good recognition score of 94 % is
obtained by the FKCNN on the test lot of 50 images, for the following two optimum
combinations of parameters:

(1) a =15, 3=0.014, T; = 0.052;
(2) a =2, =0.014, T; = 0.039.
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Table 2.6 The recognition rate R [%] of the FKCNN on the test lot (50 images of 10 classes) as a
function of the parameters «, /3, and Ty

o 16] Tf R [%]
1.5 0.015 0.076 90
0.0145 0.061 92
0.014 0.052 94
0.0135 0.051 92
0.013 0.048 84
2 0.015 0.057 90
0.0145 0.045 92
0.014 0.039 94
0.0135 0.038 92
0.013 0.036 84
0.08
F 1
0.07
0.06 S
0.05 +—% -
» e 4 alfa=1.5
0.04 =
= P—— e o —8- alfa=2
0.03
0.02
0.01
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0.013 00135 0.014 0.0145 0.015
p

Fig.2.20 The fault tolerance Ty as a function of the parameter (3, in order to obtain good recognition
rates

The fault tolerance Ty has been chosen in order to obtain a number of MIN-FN’s
on the third layer equal to the number of images belonging to the training lot.

The FKCNN is very sensitive [30] to the selection of the parameter 3. For example,
if o = 2 then a modification of the parameter 3 with only 0.001 (from 0.014 t0 0.013)
produces the decreasing of the recognition rate with 10 % (from 94 to 84 %).

Conversely, the parameter av = 2 has areduced influence on the recognition score.

From Fig. 2.20 we can notice that to obtain good recognition rates (for exam-
ple R > 84 %, according to the results given in Table 2.6), when the parameter /3
increases, one has to increase the fault tolerance 7y, too.
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The matrix C shows the confusion matrix for the best recognition score (R = 94 %,
a=2,03=0.014, Ty = 0.039).

Real class
Assigned class 1234567389510
1 80 0 0 00O O 20 0 0 O
2 0100 0 00 O 0O 0 O O
3 0 010000 O O O O O
4 0 0 20800 0 O O O O
C— 5 0 0 00820 0 0 0 O
- 6 0 0 00OO1000O0 O O O
7 0 0 00O 01000 0 O
8 00 0 00 0O O 1000 O
9 00 000 O O O 10 0
10 00 0 00O O O O O 100

The matrix C illustrates that in the case when o = 2, 3 = 0.014, Ty = 0.039, the
FKCNN correctly recognizes 47 images of the 50 from the test lot.

In Fig.2.21 are presented the labels that FKCNN assigned to the images of the
test lot.

class 7 class 2 class 3 class 4 class 3 class § class 9 class 10
. E
class 1 class 2 class 3 class 7 class 8 class9 class 10
lass 6 cla
class 1 class 2 class 3 lass 5 clas:
wlv  “ix
i .y
class 1 class 2 class 8 class 9 class 10

Fig. 2.21 Labeling of test lot for « =2, 3 = 0.045, Ty = 0.114
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Table 2.7 The recognition rate R [%] of the FKCNN on the test lot (200 images of 40 classes) as
a function of the parameters «, 3, and Ty

a 8 Ty R [%]

15 0.05 0.167 80.5
0.045 0.153 82.5
0.004 0.133 82.5
0.035 0.114 82.5
0.03 0.096 79.5

2 0.05 0.125 80.5
0.045 0.114 82.5
0.04 0.1 82.5
0.035 0.085 82.5
0.03 0.072 79.5

Table 2.7 proves that we have also achieved [52] with the FKCNN, a recognition
rate of 100 % over the training lot for a database of 40 classes, as in the hypothesis
of using 10 classes (see Table 2.6).

From Table2.7 we can notice that a good recognition score of 82.5% can be
achieved by the FKCNN on the test lot of 200 images, by choosing the following
parameters:

(1) a = 1.5 with

(@) 3=0.045,T; = 0.153;

(2) a =2 with

The confusion matrix D depicted in Fig. 2.22 corresponds to the case: o = 2,
B =0.045, Ty = 0.114 from Table2.7.

Figure 2.23 shows the way how are chosen the values of the fault tolerance 7} as
a function of 3, for & = 1.5 and @ = 2, in the case when M = 40.

Figure 2.24 shows how to choose the values of Ty as a function of 3, for o = 1.5
and o« =2 (M = 10 and M = 40).

From Fig. 2.24 we can deduce that the FKCNN is less sensitive to the choice
of 3 in the case of experimenting this neural approach for a database of 40 classes
(consisting in 400 images) than when we applied the FKCNN for the classification
of 10 classes of images.

Figure 2.25 presents the recognition rates over the test lot, being functions of the
3 values, for« = 1.5and o« =2 (M = 10 and M = 40).
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Fig. 2.22 The confusion matrix corresponding to the parameters o = 2, § = 0.045, Ty = 0.114

From Fig.2.25 we can deduce that the FKCNN is very sensitive to the choice of
parameter (3, in the sense that a very small change corresponding to a value of 3 will
contribute to the attainment of an other recognition rate over the test lot.
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The FKCNN is also sensitive to the choice of Ty (less sensitive than sensitive to
the choice of 3) in the meaning that for « and (3 fixed, if the value of 7y will be lower
than that from Table 2.6 and respectively Table 2.7 then FKCNN will not be able to
distinguish between the different images from the training lot.

From Tables 2.6 and 2.7, it results that:

e in case when the values of 3 decreases and o remains constant, the value of 7 has
to decrease in order to achieve good recognition scores on the test lot;

o if we preserve the value of 3 and diminish the value of «, then Tr has to increase
in order that the FKCNN to distinguish the images applied at its input;

e when we experimented FKCNN for a database of 40 classes we have to choose
some bigger values of 3 and 7 than in the situation of working with 10 classes to
achieve good recognition rates over the test lot.

The FKCNN approach is a special one as its learning algorithm takes place
throughout a single training epoch and its parameters do not need to be refined.

The advantage of using the FKCNN for face recognition consists in the fact that
we can obtain good recognition rates over the test lot only through a training epoch,
but for the optimum choice of the parameters «, 3, and 7.

2.6.2 Applying Kohonen Maps for Feature Selection

The feature selection stage can be achieved using the Self-organizing Kohonen map
(SOKM), which performs [53] the transformation of the original space of the features,
in a two-dimensional space, associated to a planar rectangular network.

The projection of the vectors from the initial space is carried out through their
association with one of the neurons in the SOKM and the two-dimensional projection
will be given by the coordinates of that neuron in the network.

If the training algorithm of the SOKM stops before the network to succeed net
classification of the input vectors, then the vectors corresponding to the same class
will be associated to some neighboring neurons within the network. The projection
of the n-dimensional vectors from the input space into a two-dimensional space is
represented by the plane of the network neurons and it makes in the following way
[53]:

(a) one assigns a coordinate system to the rectangular network;
(b) determines the projection of an input vector like being given by the coordinates
of the neuron, which is associated with the respective vector within the network.

The use of this neural network in the case of the projection in the two-dimensional
space aims to highlight the performances of Kohonen network in comparison with
situations when in the feature selection are used some nonneural projection algo-
rithms.

Unlike the classification of the n-dimensional vectors using the SOKM, the pro-
jection of the vectors in the plane has the advantage that it is much faster (it does not
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Fig. 2.26 Feature selection using SOKM

z1 =1.0=-004 *

[ 0.34127463131750 0.08155682366124  0.00133480036912  0.00082444703065  0.00048793324741
0.00033359878804  0.00023922851977  0.00018001352020  0.00014040657192  0.00011260328114
0.00000233265680 0.00007709623967 0.00006535271130 0.00005610904324]

Fig. 2.27 Change of the weights associated with the network neurons

require a large number of iterations) and the resulting two-dimensional vectors can
be further classified using a simpler algorithm.

We built a Matlab program to illustrate the training of the SOKM using the 50
images from the ORL face database (see Fig. 2.19) as its input patterns. We have
chosen that the value of the neighborhood radius is equal to 10 at the beginning of
the refining; after a fixed number of 14 training epochs we represented in Fig. 2.26
the projection result.

We computed

112x92 -
2l = min fJwg (it + 1) —w @l () j, k= 1,1

to depict (in Fig. 2.27) the change of the weights associated with the network neurons,
from one epoch it to another ir + 1.
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