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An Adaptive Neuro-Fuzzy System for Automatic
Image Segmentation and Edge Detection

Victor Boskovitz and Hugo Guterman

Abstract—An autoadaptive neuro-fuzzy segmentation and applications such as the automatic image analysis of documents
edge detection architecture is presented. The system consistsor industrial parts, it is not satisfactory for applications dealing

of a multilayer perceptron (MLP)-like network that performs yith more complex scenes, where several objects have to be de-
image segmentation by adaptive thresholding of the input image tected '

using labels automatically pre-selected by a fuzzy clustering . .
technique. The proposed architecture is feedforward, but unlike [N this paper, we propose a system capable to perform multi-
the conventional MLP the learning is unsupervised. The output level segmentation ofimages in an automatic/unsupervised way.

status of the network is described as a fuzzy set. Fuzzy entropy is No a priori assumptions whatsoever are made about the image

used as a measure of the error of the segmentation system as We”(type features, contents, stochastic model, etc.). Such an “uni-
as a criterion for determining potential edge pixels. The proposed ’ ' X e

system is capable to perform automatic multilevel segmentation versal” algorithm is most useful for applications that are sup-

of images, based solely on information contained by the image Posed to work with different (and possibly initially unknown)
itself. No a priori assumptions whatsoever are made about the types of images (e.g., searching for images on the Internet or in

image (type, features, contents, stochastic model, etc.). Such arthe photo archive of a magazine). The proposed system can be
“universal” algorithm is most useful for applications that are readily employed, “as is,” or as a basic building block by a more

supposed to work with different (and possibly initially unknown) - . . . .
types of images. The proposed system can be readily employed sophisticated image segmentation algorithm (that incorporates

“as is,” or as a basic building block by a more sophisticated and/or additional “knowledge” into different parts of the system).
application-specific image segmentation algorithm. By monitoring ~ The proposed neuro-fuzzy segmentation system is self-or-

the fuzzy entropy relaxation process, the system is able to detectganizing. It consists of a multilayer perceptron (MLP)-like
edge pixels. network that performs image segmentation by adaptive
Index Terms—Adaptive thresholding, fuzzy entropy, image seg- thresholding of the input image using labels automatically

mentation, neuro-fuzzy system, self-organizing system. pre-selected by a fuzzy clustering technique. The proposed
architecture is feedforward, but unlike the conventional MLP,
|. INTRODUCTION the learning is unsupervised. The output status of the network

o ) _isdescribed as a fuzzy set. Fuzzy entropy is used as a measure
I MAGE segmentation is the technique of decomposing &f the error of the segmentation system. Because this measure
image into meaningful parts, or objects [1]-3]. It resultfangles only one aspect of the quality of the segmentation, and
in a segmented image, where each object is labeled in a Witause no satisfactory quality measures were proposed in the
that facilitates the description of the original image so that iterature, the results are analyzed mainly by visual inspection
can be interpreted by the system that handles the image. In gg/q comparison with results obtained by other algorithms.
eral, the classification of an image’s pixels as belonging to onepne of the main roadblocks toward full automation of the seg-
of the “objects” (i.e., classes) composing the image is basggntation system is the problem of automatically choosing the
on some common feature(s), or resemblance to some patt@@rect number of labels. This parameter, of crucial importance
In order to determine which are the features that can lead t¢yayost labeling methods, is usually very hard to determine au-
successful classification, sonaepriori knowledge or/and as- omatically, and in most cases it is left as a parameter which has
sumptions about the image are usually required. It is due g9pe provided by the user. Some methods of employing cluster
this fact that the best results are obtained by segmentation a'%?ndity measures to solve this problem were tested, and some
rithms “tailored” for specific applications (but which will Per-preliminary results are presented in this paper.
form poorly on applications other than the one they were de-The paper is organized as follows. First, the image segmenta-
signed for). tion problem is defined (Section I1). Section IIl contains a survey
The majority of the segmentation algorithms produce tWgh prior research that is most closely related to the present work.
level, or “object and background” segmentation. While suchg particular, applications of several fuzzy logic (mostly fuzzy
resultis appropriate for some of the ‘classical’ image processig@stering) and neural networks techniques to the field of image
segmentation are reviewed. Some fuzzy logic terms and con-
cepts involved in the development of the proposed system are
Manuscript received May 15, 2001; revised July 20, 2001 and Septembelrgyiewed in Section IV. A detailed description of the proposed
2001. system follows (Section V). Relevant results are presented in
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[I. THE IMAGE SEGMENTATION PROBLEM approached as either classification or clustering problems (de-
iR ding on the application at hand), both of which are ‘natural’
ﬁtgplications of existing NNs. In addition, NN-based algorithms
ave been developed to solve the image segmentation problem
¥Semulating different existing approaches (relaxation, edge
tection, etc.). Several NN image processing models have
en proposed, of most interest to this research being those

Image segmentation is a process that partitions an image
the different objects composing it. The objects are sets of poi
that naturally form a group in their measurement space. In t
segmented image, each object is labeled in a way that refle
the “actual structure” of the data and facilitates the descripti
of the original image so that it can be interpreted by the systermni . -
that handles the image further. Depending on whether spatiaW{}'Ch are auto-gdaptlve_ (pr sglf-orga_nlzmg) [71-[10]. .
separated objects of the same kind have to be labeled the sam\é{hen supervised training is possible, _the most stra|ght.for-.
or not, the image segmentation problem may be regarded a\gaa(d and popular approach to NN-bas_ed image segmentation is
classification problem or a clustering one, respectively. 10 use a feedforward, back-propagation trained MLP. A com-

Several authors (e.qg., [4]) employed the following formal de{grehenswe_ analy_5|s of th? performance Of.SUCh a syste_m and
inition of image segmentation. Its comparison with other image segmentation methods is pre-

Formal definition: Let F' denote the grid of all the pixels in sented in [11] and [1.2].' . . : -
the image, i.e., the set of all the paitissy = {(i,)};i = To overcome the limitations imposed by supervised training,
19 N 1 _ 19 M. whereM é\fﬁ]]\\r are tr;é m;mber some methods to produce image segmentation using unsuper-
of rows and columns of the matrix representing the image, a @ed_ NNs have also_begn developed, such as the Kohonen's
let P(-) be a uniformity (or homogeneity) predicate which a €aming vector quantization (LVQ) network [7], [13] and the
signs the value TRUE or FALSE to a nonempty subseFof Adaptive Resonance Theory (ART) networks, developed by

depending only on properties related to the value of the pixeqé"lrpeme.r angﬁrossberg [14], [15]. Fesige:[s thdedse orilgfjinally
in the subsetP( - ) also has the property that given a subset supervise S, SOme ways were found 1o add a seli-orga-

F, sayY, and a subset of , sayZ, P(Y) = TRUE implies nizing capability to supervised NNs [9], [16].
always thatP(Z) = TRUE. , :
; . : . . . B. Fuzzy Logic Approaches to Image Segmentation

A segmentation of the grid ¥ for a uniformity predicatd’ is a ogIcApp

partition of I into » disjoint nonempty subsef , F. . . .. F), An increasing number of fuzzy logic approaches that treat
such that: (i.e., understand, represent and process) the images, their seg-

; . . ; ts and features as fuzzy sets have been investigated in the
1) Ur,F, = Fwith [, N F; = 0,i # j (=>every pixel MM ve
) mZJslt be in one. and onI; one sLeZ;émJeﬁlt)' yPp last decade [4], [9], [11], [17], [18]. This is also true for the spe-
2) Fii = 1,2 'n is connectéd (e cor,nposed of conpiﬁc task of image segmentation, which in this context can be
ti(;uous g’ria 'ﬁbi’nts)' o seen as the process of imposing a crisp structure on the fuzzy

3) P(F;) = TRUEfori = 1,2, ..., (the segments should data. This task can be carried out by different fuzzy clustering

. : . Igorithms.
be uniform, in terms of the chosdp); a
4) P(F; U F;) = FALSE whenF, is adjacent tcF. For example, Hallet al. [11] used the FuzzyC-Means

. o (FCM) algorithm to segment MR images, where each pixel
In what regards constraint 2) above, the reader familiar W'fsﬁ_a 3-D vector consisting of different features yielded by the

classical thresholding algorithms). On the other hand, these ngn-__ . . ) . =
ention of it was found in the literature). The cluster validity
convex segments may be treated as sets of several connecté

segments that were given the same label. More importantplrto. lem in this context was addressed by Benstial . [19],

should be noted that the definition above only defines what br mcorpor_atmg a "a"d'“/. measure into the FCM algo_nthm.
ith the aim of accounting for the local characteristics of

the constraints on possplesegmentatmn (.)f an image, and not images, Tolias and Panas [20] developed an algorithm that
what acorrect segmentation of an image is.

combines the results of performing the FCM algorithm on a set
of different resolution realizations of the original image. Also
of interest is their implementation, reported in the same paper,
of the Possibilistic”-Means (PCM) clustering algorithm [21].
The image segmentation approaches are too numerous to b&nother approach to image segmentation using fuzzy logic is
accounted for in a single text [1], [2], [4]. Here, the main neurabased on the minimization of the fuzzy entropy of the image. Be-
fuzzy and hybrid approaches to image segmentation will be erv&use this approach is most closely related to the present work,
merated. we briefly address the question of “Why fuzzy entropy mini-
mization results in image segmentation?” A segmented image
can be seen as a union of crisp sets (e.g., pixels belonging to ob-
With the aim of obtaining adaptive image processing, rgect A or B or background), therefore, the original image can be
searchers have tried to employ neural network (NN) approactse®n as a union of fuzzy sets describing the relative membership
[5], [6]. Here, the basic objective is to emulate the human visi@f its pixels (based on their gray level or some other feature) to
processing system which is highly robust and noise insensitithe different crisp sets (see also Section IV-A). It follows that the
and hence can be applied even when information is ill definedgmentation problem might be seen as the problem of matching
and/or defective/partial. Image segmentation problems canthe fuzzy set describing a given image to the crisp set that most

I1l. NEURAL, Fuzzy AND HYBRID APPROACHES TOMAGE
SEGMENTATION

A. Neural Network Approaches to Image Segmentation


https://www.researchgate.net/publication/3301664_A_comparison_of_neural_network_and_Fuzzy_clustering_techniques_in_segmenting_magnetic_resonance_images_of_the_brain_IEEE_Trans_Neural_Network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301664_A_comparison_of_neural_network_and_Fuzzy_clustering_techniques_in_segmenting_magnetic_resonance_images_of_the_brain_IEEE_Trans_Neural_Network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301664_A_comparison_of_neural_network_and_Fuzzy_clustering_techniques_in_segmenting_magnetic_resonance_images_of_the_brain_IEEE_Trans_Neural_Network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/14786320_Review_of_MRI_Segmentation_Techniques_using_Pattern_Recognition?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/220507961_Image_segmentation_by_a_fuzzy_clustering_algorithm_using_adaptive_spatially_constrained_membership_functions?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/234792473_Neural_Networks_for_Signal_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/228083862_Digital_Image_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/246279196_Fuzzy_Models_for_Pattern_Recognition_Methods_That_Search_for_Structures_in_Data?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222443661_A_Massively_Parallel_Architecture_for_a_Self-Organizing_Neural_Pattern_Recognition_Machine?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/216722120_Self-Organizing_and_Associative_Memory?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/216722120_Self-Organizing_and_Associative_Memory?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222361672_Use_of_fuzziness_measure_in_layered_networks_for_object_extraction_a_generalization_Fuzzy_Sets_Syst?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222467389_A_Review_on_Image_Segmentation_Techniques?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222467389_A_Review_on_Image_Segmentation_Techniques?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222467389_A_Review_on_Image_Segmentation_Techniques?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3533513_Dynamic_neural_networks_with_the_use_of_divide_and_conquer?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/221677990_Fundamental_of_Digital_Image_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301756_Generalized_clustering_networks_and_Kohonen's_self-organizing_scheme?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/281354605_Fuzzy_Image_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3335523_A_possible_approach_to_clustering?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3335599_Self-organization_for_object_extraction_using_multi-layer_neural_networks_and_fuzziness_measure?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3335599_Self-organization_for_object_extraction_using_multi-layer_neural_networks_and_fuzziness_measure?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/292797301_A_possibilistic_approach_of_clustering?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/31643034_Self-Organization_and_Associative_Memory_T_Kohonen?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/31643034_Self-Organization_and_Associative_Memory_T_Kohonen?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=

IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 10, NO. 2, APRIL 2002 249

expresses an average measure of ambiguity in associating an el-
ement to a certain fuzzy set, the second one measures the fuzzi-
ness of a partition of the data set and is usually employed as
a validation measure of a clustering solution. Here, the fuzzi-
ness measures of fuzzy sets will be discussed. Most researchers
agree that such a measure should satisfy the following proper-
ties, originally proposed by De Luca and Termini [29]:

* F(A) = 0 (or other unique minimum) iffA(z;) = 0 or

1,Vi (if A is crisp);

o b e 5 + F(A) = a unique maximum iffrA(z;) = 0.5, Vi

* F(A) > F(A*)whereA* is a sharper version of, i.e.,

likely describes the segmented image. This matching can be ob- ) ;

tained by minimizing the fuzziness measure of the given image

(the fuzziness measure being the distance to the closest crisp sef F(A) = F(AS), whereA€ is the complement aft.

or the fuzzy entropy). h
Different fuzzy entropy functions have been employed by r& Zre fuzzi ff <

searchers for object-background segmentation [9], [10], [ZZIT.( ) uzzwiljesshme?surg 0 'uzzhy f ' .

The most widely used definitions are presented in Section IV.8. membership function (in the fuzzy set);

Detailed accounts of fuzzy entropies and their application if{ ; suppo(;t.ing points oLtheIdﬂ;)zzy S?‘ h | b
image segmentation can be found in [23] (maybe for the first Before proceeding, a note should be made on the analogy be-

time) and in [24] (most recently). tween the terms duzz ness an(_jentropy. De Luca and T(_armini
[29] observed that fuzziness is a measure of uncertainty, much
like entropy is in the field of thermodynamics. They also ob-
served that although nonprobabilistic, the fuzziness of a fuzzy
Some NNs that incorporate fuzzy clustering strategies hayet is a measure of the information contained by it, just like
been developed. Bezdekal. [25] proposed a fuzzy Kohonen probabilistic entropy is in the field of information theory. This
clustering network by integrating the FCM algorithm into thenalogy stuck in the fuzzy literature. Therefore, in the rest of this
learning method of the traditional Kohonen network. Dagtis work the terms: fuzz ness,” “ measure of fuzziness,” and “fuzzy
al. [26] proposed the implementation of the FCM algorithm bgntropy” will be used interchangeably.
means of a feedforward, back-propagation trained NN.€tin  There are several types of such measures proposed in the lit-
al. [27] integrated the FCM algorithm into a 2-D Hopfield NNerature [29]-[31]. The most common types are as follows.
(called by them Fuzzy Hopfield NN), to obtain unsupervised 1) Distance Measures: Based on the distance between a fuzzy
classification of MR brain images based on the within-clasgt A and either its nearest ordinary sét(defined below), or

Fig. 1. Histogram based fuzzification (adapted from [17]).

[t

<I¢LA* (z:) < pa(z) for pa(z;) <0.
; 0.

<
pas(xi) > pale) for pale;) >

[t

C. Hybrids (Fuzzy NNs) for Image Segmentation

scatter matrix. its complementA© [31]. In general, given a fuzzy set, its
nearest ordinary (crisp) set is defined as the set where the
IV. Fuzzy THEORY |SSUESRELEVANT TO THIS WORK memberships are as follows:

A. Histogram Based I mage Fuzzification

Given animageX of sizeM x N with L intensity levels avail- pale) = { (1) :I NAEg i 8; 1)
able for each of its pixel§z,,.,,), it may be regarded as an array pa '
of fuzzy singletons whose value of membership denotes the €8s index of fuzziness based on the distance to it is
gree to which they posses some property/feature (e.g., bright-
ness, edginess, smoothness), or the extent to which they belong 2
to an image subset (e.g., object, skeleton, contour) [18]. Thus, v(4) = de(Av A) (2)

a gray level image can be seen as a fu@zpartition into cer-
tain subsets/classes (e.g., “dark pixels,” “bright pixels,” “pixelwhered( 4, A) denotes the distance (usually the norm of order

belonging to object A,” etc.) as shown in Fig. 1. k) between the two sets, is the length of the data set ahd
is the order of the distance used. In particular, when Hamming
B. Fuzziness Measure or Fuzzy Entropy distance is employed (i.€:,= 1), the index of fuzziness (called

Uncertainty either due to vague descriptions, inaccurate mé%}hls case théinear index of fuzziness) is given by:

surements, or to random occurrence can be described by means
of fuzzy sets theory [28]. In terms of fuzzy sets theory this A — 2 &
kind of uncertainty, when measured over a given data set, is ui(4) = n Z lal@i) = palwi)l
called thefuzziness measure. At this point, a slight distinction o
between fuzziness measures of fuzzy sets and fuzziness mea- = 23 [min{ (1 — 4

o . . ea(wi prazi)) H- 3)
sures of fuzzy partitions should be made. While the first one n ;[ (=) (i)l
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Fig. 2. General flowchart.

When Euclidean distance is employed, (2) givesjtelratic The fuzziness measures based on the distance to the fuzzy
index of fuzziness. Its explicit form becomes complementf(A) have the following general form:

2
vq<A>=%¢ lz{mm)—mxi)}?. (4) fu(a) = 1 G4 A9) -

i=1 ~ sup(I
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Fig. 3. Block diagram of proposed system.
As py(x) = 1 — pa(x), using the Hamming metric for ex- 1/p; (which has no “palpable” meaning). In this case, the
ample, allows for the following substitution: use of a logarithm function would have an unappealing
" behavior
1(4,49) = ZWA i) = pac (@) = Y [2ua(ei) - 1. o
i=1 et—ral@)
H(A [1aaiyet =
© =T &
Yet another fuzziness measure based on distances between - (1- uA(xi))C““‘(“) — 1} . (9

sets was introduced by Kosko [30]. It is defined as the ratio

between the distance to the nearest crisp4gand the distance

to the farthest crisp sétd): V. PROPOSEDSYSTEM
d,(A, A) .

== (7) A. Overview of the Proposed System

= 4y . |
The proposed system consists of a multilayer neural network
2) Entropy-Like Measures: Based on the analogy betweenhat performs adaptive, multilevel thresholding of the image
fuzziness and entropy, some measures based on the Shanr@fy labels automatically preselected by a fuzzy clustering
function from information theory have been proposed. Thesgchnique. The learning technique employed is self-supervised
are not based on distance measures but satisfy the four &d@wing, therefore, automatic adaptation of the NN. The output
Luca—Termini axioms. See the following for an example.  status of the network is described as a fuzzy partition. Fuzzy

3) Logarithmic Entropy [29]: entropy is used as a measure of the error of the system as well
1 as a criterion for determining potential edge pixels. Given an
H(A) = — Z[“A(”Ci) In joq(x;) input image, the system is forced to eyolye toward a minimgm
nin(2) P fuzzy entropy state in order to obtain image segmentation.

+ (1= pa(z:))Q —Inpa(z;))]. (8) Pixels most affected by the consecutive training iterations (due
to the amount of their contribution to the fuzzy entropy of the
4) Exponential Entropy: Pal and Pal proposed in [23] a newsystem) are labeled as edge pixels.
exponential form of (fuzzy) entropy [(9)], motivated by the fol-
lowing points. B. System Description
» The logarithmic form is not bounded when the member- A general flowchart of the proposed algorithm is depicted in
ship values approach zero. Fig. 2. First, labels are found by applying the FCM algorithm to
» The additive property for independent events is not alwayise image histogram. Then, the information about the labels is
important. employed to build the network’s activation and error functions.
» Regarding the original Shannon function (or replacinghe input to a neuron in the input layer is normalized between
wa(z) in (8) with p;(x), the probability of occurrence of [0-1], proportionally to the gray value of the correspondent
x), it is more mathematically sound to relate the igngixel. The image information is first propagated forward using
rance (or potential gain in information) t@ — p;), which  (11) to get the output status of the network. The output value
represents the probability of nonoccurrence, than just ¢d each neuron lies in the interval [0-1]. Then, the output error
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is calculated and then back-propagated to update the weighisugh in general cluster validity measures are not considered
[(14)]. Training continues either until a minimum error or untilvery reliable, some of them (e.g., the partition coefficient and
a maximum number of iterations is reached. The output of thige partition entropy, Bezdek [28]) yielded surprisingly good
system at this stage constitutes the segmented image. Integratasglts for some of the test images. This might be partially due
(summing) the thresholded (binarized) differences between tioethe special nature of the data, which is not common in clus-
output at consecutive epochs yields the edge image. tering problems: the data is 1-D and at least one entry exists
Viewed as a system, the proposed algorithm consists of thegeeach possible point. Still, in general, the problems involved
main processing blocks (Fig. 3): the (fuzzy) error function defn this choice are (yet) unsolvable, thus leaving this parameter
inition block (A), the adaptive thresholding block (B) and thas the only part of the system requiring the (yet) nonreplace-
optional edge detection block (C). able human intervention. Supposing that someone does rely on
1) Error Function Definition (Block A): The purpose of this one of the cluster validity measures, another decision has to be
stage is to provide the objective error function to be used by theade: on one hand, the correCtcan be chosen as the one
adaptive thresholding stage (for unsupervised training). Firptoviding the extremal value for the specific validity measure
the input image is fuzzified based on its gray-level histograsmployed. On the other hand, accepting the fact that different
(see Section 1V-A), and then the error function is obtained salues ofC' might fit the given data (e.g., for segmentation at
determining the contribution of each graylevel to the fuzzy euwlifferent detail), a threshold on the validity measure should be
tropy of the partition (any fuzziness measure can be employedhosen below/above whidtiis accepted. There is (yet) no the-
Two such error functions are depicted in Fig. 4. oretical way to define such a threshold. Attempts to do this
In our study, the FCM algorithm was employed to create are done based on application/data specific heuristics, like how
fuzzy partition that properly describes the image, using onipany differentC’s are acceptable, or how far can the threshold
the pixel intensity feature. Other clustering algorithms might dee from the extremal value of the validity measure.
used as well, but because that in the case of 1-D data the shap® Adaptive Thresholding (Block B): This stage contains the
of the cluster boundaries is of no importance, variations of tlaelaptive thresholding system itself, the fuzzy entropy calcu-
objective function minimized by the algorithm (such as Fuzzgtion block and the training/tuning algorithm of the adaptive
C-Shells or the more general Gustafson—Kessel algorithms) #eesholding system. Its inputs are the input image and the error
of no specific interest here. Some test were run using poskinction determined by stage A. and its output is the segmented
bilistic clustering, but no significant difference in the clusteimage. The adaptive thresholding system is based on a self-orga-
boundaries was found, while the more irregular shape of fuzmizing neural network (Fig. 5). This part of the system is based
sets obtained eventually slowed down the convergence of threthe image segmentation system proposed by Gétaahin
system. [9], [10]. They developed a self-organizing MLP that has an in-
In order to keep the system totally autonomous, an automatierent unsupervised learning ability. The network architecture
way to determine”, the right number of clusters, is needed. Iproposed by them is similar to the one used in the present
the proposed system, this was done by iterating the FCM alerk (see Section V-B), except that in their system the outputs
gorithm for a range of hypothesized numbers of clusters antithe network were fed back as inputs to the network after the
choosing the best option based on a cluster validity measure. fdist forward pass. Their system suited only the task of object-
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sists of a sigmoid-like function with multiple levels. Theilti-
sigmoid is obtained by the superposition bf= C — 1 shifted

i sigmoid functions ¢ being the number of classes). The ratio-
nale behind using such a function was to enable stability around
the multiple targeted pixel values. We define theltisigmoid
function as (Fig. 7)

Y —Yk—1

k

hikden liver

X [z — yp—1 * d*) — u(z —yp xd*)]  (11)

Lir I."‘-l 1

where
U step function;
Fig. 5. Network architecture. a;, thresholds;
Yk target level of each sigmoid, will constitute the sys-
tems’ labels;
S]41314]15 6o steepness parameter;
412114214 d size of the neighborhood, as defined in the previous
311 11 3 section.
4l21 11214 The thresholds and the target values are obtained from the
sl4l31405 error function, as the graylevels with the maximal and with min-

imal levels of fuzziness respectively. Because the range of the
neuron input levels depends on the number of neurons in the
Fig. 6. Neighborhood of a pixel. (a) First order neighborhood; (b) Secorfyf €VIOUS layer to which it is connected (the size of the_ nelgh-
order neighborhood; (c) Sequence of neighborhoods. borhood), the threshold values are adapted to reflect this depen-
dency (by multiplying them byi2, the number of input links).

background separation. Furthermore, they assumed that thé') _Trammg: The back-propagation algorithm is employed for

membership values of the image pixels in the two classes ((%aynmg [32]. The weights are updated as follows:

ject and background) attain their maximum at one of the ends 9E\ 8o

of the intensity value range and descend monotonically toward <—£> a—I{Oi

the other end, attaining the value of 0.5 exactly at the middlAw,; = J 8E] 90 S0
. . k 0.

of the range. In the proposed system, the neuron activation n <Zk <———wk1>> —ZLo; other layers

function and the error measuring function were completely doy. O 9L

modified in order to deal with multilevel segmentation. (12)

The network consists of an input layer, an output layer and at
least one hidden layer (Fig. 5). Each layer consistdfok N Where

@ (®) ©

output layer

neurons, every neuron corresponding to an image pixel. Edeh
neuron in one layer is only connected to the corresponditiy
neuron in the previous layer and the neurons irdith order
neighborhood (Fig. 6). A neighborhood system ovéfax N %

total input to theith neuron;

weight of link from neurort in one layer to neuron

7 in the next layer;

output of thesth neuron in the previous layer;

error in the network’s output (relative to the desired

lattice L is defined as E
target image);
i learning rate.
Note: For simplicity we used 1-D indexes in the above equa-
tions, the extension to fit the 2-D NN is straightforward.

nt={n}, cL:(ij)eL} (10)

wheren;ij, called thed-th order neighborhood df, ), is such For amultisigmoid as previously defined
that
. (i.5) & n; 9% _ o (g — s — o;
& = 04 — Y1 — 0, (13)
o (k1) € 71;[; implies (i, ) € ng,. ol; il 1= 0)

There are no connections between neurons in the same layer.
The NNs’ weights cannot be randomly initialized or they wilRnd the equations fakw;; become
alter the inputimage. In this work, all weights were initialized to
1, butitis also possible to initialize the weights using some kind n <_3_E> 0;(Yn — Y1 — 0;)01
of weighting window within the neighborhood of each pixel. , = _ do; ) T o
3) Activation function: In order to allow more than two stable~ ** OF o, ' N
states of the neuron output (i.e., more than two allowable inten- K <E’“ <_a_qa_awk1)> 03 (Un = Y1 = 0;)0

sity levels), a special activation function was developed. It con- (14)
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TABLE |
EXECUTION TIMES
Task Image size Execution time (approx.)
Iteration of the FCM 256x256 0.07 sec./iteration
algorithm
512x512 0.16 sec.fiteration
NN training epoch 256x256 0.36 sec./epoch
512x512 1.44 sec./epoch
Total average time (based on 50 256x256 7.1 sec.
iterations for FCM and 10 epochs for
the NN training) 512x512 22.4 sec.
y (b)
Fig. 9. (a) Synthetic image and its histogram. (b) Noisy version of (a).
s —
) determine the error. In the ideal case when the network con-
%= verges with no error at al . = 0), the outputs have only
I values who's membership values are “1” or “0,” defuzzifica-
E tion is not necessary. When the network does not converge com-
: pletely (whether stopped intentionally or not), the fuzzification
of the output image does not result in merely crisp member-
! - - T - B ship values. The information about the membership values of
Fig. 8. “Panda” image and its histogram. the pixels might be useful for further processing, depending on
the application at hand. If crisp labeling is required, a defuzzifi-
for the output layer and the other layers respectively. cation stage must be added. For display purposes, the simplest

5) Fuzziness measure/Error function: The error function de- defuzzification method is thresholding the fuzzy partition, so
fined at the first stage of the system is evaluated for the imagi@t each pixel is uniquely assigned to the class in which it has
output at each training epoch. As discussed before, the aintla¢ highest membership value. After being assigned to a single
the network is to reduce the degree of fuzziness of the inpiigss, the pixels can be labeled either with the value of the pro-
image. totype of their class, or with the value of the prototype weighted

6) Defuzzfication: As it should be understood from the deby the membership values of the pixels in their class (thus pre-
scriptions of the neural network, it is “working” directly on theserving some of the “fuzzy” information).
graylevel values, and not on their fuzzy membership values, as )
would be the case in a usual fuzzy image processing algorithm. Edge Detection (Block C)

In other words, the network does not change the fuzzy memberThe edge detection subsystem was added during the research
ship values of the pixels in order to reduce the error. Instead order to investigate the possibility to exploit the fuzzy entropy
it changes the initial pixel values to values that will decreaseformation for other applications. This subsystem is based on
the amount of fuzziness, according to the initial fuzzy partthe assumption that the edge pixels have the most ambiguous
tion. Thus, the output of the neural network is initially obtainedalues in the image, i.e., they give the largest contribution to
in terms of graylevels, which are then “fuzzyfied” in order tahe fuzzy entropy of the output image at each iteration. Thus,
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Fig. 10. Cluster validity for the “Panda” image.
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Fig. 11. Cluster validity for the synthetic image.
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Fig. 12. Cluster validity for the noisy synthetic image.

these pixels are those that undergo the greatest changes dutiegdata (whether the clusters are well separated or not) and,
the training/tuning of the system. Here, the edge image is ali-course, on the required precision. The execution time of the
tained by monitoring the changes that take place in the pixeNN training epochs depends on the image size and the neigh-
values between two consecutive iterations and integrating thésehood size. Theoretically, the number of required epochs de-

changes over the whole training period. pends on the error and activation functions (which in turn de-
pend on the nature of the data), on the learning rate and on
VI]. RESULTS AND DISCUSSION the required precision. Practically, the training may usually be

stopped after about ten epochs. In most cases, hard thresholding
the output at this stage yields satisfactory results. In terms of

The main stages of the proposed system were implementad-time memory requirements, the main demands are imposed
in a single C++ program. The edge detection process and thethe neural network. In special, four floating point matrices
visualization of the results were carried out using the MATLABT sized? = M + N (neighborhood size multiplied by the size
environment. The system was tested on over 100 images of difthe image) are needed for the two layers of weights and their
ferent types, as part of various applications under research at coiresponding updates, and three floating point matrixes of size
laboratory. M« N (the image size) are needed to store the three layers of the

Typical execution times on a Pentium 11, 733 MHz computenetwork (input, hidden and output). For example, running the al-
with 256 MB of RAM can be seen in Table |. Beside the imaggorithm on a 256« 256 image and using ax33 neighborhood
size, the execution time of the FCM algorithm iterations als@ould require more tha.5 = 10° floating point values, which
depends on the number of clusters. In average, about 50 iteanslates into 10 MB of memory (assuming 4-byte precision is
ations are needed. This number also depends on the naturerafugh for the floating point values).

A. Implementation
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B. Error Function Definition

1) Performance of Some Cluster Validity Measures. The
performances of several cluster validity measures were studied,
in order to test the possibility of using them as an automatic
tool for the determination of the number of classes in an image.
The cluster validity measures were applied to the partitions,
obtained by means of the FCM algorithm, of the image his-
tograms. The results obtained by the cluster validity measure
that turned out the best among those tested are demonstrated
here on two images. The “Panda” image shown in Fig. 8 is a _ o
natural image with three well-defined classes. The synthefil§: 14 Histogram of the synthetic image.
image in Fig. 9 is composed of five classes. In the case of thi

synthetic image, the validity measures were tested on the init? Itr}ehparti(tjon ggegi%ienBt, a(rjwdkt_h € ZPSart_iI'Eir(])n f.Eerpyh[(ﬂ)al’
image containing well-separated classes [Fig. 9(a)], as wall ©f them described by Bezdek in [28]. The figures show the

as on a noisy version of the image (Fig. 9(b), Gaussian noi%/g,lue Letu_rnedd by tge cqustTr vaI|d|E|¥hme31lsuresbfor d|(1;fefren:]
mean = 0, var = 3 x 10~2). The size of the synthetic image is ypothesized) numbers of classes. The values obtained for the

80 x 120 while the size of the “Panda” image is 141164. ‘correct” number of classes are highlighted.

Although the research in this regard is far from being com- R
plete, some of the preliminary results are shown here in order to PC = 1 Z Z 12, (15)
give a “flavor” of what can be achieved by using simple cluster niTli
validity measures. The performances of three of the cluster C
validity measures applied to the test images are presented in B=1- m[l - PC]
Figs. 10-12. These cluster validity measures are the Partition c -1 n
Coefficient [(15)], the Average Partition Separability proposed - 1 Z 1 (pti — Njk)Q] (16)
by Baker [(16)], which might be seen a normalized version -1 j=it1 =1 L™ =1
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Fig. 15. Images of the weight matrices.
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Fig. 16. Segmentation results and comparison.

C. The Operation of the Adaptive Thresholding NN

The system’s operation will be presented and explained with
the help of a synthetic image. In Fig. 13, the states of the input,

From the analysis of the results of a significant number diie hidden, and the output layers are visualized, after the conver-
tests, in may be concluded that these measures provided surgrggice of the NN. The histogram of the original image is shown
ingly good results (relative to other applications of cluster vaa Fig. 14.
lidity) when the objects composing an image are well separatedwith two exceptions (marked accordingly), all the results pre-
in the intensity level space (otherwise it is hard to judge thedented in this work were obtained usinge 3 window (neigh-
performance anyway, as even a human cannot decide whichdhood) size. It can be observed that the NN did not converge
the true number of classes). Thus, they may be useful in soomnpletely (the error is not zero), as some of the output values
specific applications, such as the automatic inspection of indwssil differ from the chosen labels. These ‘stubborn’ output nodes
trial components. are located at the borders between two adjacent regions (seg-

n C
PE = — ,1 ; 17
nlné k=§=:lik nuk (17)
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Fig. 17. Effects of increasing the size of the neighborhood.

ments). As anticipated, the edge pixels have the most ambiguou
values (this fact is exploited by the proposed edge detection suk
system). Note that while the output of the hidden layer might
be already regarded as a segmented image, the result of tt
output layer is significantly more defined (it contains less am-
biguous values). The fact that most of the learning takes place
at the boundary between image segments can be also seen C
the visualization of the weight values after network convergence
(Fig. 15). In Fig. 15, the 2-D images of the weight matrixes of
the hidden and of the output layer are shown. Because some ¢
the weights have large positive or negative values, the equatiol
shown at the bottom of the page was applied to the weights ir
order to visualize their values.

) & Epeckle (muliiplicagive) aole wish menmeil san var=i,i8_
D. Segmentation Results

The comparison between the segmented image obtainedFlgy18. Noise immunity.
means of the proposed system and some other algorithms is
shown in Fig. 16. Fig. 16(c). shows the results of hard-thresh-The proposed system was found to be robust to some real life
olding the image using the thresholds determined by the FCMmplications’ like the addition of noise, and changing illumi-
algorithm. Figs. 16(d)—(f) show the results produced by thré@tion conditions. For example, Fig. 18 shows the segmenta-
algorithms available in the Khoros environment. It can be objon results of some quite heavily noised versions of the Panda
served that the proposed system produces much smootherm@ge. Fig. 19 shows a darkened version of the Pandaimage, its
sults (less “noisy” regions), which is a desirable feature, evéistogram and the segmented image.
at the price of loosing some information. The results were ob- )
tained assuming’ = 3. E. Convergence Analysis

The region growing algorithm used here, which might not We could not prove convergence and stability of the adaptive
be the best one of it's kind, produced a clearly inferior resuttiresholding system analytically, mainly due to the nonconvex
in this case, because it gives different labels to separated (nnature of the error function and the complexity of the interac-
convex) regions even if they are of the same kind. Note that dtiens between the neighborhoods in the neural network. Exper-
to the good behavior (well defined clusters) of the example, tivaentally, the system was found to converge in all the tested
results obtained by using the FCM algorithm (Fig. 16(c)) anchses in the different applications where it was employed (the
the (Hard)K -Means algorithm are almost the same (only a fegystem was tested with over 100 images).
pixels differ). Here, the convergence of the system when applied to the

Fig. 17 shows the effects of increasing the size of the neighanda image is visualized in several ways. Fig. 20 shows the
borhood. It can be seen that as the neighborhood is increasamhvergence of the error. Three plots of the error as a function
better smoothing is obtained, but more detailed information @ the training epoch are shown, each one obtained for a dif-
lost. As a conclusion, when dealing with noisy images the uggrent weight update strategy.
of a larger neighborhood size is desirable. Otherwise, smallefThe slowest convergence rate was obtained when the learning
neighborhoods should be used to obtain more detail. Other pate (LR) was kept constant at a certain value. The fastest one
rameters, like the type of error function used (partition entropyias obtained when using the modified momentum method.
linear index of fuzziness, etc.) and the steepness factor of ffieis method lead to instability when the error was small (see
multisigmoid activation function did not show any significantzoomed” version of this curve in Fig. 21) because the learning
influence on the outcome of the segmentation algorithm (theste reached very high values, which causes “vibration” of
do influence the rate of convergence). output values close to the thresholds. Therefore, a compromise

sgn(weight) * log;,(abs(weight)) if abs(weight) > 10

Shown value = { weight else
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Fig. 19. Invariance with illumination conditions.
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Fig. 21. Unstable convergence.

was obtained by bounding the learning rate by a maximalvalu o o1 02 03 04 05 06 07 08 08 1
(the curve in the middle).

Fig. 22 shows the phase diagram of the error (the derivatit/
of the error as a function of the error) obtained when training
the system with a constant learning rate. It can be observed tznda” image), clearly indicating the convergence of the pixel
the derivative of the error remains negative (thus, the error ¥plues to the chosen labels.
ways decreases) and it decreases (in absolute value) as the error )
decreases (thus indicating convergence and stability). F. Edge Detection Results

Another way to observe the convergence of the system is byThe edge detection subsystem was found to perform poorly
analyzing the results of the segmentation itself. This is visualempared to some of the better edge detection algorithms ex-
ized here by either observing the resulting histogram or the dbting today, sometimes even worse than the classical, gradient
tained image. Fig. 23 shows the histogram of the output imatyge edge detectors (Prewitt, Sobel, etc.). Yet, the results are
after 10, 100, and 500 training epochs (when applied to theod enough to prove the point that the process of fuzzy entropy

'kg. 23. Histogram convergence.
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@ A
I &

Fig. 24. Edge detection results. (a) Original image. (b) Proposed algorithm. (c) DRF. (d) Sobel (thresholded).

(d)

Fig.25. Cellimage—segmentation (5 levels) and object extraction. The objer
extraction image is obtained by replacing the labels of the classes assumed to
compose the objects of interest by the original values of the pixels. Fig. 27. Segmentation (five levels) of a MRI image.

minimization does provide information about the ‘edginess’ &Ptimal smoothing filter (symmetric exponential filter of infin-
the pixels in an image, in addition to the segmentation. Furthdely arge window size) based on a one step model (a step edge
more, the algorithm proposed here has the advantage of beffgl the white noise) and the multi-edge model.
totally automatic. Also, some typical post-processing (like ed%a . L
linking) might enhance its performance. - Some Results in Different Applications

Fig. 24 shows the results of the edge detection subsystem apFhe proposed system was adapted and integrated into several
plied to the Panda image [Fig. 24(b)], compared to the resuétpplications under development at our laboratory. Some of the
of the (thresholded) Sobel operator [Fig. 24(d)] and of the opreliminary results were presented previously [34]-[36]. A few
timal Difference Recursive Filter (DRF) for edge detection akxamples of results obtained for different types of images are
gorithm. This filter, proposed by Shen and Castan [33], is amesented in Figs. 25-27.
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VII. DIscussiON ANDCONCLUSION

An adaptive system for the automatic segmentation of in-
tensity level images was presented in this paper. In order to
achieve the ability to robustly perform across the wide diver-
sity of images encountered in real world applications, resem-
blance to the human visual system was sought during the design
of the system. The “heart” of the proposed system, the neural
network that performs the adaptive thresholding, is biologically
inspired (beyond the simple modeling of artificial neurons): the
pyramidal averaging effect, which is a result of its special ar-
chitecture, is a known feature of the human visual system; al
the learning process based on the minimization of the fuzzy en-
tropy function is a kind of relaxation process, which is typical
of physical systems. The FCM algorithm, used to determine
the thresholds and the error function, was designed based on
human heuristics of what a “good” partition should be like. Al-
though our aim was to concentrate on the research of the con-
cepts described above rather than to achieve optimal segmenta-
tion results, the results we obtained are comparable with those
of other known methods and sometimes/from certain points of
view might even outperform them. In addition, the proposed
system has the advantage that it does not require any human ex-
pert intervention, nor ang priori information about the input
image.

In this study, minimization of an image’s fuzzy entropy was
employed as the target of an MLP neural network’s training,
thus transforming it into an unsupervised training scheme. Ob-
taining image segmentation by means of reducing the (fuzzy) ,
entropy of the image can be argued “philosophically” consid-
ering both the physical and the information theory significance
of “entropy.” The segmentation process may be regarded as one
that reduces the uncertainty in the image (about the belonging of
pixels to objects), as well as one that results in gain of informa-
tion (about the structure of the image). In addition to using fuzzy
entropy as a measure of the error of the segmentation systen]
this reasoning also led to its use as a criterion for determining
potential edge pixels (here it might be interesting to mention
the fact that the segmentation and edge detection operations are
complementary aspects of the object extraction problem). .

It was found that some of the “classical” cluster validity mea- [
sures can be relied upon in some cases (e.g., industrial applicds]
tions) to automatically choose the number of clusters (segmentsen
that appear in the image.

The system provided good results when tested on noisy im-€l
ages (different types of noise with low SNR were tested) and[gl
under changing illumination conditions.

Convergence of the adaptive thresholding system was n?{O]
proven analytically, but it was found experimentally in all the
(over 100) test cases.

The research issues/directions that might provide the greate[éi”
benefit are:

L]

* Experimenting with clustering algorithms other than;
the FCM algorithm, in order to find one that can detect
‘small’ clusters (the FCM algorithm tends to form parti-
tions where the number of data points in all the clusters iém]
similar).

] B.
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« Working with more features at the different processing

stages (data fusion). The label choosing system (i.e., the
clustering algorithm) can be easily adapted to deal with
more features, butin the case of the neural network the im-
plementation of this task is less trivial. In this latter case,
some changes to the network architecture are probably re-
quired (like linking multiple weights in parallel between
the neurons, one for each feature), besides adapting the
activation and the error functions. Of most importance are
the inclusions of color information (RGB, HUV, etc.) and
of local features (gradient value, mean local value, etc.).
Conduct multi-resolution analysis (look for segments at
different resolutions) either selecting an optimal global or
local window sizes or by integrating the results obtained
at different resolutions.

Further research on validity and convergence of the seg-
mentation system, especially in difficult real-life images
such as Fig. 28.

REFERENCES

Jahne, Digital Image Processing,
Springer-Verlag, 1993.

K. Jain, Fundamentals of Digital Image Processing. Upper Saddle
River, NJ: Prentice-Hall, 1989.

2nd ed. New York:

] A.Rosenfeld and A. KalDigital Picture Processing. New York: Aca-

demic, 1982, vol. II.

N. R. Pal and S. K. Pal, “A review on image segmentation techniques,”
Pattern Recog., vol. 26, pp. 1277-1294, 1993.

B. Kosko, Neural Networks for Sgnal Processing. Upper Saddle
River, NJ: Prentice-Hall, 1992.

B. J. Krose and P. van der Smagh Introduction to Neural Networks,

5th ed. Amsterdam, The Netherlands: Univ. of Amsterdam, 1993.

T. Kohonen,Self-Organization and Associative Memory.  New York:
Springer-Verlag, 1989.

R. O. Duda and P. E. HarRattern Classification and Scene Anal-

ysis. New York: Wiley, 1973.

A. Ghosh, N. R. Pal, and S. K. Pal, “Self-organization for object extrac-
tion using a multilayer neural network and fuzziness measutegE
Trans. Fuzzy Syst., vol. 1, pp. 54—-69, Feb. 1993.

A. Ghosh, “Use of fuzziness measures in layered networks for object
extraction: A generalization,Fuzzy Sets Syst., vol. 72, pp. 331-348,
1995.

L. O. Hall, A. Bensaid, L. Clarke, R. Velthuizen, M. Silbiger, and J.
Bezdek, “A comparison of neural network and fuzzy clustering tech-
niques in segmenting magnetic resonance images of the bt&iaE
Trans. Neural Networks, vol. 3, pp. 672—-682, Sept. 1992.

J. C. Bezdek, L. O. Hall, and L. P. Clarke, “Review of MR image seg-
mentation technigues using pattern recognitidvigd. Phys., vol. 20,

pp. 1033-1048, 1993.

N. Pal, J. Bezdek, and E. Tsao, “Generalized clustering networks and
Kohonen's self-organizing scheme&fFEE Trans. Neural Networks, vol.

4, pp. 549-557, July 1993.


https://www.researchgate.net/publication/3301664_A_comparison_of_neural_network_and_Fuzzy_clustering_techniques_in_segmenting_magnetic_resonance_images_of_the_brain_IEEE_Trans_Neural_Network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301664_A_comparison_of_neural_network_and_Fuzzy_clustering_techniques_in_segmenting_magnetic_resonance_images_of_the_brain_IEEE_Trans_Neural_Network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301664_A_comparison_of_neural_network_and_Fuzzy_clustering_techniques_in_segmenting_magnetic_resonance_images_of_the_brain_IEEE_Trans_Neural_Network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301664_A_comparison_of_neural_network_and_Fuzzy_clustering_techniques_in_segmenting_magnetic_resonance_images_of_the_brain_IEEE_Trans_Neural_Network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/14786320_Review_of_MRI_Segmentation_Techniques_using_Pattern_Recognition?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/14786320_Review_of_MRI_Segmentation_Techniques_using_Pattern_Recognition?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/14786320_Review_of_MRI_Segmentation_Techniques_using_Pattern_Recognition?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/234792473_Neural_Networks_for_Signal_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/234792473_Neural_Networks_for_Signal_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222361672_Use_of_fuzziness_measure_in_layered_networks_for_object_extraction_a_generalization_Fuzzy_Sets_Syst?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222361672_Use_of_fuzziness_measure_in_layered_networks_for_object_extraction_a_generalization_Fuzzy_Sets_Syst?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222361672_Use_of_fuzziness_measure_in_layered_networks_for_object_extraction_a_generalization_Fuzzy_Sets_Syst?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222467389_A_Review_on_Image_Segmentation_Techniques?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222467389_A_Review_on_Image_Segmentation_Techniques?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/221677990_Fundamental_of_Digital_Image_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/221677990_Fundamental_of_Digital_Image_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301756_Generalized_clustering_networks_and_Kohonen's_self-organizing_scheme?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301756_Generalized_clustering_networks_and_Kohonen's_self-organizing_scheme?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3301756_Generalized_clustering_networks_and_Kohonen's_self-organizing_scheme?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/31643034_Self-Organization_and_Associative_Memory_T_Kohonen?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/31643034_Self-Organization_and_Associative_Memory_T_Kohonen?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/285021978_Digital_Picture_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/285021978_Digital_Picture_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/248848344_Pattern_Classification_Scene_Analysis?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/248848344_Pattern_Classification_Scene_Analysis?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=

262

[14] G. Carpenter and S. Grossberg, “A massively parallel architecture fof25]

(15]

[16]

(17]
(18]

(19]

(20]

(21]

[22]

(23]

[24]

a self-organizing neural pattern recognition machir@gmp. Vision
Graph. Image Process, vol. 37, pp. 54-115, 1987.

S. Hidemoto and J. Toriwaki, “Automatic segmentation of head MRI [26]

images by knowledge guided thresholdinGgmp. Med. Imag. Graph.,
vol. 15, pp. 233-240, 1991.

S. G. Romaniuk and L. O. Hall, “Dynamic neural networks with the use [27]

of divide and conquer,Proc. |EEE Int. Joint Conf. Neural Networks,
vol. |, pp. 658-663, 1992.

H. R. TizhooshFuzzy Image Processing.  Berlin, Germany: Springer-
Verlag, 1997. in German.

J. C. Bezdek and S. K. Pal, Ed§uzzy Models for Pattern Recogni-
tion. New York: IEEE Press, 1992.

A. M. Bensaid, L. O. Hall, and J. C. Bezdek al., “Validity-guided
(Re)clustering with applications to image segmentatidBEE Trans.
Fuzzy Syst., vol. 4, pp. 113-123, 1996.

Y. A. Tolias and S. M. Panas, “Image segmentation by a fuzzy clusterind31]

algorithm using adaptive spatially constrained membership functions,”
|EEE Trans. Syst., Man, Cybern. A, vol. 28, pp. 359—369, May 1998.

R. Krishnapuram and J. M. Keller, “A possibilistic approach to clus-
tering,” |EEE Trans. Fuzzy Syst., vol. 1, pp. 98-110, May 1993.

S. Di Zenzo, L. Cinque, and S. Levialdi, “Image thresholding using
fuzzy entropies,1EEE Trans. Syst., Man, Cybern. Part B, vol. 28, pp.
15-23, Feb. 1998.

N. R. Pal and S. K. Pal, “Object-background segmentation using new
definitions of entropy,” inProc. Inst. Elec. Eng., vol. 136, 1989, pp.
284-295.

H. D. Cheng, C. H. Chen, H. H. Chiu, and H. Xu, “Fuzzy homogeneity
approach to multilevel thresholdinglEEE Trans. Image Processing,

vol. 7, pp. 1084-1086, July 1998.

(28]

[29]

(30]

(32]

(33]

(34]

(35]

(36]

IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 10, NO. 2, APRIL 2002

J. C. Bezdek, E. C. K. Tsao, and N. R. Pal, “Fuzzy Kohonen clustering
networks,” inProc. Int. Conf. Fuzzy Systems, San Diego, CA, 1992, pp.
1035-1043.

J. P. Davis, T. M. Warms, and W. R. Winters, “A neural net implemen-
tation of the fuzzy:-means clustering algorithmfProc. |EEE Int. Joint

Conf. Neural Networks, p. A-953, 1991.

J. S. Lin, K. S. Cheng, and C. W. Mao, “Multispectral magnetic reso-
nance images segmentation using fuzzy Hopfield neural netwhnk,”

J. Bio. Med. Comp., vol. 42, pp. 205-214, 1996.

J. C. BezdekPattern Recognition with Fuzzy Objective Function Algo-
rithms. New York: Plenum Press, 1981.

A. De Luca and S. Termini, “A definition of non probabilistic entropy in
the setting of fuzzy set theorylhform. Control, vol. 20, pp. 301-312,
1972.

B. Kosko, “Fuzzy entropy and conditioning,iform. <ci., vol. 40, pp.
165-174, 1986.

R. R. Yager, “On the measure of fuzziness and negation part I: Member-
ship in the unit interval,Int. J. Gen. Syst., vol. 5, pp. 221-229, 1979.

R. P. Lippmann, “An introduction to computing with neural net§EE
ASSP Mag., pp. 4-22, 1987.

J. Shen and S. Castan, “Edge detection based on multi-edge models,” in
Proc. SPIE, Cannes, France, 1987, pp. 46-53.

V. Boskovitz and H. Guterman, “Neuro-fuzzy system for adaptive multi-
level image segmentationProc. 19th |EEE Conf. EE Engineers|srael,

pp. 208-211, 1996.

——, “Self-tuning object extraction for online monitoring of biotechno-
logical processes,” iRroc. Int. Conf. Fuzzy Logic Application, Zichron-
Yaakov, Israel, 1997, pp. 174-182.

——, “Edge detection and image segmentation: Two sides of the same
coin,” Proc. 6th |IEEE Int. Conf. Fuzzy Systems, pp. 1063-1068, 1997.


https://www.researchgate.net/publication/3350806_Object_background_segmentation_using_new_definition_of_entropy?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3350806_Object_background_segmentation_using_new_definition_of_entropy?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3350806_Object_background_segmentation_using_new_definition_of_entropy?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/14311770_Multispectral_magnetic_resonance_images_segmentation_using_fuzzy_Hopfield_neural_network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/14311770_Multispectral_magnetic_resonance_images_segmentation_using_fuzzy_Hopfield_neural_network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/14311770_Multispectral_magnetic_resonance_images_segmentation_using_fuzzy_Hopfield_neural_network?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222475062_Fuzzy_entropy_and_conditioning_Inf_Sci?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222475062_Fuzzy_entropy_and_conditioning_Inf_Sci?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3249749_An_Introduction_to_Computing_with_Neural_Nets?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3249749_An_Introduction_to_Computing_with_Neural_Nets?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3326828_Fuzzy_homogeneity_approach_to_multilevel_thresholding_IEEE_Trans_Image_Process_71084-1088?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3326828_Fuzzy_homogeneity_approach_to_multilevel_thresholding_IEEE_Trans_Image_Process_71084-1088?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3326828_Fuzzy_homogeneity_approach_to_multilevel_thresholding_IEEE_Trans_Image_Process_71084-1088?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/220507961_Image_segmentation_by_a_fuzzy_clustering_algorithm_using_adaptive_spatially_constrained_membership_functions?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/220507961_Image_segmentation_by_a_fuzzy_clustering_algorithm_using_adaptive_spatially_constrained_membership_functions?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/220507961_Image_segmentation_by_a_fuzzy_clustering_algorithm_using_adaptive_spatially_constrained_membership_functions?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/224624509_A_neural_net_implementation_of_the_fuzzy_c-means_clustering_algorithm?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/224624509_A_neural_net_implementation_of_the_fuzzy_c-means_clustering_algorithm?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/224624509_A_neural_net_implementation_of_the_fuzzy_c-means_clustering_algorithm?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3335639_Validity-guided_Re_Clustering_with_applications_to_image_segmentation?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3335639_Validity-guided_Re_Clustering_with_applications_to_image_segmentation?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3335639_Validity-guided_Re_Clustering_with_applications_to_image_segmentation?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/224660547_Fuzzy_Kohonen_clustering_networks?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/224660547_Fuzzy_Kohonen_clustering_networks?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/224660547_Fuzzy_Kohonen_clustering_networks?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222443661_A_Massively_Parallel_Architecture_for_a_Self-Organizing_Neural_Pattern_Recognition_Machine?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222443661_A_Massively_Parallel_Architecture_for_a_Self-Organizing_Neural_Pattern_Recognition_Machine?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222443661_A_Massively_Parallel_Architecture_for_a_Self-Organizing_Neural_Pattern_Recognition_Machine?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3533513_Dynamic_neural_networks_with_the_use_of_divide_and_conquer?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3533513_Dynamic_neural_networks_with_the_use_of_divide_and_conquer?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/3533513_Dynamic_neural_networks_with_the_use_of_divide_and_conquer?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222841169_A_Definition_of_Non-Probabilistic_Entropy_in_the_Setting_of_Fuzzy_Set_Theory?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222841169_A_Definition_of_Non-Probabilistic_Entropy_in_the_Setting_of_Fuzzy_Set_Theory?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/222841169_A_Definition_of_Non-Probabilistic_Entropy_in_the_Setting_of_Fuzzy_Set_Theory?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/252661525_Edge_Detection_Based_On_Multi-Edge_Models?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/252661525_Edge_Detection_Based_On_Multi-Edge_Models?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/281354605_Fuzzy_Image_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/281354605_Fuzzy_Image_Processing?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/5596138_Image_thresholding_using_fuzzy_entropies?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/5596138_Image_thresholding_using_fuzzy_entropies?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/5596138_Image_thresholding_using_fuzzy_entropies?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/292797301_A_possibilistic_approach_of_clustering?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/292797301_A_possibilistic_approach_of_clustering?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/286201841_Pattern_recognition_with_fuzzy_objective_function_algorithms_Kluwer_Academic?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=
https://www.researchgate.net/publication/286201841_Pattern_recognition_with_fuzzy_objective_function_algorithms_Kluwer_Academic?el=1_x_8&enrichId=rgreq-4e5b2775-2624-48e7-9457-d8ce156cc7f0&enrichSource=Y292ZXJQYWdlOzMzMzU4NDg7QVM6MTAxNjkwODI5MTgwOTM4QDE0MDEyNTYzOTIzODc=

