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Abstract—Image segmentation is the process of assigning a
label to every pixel in an image such that pixels with the same
label are connected and meaningful, and share certain visual
characteristics. Pixels in a region are similar with respect to
some features or property, such as color, intensity, or texture.
Adjacent regions may be significantly different with respect to
the same characteristics. Therefore, it is difficult for a static (non-
learning) segmentation technique to accurately segment different
images with different characteristics. In this paper, an evolving
fuzzy system is used to segment medical images. The system
uses some training images to build an initial fuzzy system
which then evolves online as new images are encountered. Each
new image is segmented using the evolved fuzzy system and
may contribute to updating the system. This process provides
better segmentation results for new images compared to static
paradigms. The average of segmentation accuracy for test images
is calculated by comparing every segmented image with its gold
standard image prepared manually by an expert.
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I. INTRODUCTION

Evolving fuzzy systems are a recent approach used in
many applications to solve diverse problems through evolution
of fuzzy rules. Evolving fuzzy systems, however, have not
been used for image segmentation. Their dynamic capability
could improve the segmentation accuracy of different images
especially for real-world applications. In this paper, we propose
a method that uses evolving fuzzy systems to segment digital
images. The motivation for using evolving fuzzy systems is
the higher degree of adaptability to the complex and dynamic
nature of the segmentation problem. The experiments are
performed on breast ultrasound images.

This paper is organized as follows: In section II, SIFT
will be briefly described. In section III, the literature on
fuzzy image segmentation techniques is briefly reviewed. In
section IV, a review of the evolving fuzzy image segmentation
is provided. Section V, the proposed evolving fuzzy image
segmentation is described. In section VI, the results of applying
the proposed system to a set of image data is presented and
analysed. Section VII summarizes the paper.

II. SCALE INVARIANT FEATURE TRANSFORM (SIFT)

SIFT is an approach developed by Lowe [1] as a method
for object recognition. It depends on detecting a set of key
points in an object and calculates a set of descriptors (features)
for these points. These features can be used to recognize one
object from among different objects. The process of detecting
key points and calculating descriptors consist of four stages:
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1) Scale-space extrema detection: it uses a difference-of-
Gaussian function in different scales and locations to
calculate the potential of interest points that are invariant
to scale and orientation.

2) Key point localization: for each candidate point, a mea-
sure of their stability is performed to discard points with
low contrast or poorly located along the edges.

3) Orientation assignment: local image gradient directions
are used to assign one or more orientations to each key
point location, to make sure that the candidate points are
invariant to orientation.

4) Key point descriptor: after selecting the candidate points,
the local image gradients are measured in the region
around each key point.

We use SIFT method to locate the key points inside the
image that seems to be the most descriptive points. The
features are extracted from a rectangle around each point.

III. FUzzY IMAGE SEGMENTATION

Fuzzy approaches are relatively popular methods for im-
age segmentation. Here we provide a brief review of fuzzy
segmentation techniques that may be related to our work.

Fuzzy image segmentation has been used for processing
color images. In an approach [2], the segment (separated by
edges) within the image is treated as a fuzzy set and can grow
using fuzzy criteria. Moreover, the edge detection and region
growing algorithms are combined to find larger segments. In
a different approach [3], fuzzy c-mean (FCM) and principle
component analysis are combined to segment color images
using eigen-based membership fuzzy function.

Karmakar et al. [4] propose a generic fuzzy rule-based
segmentation technique that tries to solve the problem of
manual selection of the parameters of the fuzzy membership
in previous fuzzy segmentation techniques. This proposed
technique is unlike the previous fuzzy segmentation as it is
application-independent and incorporates spatial relationships
between pixels.

Tao et al. [5] present a new algorithm for image segmenta-
tion by a three-level thresholding technique based on maximum
fuzzy entropy and genetic algorithms. They divide the image
into three parts and determine the width and attribute of the
fuzzy region by maximizing fuzzy entropy. They use a genetic
algorithm to find the optimal combination of all parameters.
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Cinque et al. [6] suggest a modification to the existing fuzzy
approach for image segmentation adaptive reasoning theory
(ART) model. They state that their proposed approach solves
the problems of the existing ART model such as overfiting,
complexity and inability to measure the extent of match
between any two patterns.

Zhang et al. [7] suggest a new algorithm that uses a kernel-
induced distance metric instead of the original Euclidean
distance in the FCM and adding a spatial penalty on the mem-
bership functions to modify the objective function in the fuzzy
C-means (FCM). They use their approach for segmentation of
magnetic resonance imaging (MRI) data.

Cai et al. [8] propose a new fuzzy c-means clustering
algorithm that combines spatial and gray-level information of
the image for image segmentation. They called their algorithm
fast generalized fuzzy c-means (FGFCM).

Fuzzy clustering is used for segmenting noisy images.
That could be done by combining the spatial information
which is the summation of the membership functions in the
neighbourhood of each pixel under consideration of the image
into the membership function for clustering [9]. In a different
method, Fuzzy Tree Algorithm is used to represent the data
(spatial) and the path compression which helps in reducing
the CPU time [10]. In another approach, a modification of the
existing fuzzy c-means is used to segment noisy images [11].

Zhuge et al. [12] present a fuzzy connected-based image
segmentation to segment vectorial images. Their technique
extends the previous work on scalar images to vectorial images.
They apply their method on arbitrary dimensional vectorial
medical MR images.

Dou et al. [13] propose a fuzzy fusion technique to segment
brain tumours in MR images automatically. They suggest to
build a separate fuzzy model for each type of MRI image that
they may have some prior information about. The different
fuzzy models are then fused into one model.

Ma et al. [14] present a modification to the fuzzy C-means
image segmentation algorithm to be used with uneven illumi-
nation patterns. They insert biased illumination field estimation
to the existing recursive FCM algorithm. Moreover, they used
the intensity and average intensity of a pixel neighbourhood
to define new clustering centre and fuzzy clustering functions
and to dilate the initial segment to improve the segmentation
process.

Han et al. [15] propose an improvement of the Ant Colony
Algorithm (ACA) previously used in image segmentation but
with high complexity. They suggest to improve the algorithm
to reduce the computation time in image segmentation with a
modified fuzzy clustering method.

Hata et al. [16] propose a fuzzy technique for the segmen-
tation of the endorrhachis in magnetic resonance images. This
algorithm checks the possibility of the endorrhachis regions in
the image and gives the higher possibility a high fuzzy degree.
Moreover, they describe a fuzzy maximum intensity projection
(FMIP) technique that maps the higher fuzzy membership
degrees to brighter values in the data set.

Fan et al. [17] propose a new remote sensing image seg-

mentation approach that solves the problems of the clustering
quality caused by the position of the initialization of the
cluster centroids in the existing fuzzy C-means algorithm. They
suggest to use a single point iterative procedure in the fuzzy
C-means clustering to segment remote sensing images.

Foo et al. [18] propose a fuzzy rule-based image segmenta-
tion method to mark tumours in a three-dimensional CT data
using initial selection of a region of interest (ROI) by the user.

Di Martino et al. [19] use fuzzy transform technique to
compress images and then use the Fast Generalized Fuzzy C-
Means clustering algorithm to segment the compressed images.

All previous fuzzy segmentation techniques used fuzzy
rules and fuzzy clusters, or combined fuzzy rules with other
techniques such as principle component analysis approach
(PCA) to segment images. There is still need for a fuzzy
method that can update the fuzzy rules during the segmentation
process. Such dynamic approaches may help in improving
the segmentation accuracy and reduce the time required for
updating the rules manually.

IV. EVOLVING Fuzzy SYSTEMS

Evolving fuzzy systems are a rather recent development
used for many applications. Fuzzy rules could evolve using
different methods either by combining with neural networks
or genetic algorithms or other techniques that update the fuzzy
rules online. Evolving fuzzy rules have not been used for
medical image segmentation. We provide here a review of
evolving fuzzy systems and their applications.

Kasabov [20] proposed evolving fuzzy neural networks
that can learn and perform reasoning, rule extraction and
aggregation online. This network is applied to a bench-mark
problem. The evolving fuzzy neural network system uses
locally tuned elements to perform the process of incremental
online learning. When there are more data, the network should
be updated by pruning of the nodes, or aggregation of nodes.
The network consists of five layers with nodes that are created
and connected when data becomes available. The authors
compare their algorithm with the fuzzy neural networks and
the knowledge-based neural networks.

Futschik et al. [21] use evolving fuzzy neural networks
to overcome the problem of transparency in the classification
process of the existing statistical and machine learning meth-
ods. They used the evolving fuzzy neural networks to classify
cancer tissue. They extract fuzzy rules associated with genes
that are evidence of specific types of cancer.

Rivas et al. [22] propose a method to design fuzzy member-
ship functions and fuzzy rules using evolutionary computation.
They state that their design is simultaneous and its elements
are mutually dependent. They also develop an algorithm that is
applied directly to the data structure of the fuzzy logic system
instead of a binary representation.

Angelov [23] proposed a fuzzy controller of Takagi-Sugeno
type with evolving structure. He proposed a new technique
for online identification of Takagi-Sugeno systems. He uses
the data collected during the process of control to build up
the Fuzzy rules of the structure of the controller. The fuzzy
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controller is trained using the data collected during the process
of control in a non-iterative, recursive way. He provides an
example from air-conditioning systems to explain his method.

Chang et al. [24] propose a new hybrid model to forecast the
future sales of a printed circuit board factory. They use Self
Organization Maps (SOM) along with a Genetic Algorithm
(GA) and Fuzzy Rule-Based system to build their hybrid
model. They reduced the interaction between fuzzy rules by
clustering the fuzzy rules into different clusters. They optimize
the number of fuzzy terms of the input and output which
turns the fuzzy rules into evolving fuzzy rules. Chang et al.
[25] propose an approach that uses a weighted evolving fuzzy
neural network system to forecast the future sales of printed
circuit board.

Rong et al. [26] use the functional equivalence between a
radial basis function network and a fuzzy inference system
to develop a sequential adaptive fuzzy inference system. The
proposed algorithm is an adaptive technique that depends on
the input data to decide whether to add or remove a fuzzy rule
from/to the fuzzy rule base.

Xydeas et al.[27] propose two new models to solve the
problem of the classification of the brain signals (electroen-
cephalogram (EEG)). They use dependant hidden Markov
models to represent the inputs in their first method. In the
second method, they use a recursive, online, and evolvable
fuzzy rule base to classify the EEG signals.

Lin et al. [28] propose a self-adaptive neural fuzzy network
with group-based symbiotic evolution to be used in prediction
applications. Their approach contains a self-clustering algo-
rithm (SCA) that addresses the internal structure in which the
number of clusters (fuzzy rules) is equal to the true number of
clusters in a given training data set. They use a group-based
symbiotic evolution learning method that is used to get the
desired output by adjusting the parameters.

Barros et al. [29] propose a model that makes an online
identification of computationally undemanding evolving fuzzy
models. They propose an approach that models non-linear
dynamic systems using an online evolving fuzzy model. The
rule base is built via incremental learning when accepting new
input by adding new rule or deleting, updating existing rule
base.

Linden et al. [30] use evolving fuzzy rules and genetic
algorithm (in which the rules are represented as an expression
in reverse Polish notation) to extract rules from micro array
data. They apply their algorithm to problems arising in the
construction of gene regulatory networks.

Angelov et al. [31] proposed an evolving fuzzy classifier
using different model architectures. They suggest two different
approaches for online evolving fuzzy classifiers that could
work with different model architectures. Moreover, their first
approach can have a multi-input-multi-output architecture.
They apply their approach on handwriting recognition and,
real-life problem of image classification.

Phan et al. [32] propose a direct self-structuring adaptive
fuzzy control approach for affine nonlinear single-input-single
output systems. This approach is a self-structuring approach

that adds new membership functions and rules to adjust the
system and reduce the number of rules by replacing the old
membership functions by new ones.

Du et al. [33] study the application of evolving Takagi-
Sugeno fuzzy model to non-linear system identification. The
authors use genetic algorithm to propose a new encoding
approach for learning the Takagi-Sugeno model. They suggest
to represent the rules and the inputs and membership functions
of the fuzzy system in one chromosome to be evolved.

Lai et al. [34] propose an evolving fuzzy decision tree for
financial time series data forecasting for stocks in Taiwan Stock
Exchange Corporation. They build a decision-making system
by combining a clustering technique, a fuzzy decision tree, and
genetic algorithms.

Lughofer [35] study the application on surface inspection
using two different on-line evolving image classifiers. The
first one is a supervised classification approach that uses
conventional vector quantization and forming an incremental
evolving variant around it.

Juang et al. [36] provide a dynamic system processing
using recurrent self-evolving fuzzy neural network with local
feedbacks. Their approach is an online approach that uses a
learning process of the structures (generating the fuzzy rules
online) and the parameters. A Kalman filter is used to learn the
consequent parameters. As well, a gradient descent algorithm
is used to learn the antecedent parameters.

V. EVOLVING Fuzzy IMAGE SEGMENTATION

The idea of evolving fuzzy image segmentation is straight-
forward: generate a rule-base for segmentation and then let the
rules evolve to reach or maintain a high accuracy level.

We start with a set of training images randomly selected
from the available set of test images along with their gold
standard image. The algorithm should start with extracting
features. For this purpose we use a set of points detected
by the SIFT within a rectangle around the region of interest
in these training images. We focus on the simplest form of
segmentation, namely thresholding. A set of initial fuzzy rules
can be built using the features of the training images as
antecedent and their optimal threshold values as consequent.
The remaining images in our test set are segmented using the
initial fuzzy rules. Based on the quality of the result for any
new image, the initial fuzzy rules are evolved. This process is
repeated multiple times as long as new images coming, rules
are updated. This should increase the segmentation accuracy
of the coming new images. The results of segmentation of new
images are recorded by calculating the average accuracies by
comparing it with its gold standard image prepared manually
by an expert.

A. Detection Algorithm

Since features would make more sense if they are calculated
for the “region of interest”, all images are first processed by a
detection algorithm which finds the position of the first seed
point inside the region of interest and create a rectangle R
around this point. The algorithm performed as follow:
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« The seed point P is calculated by tracing a 10 x 10 mask
over the image I and calculating the sum and the standard
deviation of every mask and the correlation between the
mask and its neighbour. Based on empirical knowledge
about our test images, the region of interest has low gray-
level intensities and generally a low standard deviation.
The mask that has minimum sum and minimum standard
deviation is considered the mask contains the seed point.
The correlation coefficients between the mask and its
preceding mask are used to select the mask containing the
seed point if the minimum sum and minimum standard
deviation are in two different masks. Hence, for every
10 x 10 part of the image the minimum sum, standard
deviation and correlation are considered to mark the
position of a seed point inside the region of interest.

o The algorithm proceeds by constructing a rectangle
around the region of interest using the point P as the
center of the rectangle. Based on the empirical knowledge,
the algorithm starts by finding a region around P as a nxn
window (e.g. 100 x 100) and incrementally enlarges the
window (e.g. with 10 x 10). This process stops when the
standard deviation of one window becomes greater than or
less than the standard deviation of the previous region by a
certain limit e (e.g. 3%); the last window is considered the
region of interest R. These images are stored to be used
for extracting feature in the training and testing phases.
In most images, the detection algorithm detects a correct
point inside the region of interest. For other images, it
failed to detect a correct point but we proceed with the
rectangle generated by the algorithm.

B. Training Phase

In this phase, we start with the process of feature extraction
then the initial fuzzy system will be built (Fig. 1).

1) Feature Extraction: The proposed technique starts with
extracting a set of features from training images and uses
these features to assign best thresholds to different images
using a fuzzy system consisting of fuzzy rules. The process
of extracting features is performed as follow:

o The algorithm randomly selects 5 of 20 medical images
(breast ultrasound scans) as a training set and the remain-
ing 15 images are used for testing.

« For each training image, the rectangle R around the region
of interest created by the detection algorithm is used.

« The rectangle around the region of interest R is provided
to the SIFT algorithm which then returns a set of key
points p1,p2, - - -, p, Within the rectangle R.

« For each key point assigned by SIFT a 40 x 40 rectangle
is constructed around the point and a set of features are
extracted.

« For each image, the optimal threshold is calculated in
order to be used for rule generation.

We use simple features that can be calculated fast:

o The mean gray-level ps for each 40 x 40 rectangle S
around each key point generated by SIFT: The average

gray-level of a sub-image is an indication of its dark-
ness/brightness.

« The standard deviation os for each 40 x 40 rectangle S
around each key point generated by SIFT: The intensity
variation captured by the standard deviation quantifies our
confidence in darkness/brightness of the sub-image.

« The distance ds = max S — min S between the maximum
and the minimum of each 40 x 40 rectangle S around
each key point generated by SIFT: This distance provides
additional information to distinguish between different
variation levels captured by standard deviation.

Using the SIFT guarantees that the features are extracted in

regions with invariant significant characteristics.

2) Building the Initial Fuzzy System: The initial fuzzy
system is built from a set of images randomly selected from
the set of available images. The input to the fuzzy system
consists of the three features calculated around each key point
generated by SIFT:

« The mean gray-level s

« The standard deviation o5

o The distance ds = max S — min S between the maximum
and the minimum of each 40 x 40 rectangle S .

For each training image, SIFT assign n points inside the region
of interest. The features are extracted and calculated from every
training image from the rectangles around the n points assigned
by SIFT. All features are recorded in a matrix called Inpur
matrix. The Input matrix consists of three columns describing
the three features and number of rows is equal the number
of SIFT points in each image multiplied by the number of
training images. In our case, we use five images for training,
and the SIFT technique detects ten key points in every image.
So the Input matrix has 5 x 10 = 50 rows.

The Output (optimal threshold) is a matrix consisting of the
optimal thresholds for every training image.

We used the Matlab function “genfis” to generate the rules
from the data. The genfis function takes two parameters, namely
the Input and the Output matrix. A general example for the
rules generated is as follows:

IF (u IS p1) AND (o IS 1) AND (d IS d1)
THEN (Threshold IS thl)

C. Testing phase

After building the initial fuzzy system using randomly
selected images, the remaining set of test images can be
segmented using the evolving fuzzy system (Fig. 1) which can
be described as follows:

1) For each image, the rectangle R around the region of

interest created by the detection algorithm is used.

2) The rectangle R is fed into SIFT which returns a set N

of key points inside R.
3) The set of features are now calculated from a 40 x 40
rectangle around each point in N.

4) For every coming new image,

« The extracted features from every point are used to
run the initial fuzzy system which assigns the image
a threshold for each point in N.
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« The extracted features are stored to be added to the
Input matrix later.
« The threshold 7" for segmenting the image is calcu-
late by taking the average of all thresholds for each
point n; € Ni: T = 1z SiMir
« For each Image, the assigned threshold is used to
segment the image 1.
« The thresholded image is preseneted to an expert to
judge its quality. The expert’s evaluation may be:
a) The threshold is too high (threshold adjustment
set to A = —25), OR

b) The threshold is high (threshold adjustment set
to A = —15), OR

¢) The threshold is low (threshold adjustment set to
A = +15), OR

d) The threshold is too low (threshold adjustment
set to A = +25).

o The adjusted threshods along the newly extracted
features are inserted to the Output and Input matri-
ces, respectively.

o The new Input and Output matrices are used in the
Matlab function “genfis” to evolve the initial fuzzy
rules.

o The next new image is segmented using the newly
generated rules and the process repeated.

5) After finishing all test images, the average of segmenta-
tion accuracy and other statistics are now calculated.

All Images H| Detection Algorithm |

* Detect seed point
« Createrectangle
Raround ROL.

Phase Testing |Phase
ste SIFT to detect key points

Extract features from
rectangles around key points

Training

/lUse SIFT to detect key points \

]

Extract features from
rectangles around key points

\

* Generate a threshold
Optimum J/ \L

thresholds Features Segment Expert alter
image threshold

Build the initialfuzzy system T

Regenerate the fuzzy system /
The evolving fuzzy segmentation

| * Simulatethe fuzzy system |

Fig. 1.

VI. EXPERIMENT AND RESULTS

The proposed approach randomly selects 5 of 20 medical
images as a training set and the remaining 15 images are
used for testing. All results of 10 different training sets are
calculated and recorded in the Table I.

The following metrics have been employed to verify the
performance of the proposed approach (A and B are two
segments, one of them being the gold standard):

1) The Dice coefficient D of segmentation accuracy,

2% |AN B

PO =TT

(L

2) The standard deviation op of the Dice coefficient.

3) The average of segmentation accuracy J is calculated
using the area overlap (also called Jaccard Index)

_|AnB|

AU B @

J(A, B)
4) The standard deviation o; of the Jaccard index.
5) The confidence interval (CI) of Jaccard index C1I;.
6) The null hypothesis (T-test) between the fuzzy results
and the evolving fuzzy results helps to ensure that they
are really different.

Sample results of the proposed algorithm are shown in
Figure 2. In all images, there is a high improvement in
the segmentation accuracy when applying the evolving fuzzy
proposed algorithm compared with the ordinary fuzzy rule-
based segmentation.

Generally, it is obvious from the Table I that the proposed
algorithm performs segmentation more accurately than the
conventional fuzzy algorithm. The proposed algorithm has
the highest segmentation accuracy and the lowest standard
deviation in all training sets. For example, in the fourth training
set, the segmentation accuracy increases from 64% in the
fuzzy segmentation to 74% in the proposed evolving fuzzy
segmentation, and the standard deviation decreased from 25%
to 18%. On the other hand, the dice value increased from
75% to 84% and its standard deviation decreased from 22%
to 14%. Moreover, the 95% confidence interval of the Jaccard
index increased from 50%-78% to 64% - 84%. As well, the
95% confidence interval of the dice value increased from 63%-
88% to 76% - 92% which means that the proposed system is
more consistent. The validation of the null hypothesis indicates
that in the half of the training sets the segmentation accuracy
improved.

VII. CONCLUSIONS

An evolving fuzzy system was used to segment images by
updating the fuzzy rules. Initial fuzzy rules were generated
and then updated online. Initial fuzzy rules were created from
a number of images randomly selected from the available
image set of medical images. The remaining set of images
was segmented using the initial fuzzy rules. New images
were segmented using the evolving fuzzy rule base. Based on
expert’s evaluation, the new rules were calculated for every
new image and used to evolve the existing fuzzy rules to
segment the following images more accurately. Results show
clear improvements in segmentation accuracy.

REFERENCES

[1] D. Lowe, “Distinctive image features from scale-invariant keypoints,”
International journal of computer vision, vol. 60, no. 2, pp. 91-110,
2004.

[2] A. Moghaddamzadeh and N. Bourbakis, “A fuzzy region growing
approach for segmentation of color images,” Pattern recognition, vol. 30,
no. 6, pp. 867-881, 1997.

1607



(3]

(41

[5

—_

[6

—_

(71

[8

—_

[9]

[10]

[11]

[12]

[13]

Fig. 2. Sample results (from left to right): original image, fuzzy results, evolving fuzzy results, and corresponding gold standard images.

J. Yang, S. Hao, and P. Chung, “Color image segmentation using fuzzy
C-means and eigenspace projections,” Signal Processing, vol. 82, no. 3,
pp. 461472, 2002.

G. Karmakar and L. Dooley, “A generic fuzzy rule based image
segmentation algorithm,” Pattern Recognition Letters, vol. 23, no. 10,
pp. 1215-1227, 2002.

W. Tao, J. Tian, and J. Liu, “Image segmentation by three-level thresh-
olding based on maximum fuzzy entropy and genetic algorithm,” Pattern
Recognition Letters, vol. 24, no. 16, pp. 3069-3078, 2003.

L. Cinque, G. Foresti, and L. Lombardi, “A clustering fuzzy approach
for image segmentation,” Pattern Recognition, vol. 37, no. 9, pp. 1797—
1807, 2004.

D. Zhang and S. Chen, “A novel kernelized fuzzy c-means algorithm
with application in medical image segmentation,” Artificial Intelligence
in Medicine, vol. 32, no. 1, pp. 37-50, 2004.

W. Cai, S. Chen, and D. Zhang, “Fast and robust fuzzy c-means cluster-
ing algorithms incorporating local information for image segmentation,”
Pattern Recognition, vol. 40, no. 3, pp. 825-838, 2007.

K. Chuang, H. Tzeng, S. Chen, J. Wu, and T. Chen, “Fuzzy c-means
clustering with spatial information for image segmentation,” Computer-
ized Medical Imaging and Graphics, vol. 30, no. 1, pp. 9-15, 2006.

A. Doncescu, J. Aguilar-Martin, and J. Atine, “Image color segmentation
using the fuzzy tree algorithm T-LAMDA,” Fuzzy sets and systems,
vol. 158, no. 3, pp. 230-238, 2007.

Z. Yang, F. Chung, and W. Shitong, “Robust fuzzy clustering-based
image segmentation,” Applied Soft Computing, vol. 9, no. 1, pp. 80—
84, 20009.

Y. Zhuge, J. Udupa, and P. Saha, “Vectorial scale-based fuzzy-connected
image segmentation,” Computer Vision and Image Understanding,

vol. 101, no. 3, pp. 177-193, 2006.
W. Dou, S. Ruan, Y. Chen, D. Bloyet, and J. Constans, “A framework of

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

1608

fuzzy information fusion for the segmentation of brain tumor tissues on
MR images,” Image and Vision Computing, vol. 25, no. 2, pp. 164-171,
2007.

L. Ma and R. Staunton, “A modified fuzzy C-means image segmentation
algorithm for use with uneven illumination patterns,” Pattern recognition,
vol. 40, no. 11, pp. 3005-3011, 2007.

Y. Han and P. Shi, “An improved ant colony algorithm for fuzzy
clustering in image segmentation,” Neurocomputing, vol. 70, no. 4-6,
pp. 665-671, 2007.

Y. Hata and S. Kobashi, “Fuzzy segmentation of endorrhachis in mag-
netic resonance images and its fuzzy maximum intensity projection,”
Applied Soft Computing, vol. 9, no. 3, pp. 1156-1169, 2009.

J. Fan, M. Han, and J. Wang, “Single point iterative weighted fuzzy
C-means clustering algorithm for remote sensing image segmentation,”
Pattern Recognition, vol. 42, no. 11, pp. 2527-2540, 2009.

J. Foo, G. Miyano, T. Lobe, and E. Winer, “Three-dimensional segmen-
tation of tumors from CT image data using an adaptive fuzzy system,”
Computers in biology and medicine, vol. 39, no. 10, pp. 869-878, 2009.
F. Di Martino, V. Loia, and S. Sessa, “A segmentation method for images
compressed by fuzzy transforms,” Fuzzy Sets and Systems, vol. 161,
no. 1, pp. 56-74, 2010.

K. Kasabov, “On-line learning, reasoning, rule extraction and aggregation
in locally optimized evolving fuzzy neural networks,” Neurocomputing,
vol. 41, no. 1-4, pp. 25-45, 2001.

M. Futschik, A. Reeve, and N. Kasabov, “Evolving connectionist systems
for knowledge discovery from gene expression data of cancer tissue,”
Artificial Intelligence in Medicine, vol. 28, no. 2, pp. 165-189, 2003.
V. Rivas, J. Merelo, I. Rojas, G. Romero, P. Castillo, and J. Carpio,
“Evolving two-dimensional fuzzy systems,” Fuzzy sets and systems,
vol. 138, no. 2, pp. 381-398, 2003.



[23]

[24]

[25]

[26]

[27]

[28]

[29]

TABLE I
SUMMARY OF THE RESULTS FUZZY SEGMENTATION (FS) AND EVOLVING FUZZY SEGMENTATION (EFS): JACCARD INDEX J (ACCURACY), ITS STANDARD
DEVIATION ¢ 7 AND 95%-CONFIDENCE INTERVAL C1 j, THE DICE COEFFICIENT D (ACCURACY), ITS STANDARD DEVIATION o p AND 95%-CONFIDENCE

INTERVAL CIp.

Training Set [Method | J [ oy [ CI;y [ D [ op | CIp [ NullHypo.
First Training set FS 70% | 24% | 57%-84% | 80% | 20% | 69%-92%
EFS 70% | 24% | 57%-84% | 80% | 20% | 69%-92% 0
Second Training set FS 58% | 27% | 43%-74% | 70% | 25% | 56%-84%
EFS 73% | 19% | 62%-84% | 83% | 16% | 73%-92% 1
Third Training set FS 61% | 24% | 48%-75% | 73% | 21% | 61%-85%
EFS 67% | 25% | 53%-81% | 77% | 22% | 65%-90% 0
Fourth Training set FS 64% | 25% | 50%-78% | 75% | 22% | 63%-88%
EFS 74% | 18% | 64%-84% | 84% | 14% | 76%-92% 1
Fifth Training set FS 61% | 24% | 41%-74% | 12% | 21% | 60%-84%
EFS 1% | 23% | 58%-84% | 81% | 20% | 69%-92% 1
Sixth Training set FS 3% | 20% | 62%-85% | 83% | 18% | 73%-93%
EFS 77% | 18% | 67%-87% | 86% | 16% | 77%-95% 0
Seventh Training set FS 2% | 23% | 59%-85% | 81% | 20% | 70%-93%
EFS 73% | 23% | 60%-85% | 82% | 20% | 70%-93% 0
Eighth Training set FS 55% | 29% | 39%-71% | 66% | 26% | 52%-81%
EFS 1% | 23% | 58%-84% | 81% | 20% | 69%-92% 1
Nineth Training set FS 51% | 28% | 36%-67% | 63% | 26% | 49%-78%
EFS 64% | 23% | 51%-77% | 75% | 20% | 64%-87% 1
Tenth Training set FS 63% | 27% | 48%-79% | 74% | 25% | 60%-88%
EFS 2% | 24% | 59%-86% | 81% | 20% | 70%-93% 0
P. Angelov, “A fuzzy controller with evolving structure,” Information no. 18, pp. 1997-2012, 2007.
Sciences, vol. 161, no. 1-2, pp. 21-35, 2004. [30] R. Linden and A. Bhaya, “Evolving fuzzy rules to model gene expres-
P. Chang, C. Liu, and Y. Wang, “A hybrid model by clustering and sion,” Biosystems, vol. 88, no. 1-2, pp. 76-91, 2007.
evolving fuzzy rules for sales decision supports in printed circuit board [31] P. Angelov, E. Lughofer, and X. Zhou, “Evolving fuzzy classifiers using
industry,” Decision Support Systems, vol. 42, no. 3, pp. 1254-1269, 2006. different model architectures,” Fuzzy Sets and Systems, vol. 159, no. 23,
P. Chang, Y. Wang, and C. Liu, “The development of a weighted evolving pp. 3160-3182, 2008.
fuzzy neural network for PCB sales forecasting,” Expert Systems with [32] P.Phan and T. Gale, “Direct adaptive fuzzy control with a self-structuring
Applications, vol. 32, no. 1, pp. 86-96, 2007. algorithm,” Fuzzy Sets and Systems, vol. 159, no. 8, pp. 871-899, 2008.
H. Rong, N. Sundararajan, G. Huang, and P. Saratchandran, “Sequential [33] H. Du and N. Zhang, “Application of evolving Takagi-Sugeno fuzzy
Adaptive Fuzzy Inference System (SAFIS) for nonlinear system identifi- model to nonlinear system identification,” Applied Soft Computing,
cation and prediction,” Fuzzy sets and systems, vol. 157, no. 9, pp. 1260- vol. 8, no. 1, pp. 676-686, 2008.
1275, 2006. [34] R. Lai, C. Fan, W. Huang, and P. Chang, “Evolving and clustering fuzzy
C. Xydeas, P. Angelov, S. Chiao, and M. Reoullas, “Advances in decision tree for financial time series data forecasting,” Expert Systems
classification of EEG signals via evolving fuzzy classifiers and dependant with Applications, vol. 36, no. 2, pp. 3761-3773, 20009.
multiple HMMSs,” Computers in biology and medicine, vol. 36, no. 10, [35] E. Lughofer, “On-line evolving image classifiers and their application
pp- 1064-1083, 2006. to surface inspection,” Image and Vision Computing, vol. 28, no. 7,
C. Lin and Y. Xu, “A self-adaptive neural fuzzy network with group- pp. 1065-1079, 2010.
based symbiotic evolution and its prediction applications,” Fuzzy Sets [36] C. Juang, Y. Lin, and C. Tu, “A recurrent self-evolving fuzzy neural

and Systems, vol. 157, no. 8, pp. 1036-1056, 2006.
J. de Barros and A. Dexter, “On-line identification of computationally
undemanding evolving fuzzy models,” Fuzzy sets and systems, vol. 158,

1609

network with local feedbacks and its application to dynamic system
processing,” Fuzzy Sets and Systems, vol. 161, no. 19, pp. 2552-2568,
2010.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks true
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (Japan Color 2001 Coated)
      /DestinationProfileSelector /WorkingCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 400
        /LineArtTextResolution 1200
        /PresetName <FEFF005B9AD889E367905EA6005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 0
      /MarksWeight 0.283460
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /JapaneseWithCircle
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed true
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


