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ABSTRACT

The task of segmenting cell nuclei in microscope images is
a classical image analysis problem. The accurate nuclei seg-
mentation may contribute to development of successful sys-
tem which automate the analysis of microscope images for
pathology detection. In this article we describe a method for
semi-supervised training of fuzzy logic engine. The fuzzy
logic engine is applied to connect a set of parameters proven
to be important for nucleus segmentation. In addition each
parameter for itself is detected using a set of fuzzy logic
rules. We present results of nuclei segmentation using fuzzy
logic set of rules.

1. INTRODUCTION

The fuzzy logic (FL) control was first introduced by Zadeh
[1]in 1965. The difference between fuzzy logic control and
classical control is that in a classical case data either belongs
to a set or not. In FL the degree of belonging to a fuzzy set
is called membership grade (MG) that depends on the struc-
ture of the fuzzy set described by a membership function
(MF).

Fuzzy logic-based rule induction can handle noise and
uncertainty in data values well. Selecting and extracting
useful attributes of target objects in noisy data is not an obvi-
ous task. In these case, domain knowledge and user analysis
can be useful. Fuzzy logic based models utilize the domain
knowledge in coming up with rules of data selection and
extraction. In addition, it possible to implement the fuzzy
logic rules as an optical system thus obtaining real-time seg-
mentation [2].

Automatic nucleus segmentation is a difficult task: nu-
clei vary in color and shape. Moreover, they are surrounded
by cytoplasm having similar color attributes. In order to
distinguish the nuclei from the background we have used
the following features: color, circularity, and object dimen-
sions. A statistical model was derived for the distribution
of these features and the fuzzy logic engine was trained ac-
cording to the distributions of the features. Then the fea-
tures were combined into fuzzy rules. We demonstrate the
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nuclei segmentation results based on the fuzzy logic engine
that employs these rules.

The paper is organized as follows. Section 2 presents
overview of previous work. Section 3 is a short introduc-
tion into fuzzy logic. Training process of the fuzzy logic
engine in described in section 4. Experimental results are
presented in section 5. Section 6 concludes the paper.

2. PREVIOUS WORK

Cell nuclei segmentation is an important stage in micro-
scope image analysis. Unsupervised nucleus segmentation
based on dual active contour algorithm was used in [3].
In [4] morphological watersheds was used for nuclei seg-
mentation. The oversegmentation problem peculiar to this
method was prevented by using an efficient homotopy im-
age modification module. In [5] multistage segmentation
algorithm was proposed. In the first stage Compact Hough
Transform is used to determine possible locations of nu-
clei, then nuclei boundary was calculated by optimization of
boundary likelihood function. Energy and entropy features
extracted from multiwavelet coefficients of an image and
co-occurrence matrix were used for grading of pathological
images of prostate in [6]. General technique for the analysis
of multimodal data based on the mean shift nonparametric
analysis [7] was applied in [8] for cell image segmentation.
Fuzzy k-nearest neighbor algorithm was used in [9] and[10]
to assess the accuracy of oncological prognosis and to de-
termine the significance of prognostic markers.

3. FUZZY SYSTEMS

The theory of fuzzy logic was developed by Zadeh in the
late 1960s [1]. This was the rediscovering of the multi-
valued logic created by Lukasiewicz. The main idea was
that most of the phenomena of the real world could not be
described by two values, as is assumed in the classical set
approach. A fuzzy set is a set without a crisp boundary.
That is, the translation from “belonging to a set” to ’not be-
longing to a set” is gradual, and this smooth transition is
characterized by membership functions that give fuzzy sets
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flexibility in modeling commonly used linguistic expression
such as the object is dark™ or “’the object is round”.

The fuzzy sets and membership functions are defined in
the following manner: if X is a collection of objects, then a
fuzzy set A in X is defined as a set of ordered pairs:

A= {(z,pa(z))|r € X}.

In the above equation, A is a fuzzy set and 114 () is a mem-
bership function (MF in short) of x in A. The MF maps
each element of X to a continuous membership value (or
membership grade) between 0 and 1. There are many types
of membership functions (trapezoid, Gaussian, generalized
bell, sigmoidal, etc.). For our application sigmoidal and
Gaussian MF are chosen.
A fuzzy rule base contains fuzzy rules R;:

Ri : IF(a:lisAﬂ) A (Q:QZ'SAZ‘Q) VARERIVAN (anSAm)
THEN (yisB;),

where A;; and B; are fuzzy sets, x; and y are fuzzy inputs
and output correspondingly. The structure of a rule is the
following:

IF Premise THEN Conclusion,

where the premise consists of antecedents linked by fuzzy
operator A (AND). There are many alternative possibili-
ties to define the fuzzy operator. The most frequently used
one is the minimum operation. In the MAX-MIN inference
method, the activation degree of the premise is:

w; = mln{wila W52, - - - ;wm}7

where w;; is the intersection between input x; and fuzzy set
X;; in the i*" rule. In a fuzzy inference system the output
is calculated in the following way: the activation degree w;
is computed for each rule in the rule base. Then the i out-
put fuzzy set is cut-off by w; in each rule and the union of
these cut-off fuzzy sets is composed, where the union means
generally the maximum operation. Then a crisp value from
the resultant output fuzzy set is calculated. This process is
called defuzzification. There are many ways of defuzzifi-
cation. The Center of Gravity (COG) method is used here
because it is general and easy to compute. This method cal-
culates the crisp output by the sums of the center of gravi-
ties of the conclusions. Thus, a fuzzy inference system can
compute output y of an input vector x.

4. TRAINING THE FUZZY LOGIC ENGINE

Fuzzy logic engine training is a first important step in image
segmentation. There are several reasons making the seg-
mentation difficult. The first reason is a nonuniform illumi-
nation of the slide as a result of optical abberations (the in-
tensity of central part of the captured images is greater than

the intensity of the periphery area). The second reason is
color variation between slides as a result of color fading of
the stained tissues. Another reason is different illumination
conditions of the images as they were captured in different
time. In addition, the captured images contain various arti-
facts (e.g. dust).

In order to make more robust segmentation we take into
account both color features and shape information of the
nuclei.

4.1. Color features

Different illumination and color variation between slides
make it impossible to perform segmentation of microscope
objects based on precalculated color features, so the calcu-
lation of the color parameters is performed for each image
individually.

Generally, there are three types of distinguishable ob-
jects in the images: muscular tissue (stroma), cells’ nuclei,
and prostate glands. We model the color distribution of the
images as a mixture of Gaussian distributions, one Gaussian
component for each type of object:

3
F@le) = aifi(xl&), (D
=1

where x is a feature vector consisting of the color com-
ponents in RGB color space, the «; represents the mixing
weights for each component of the mixture (Zf’zl a; = 1),
¢ represents the collection of parameters (v, &;)i=1,2,3, and
fi is a multivariate Gaussian density parameterized by &;.
We use the Expectation-Maximization algorithm to [11] to

Fig. 1. Mean nucleon gray scale level.

determine the maximum likelihood parameters estimates of
f in the feature space. Once the model’s parameters are
estimated, the components of Gaussian mixture are iden-
tified using the prior information about color relations of
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the enumerated object types: glands have the highest in-
tensity while the nuclei have stronger blue component than
the stroma area. Finally we initialize the Gaussian member
function with the estimated parameters.

4.2. Shape features

Color-based segmentation is not sufficient for nuclei detec-
tion as the microscopic images contain many non-nuclei ob-
jects having nuclei color. To achieve better segmentation we
combine the color and appearance information of the nuclei.

To this end the nucleon template is calculated from a
number of manually selected nuclei (see figure 1 for the
example of mean nucleon). Then the nucleon template is
matched against the image using normalized cross corre-
lation (the matching is performed on gray-scale images).
Thus high cross correlation value at particular image loca-
tion is an additional evidence of nucleon presence.

5. EXPERIMENTAL RESULTS

Our database consists of microscopic color images of prostate
tissue samples stained by hematoxylin and eosin. Nuclei

Fig. 2. Input sample.

of cells are stained by various blue hues (basophilic stain).
They are surrounded by a pinkish background(eosinophilic
stain).

In order to estimate color features, CIE Lab color space
was chosen because it is a perceptually uniform color space,
and the Euclidean distance between two colors in this space
is perceptually uniform measure for color difference.

The mean nuclei was calculated by averaging 400 man-
ually selected nuclei images (the dimensions of the picked
nuclei images is 35 x 35 pixels). The area circularity was
estimated by calculating normalized cross correlation of the
gray scale image with the mean nuclei.

The set of fuzzy rules consisted of four terms:

1. If the shape is not circular, then this is a background
area,

2. If the color is closer to the nucleon color than to the
background color, then this is a nucleon area,

3. If the color is closer to the background color than to
the nucleon color, then this is a background area,

4. If the shape is circular and the color of strongly blurred
image is closer to the nucleon color than this is a nu-
cleon area.

Fig. 3. Circularity.

A typical microscope histology image was chosen to demon-
strate segmentation performance (figure 2). The calculated
circularity feature is presented on the figure 3. Each pixel
of the image was classified by the fuzzy logic engine ac-
cording to the enumerated rules.

In order to estimate the segmentation performance we
compare the final segmentation result (see figure 4) with
segmentation provided by non-fuzzy color-based method (see
figure 5).

The latter result was obtained by segmentation based on
the color distribution estimation. The multivariate Gaussian
mixture model was assumed for the color distribution (see
equation 1). Then Expectation-Maximization algorithm was
used for estimation of the mixture parameters. The mixture
components are identified using prior color relations. Then
we assign each pixel to one of three clusters according to
the MAP estimate of point’s membership based on its color
features:

cluster#(x) = arg max a; f (z]&)

The stroma and glands area are denoted by black color,
while the nuclei area is denoted by white.
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Fig. 5. Non-fuzzy color-based clustering.

6. CONCLUSIONS

In this paper we have demonstrated the usage of fuzzy clas-
sification engine in nuclei cell segmentation. The fuzzy
rules were based on shape and color features. The classi-
fication engine was set up with statistically estimated distri-
bution parameters of image features and verified on a large
microscope image data set. The fuzzy method exhibited bet-
ter segmentation results then segmentation based on crisp
rules.
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