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Abstract: A pattern recognition-based segmentation (PRS) system was developed for segmenting cell nuclei in tissue
sections of urine bladder tumors and brain tumors. One hundred and thirty eight image samples from HE-stained tissue
sections of urine carcinoma and brain astrocytemas were selected. Half of them were used for designing the PRS-
system and the rest for evaluating its performance. PRS-system can be designed by employing one of three classifiers:
minimum distance, Bayesian, and multi-layer perceptron (MLP) classifier. Classifier design was based upon two sets of
training data, the nuclei set and the surrounding tissue set, which were derived from textural features. Accerding to the
pathologists’ evaluation, 88% of the segmented nuclei were registered correctly and 12% incorrectly. The MLP
clagsifier proved superior in sensitivity and discrimination of nuclei from background when compared with Bayesian
and minimum distance classification performance. The PRS-system proved efficient when tested under different types
of histopathological tissue samples providing an index for poetential generalization of the technique.

1. INTRODUCTION

Tissue section analysis of urine bladder specimens
provides an index of disease severity with tumor
classification determining the choice and form(s) of
treatment [1-2]. Tissue carcinomas present a wide
spectrum of disease, with highly variable biological
behavior and response to therapy [3-4]. Thus, prognosis
varies widely. Tumor stage and grade are generally
applied to predict the course of disease and select the
most appropriate treatment. Once the physician has
determined that the tumor exists, the next step is to
clarify the tumor’s status [5]. The assessment of
specimen’s malignancy is specified according to the
perception of the pathologist validating biological
information that is derived from cytological attributes,
among which the most significant are emanated from
the morphological and textural characteristics of cell
nuclei [7-9]. Segmentation of cell nuclei comprises a
critical procedure for the extraction and quantification
of nuclei ‘hidden” biological information [10-12].
Considering that the segmentation algorithm constitutes
an essential part of computer-aided medical decision
systems, the development of fast, stable and
reproducible methods for automatic nuclei segmentation
affects determinative grade classification assessment,
thus, therapy and prognosis decision.

Previous studies have been mostly relied upon the
traditional methods of cell segmentation, thresholding
and edge detection with post processing [13-15].
Effective segmentation resulted employing Fleugen
staining technique images [16-18], in contradiction to
the most widely accepted method of Hematoxylin and
Eosin (HE) staining that is adopted in clinical routine
f19]. The variability in color distribution of HE stained

images renders ineffective globa! thresholding
techniques for segmentation, which result in insufficient
tissue components discriminatior.

In this study, we propose a new approach for
autornatic cell nuclei segmentation in tissue section
analysis applications. A PRS-system was developed,
providing a flexible and adaptive method to extract
nuclei ‘hidden’ biological information in the form of
quantitative nuclei  attributes, utilizing  different
classification algorithms according to the particular type
of histopathological tissue samples.

2. MATERIALS AND METHODS

The histological material used in this study was
collected from the Department of Pathology of the
University Hospital of Patras, Greece. The database
comprised 138 image samples from HE-stained tissue
sections of urine bladder carcinomas (figurel) and brain
astrocytomas (figure 2). Registration of each color
image was performed at a magnification of x400 using a
light microscopy imaging system consisting of a Zeiss
KF2 microscope and an lkegami color video camera.

Half of the image samples, randomiy selected, were
used for designing the PRS-system (training set) and the
rest (test set) for evaluating its performance. For the
design of the classifier, adequate numbers of 5x5
nucleus and background image samples were isclated
from each image of the training set. After the formation
of the nucleus and background training classes, 3
textural nuclear features were extracted from the
autocorrelation function. More specific, features that
were calculated contained a) the sum of autocorrelation
function for all possible displacements m, n inside the
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window 5x5, b) the cross relation S (1,I) and ¢) the
second degree spread S (2,2):

S, v) = ZT: i(m —n, V' (n—n,) Az (m,m()

m=0n=-T
where,
T
n, = Z ZmAF (m, 1} @
m=0n=-T

Figure2: Typical tissue sample of brain tumor astracytomas
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The autocorrelation function has been suggested by
many researchers as a texture measure [20-21]. From
equation (4} it is apparent that a sub-region will exhibit
higher correlation for a fixed shift (m, n) than a region
of fine texturc. The sum of autocorrelation function for
all displacements over the window 5x5 could be

regarded as coarseness index that is the higher the value
of the feature the coarser the region is.

Since we estimate the sum of autocorrelation
function, for all displacements, it would be possible two
different textural fields to exhibit the same value. To
improve the texture discrimination, the texture features
S {1.1) and S(2,2) were estimated additionally, which
provide the extra information of two-dimensional
spread measures of the autocorrelation function.

Segmentation was performed sweeping each image
with a 5x5 mask. The autocorrelation based textural
features were calculated at each position and the central
pixel was classified as belonging to nucleus or
surrounding tissue. Pixel classification was performed
by cither employing the minimum distance (MD)
(figure 3a), the Bayesian (figure 3b) or the MLP
classifier (figure 3c). The MLP was designed with two
hidden layers containing 3 and 6 nodes in each layer
respectively, and one output unit. In the resulted binary
image (nucleus-surrounding tissue), pixels that were
classified as emanating from surrounding tissuc were
turned black and those belonging to nucleus as white
(figure 3). To reject noisy regions the binary image was
further processed by morphological filters [22]: L/fill
holes and 2/close and open morphological operations
(figure 4). Finally, nuclear delineation was achieved by
superimposing the resulting image on the original image
and performing logical AND operation (figure 5-6).

3. RESULTS AND DISCUSSION

PRS-system classification was optimized using the
MLP classifier (figure 3c). The correct rate in assigning
pixels to nuclei was about 52.3%, 63% and 75% for
MD, Bayes and MLP classifier respectively. The
classifiers performed in a stable and reproducible way
for all cases tested. PRS-system validation was
performed by the pathologist comparing the segmented
images of the test set against the original images and
marking wrongly segmented nuclel. Under this
perspective, 88% of all delineated nuclei on the tested
images were registered correctly and 12% were
registered incorrectly. Considering that segmented
nuclei from each section field ranged between 18 and
80, the misclassification error of 12% may be regarded
as of limited significance.

Since the proposed segmentation method was
validated for two-types of histo-pathological images,
this may lead to the suggestion that this technique can
be of value for various-different types of tissue section
analysis applications.

In conclusion, the selected textural features and the
desipn of the MLP algorithm are efficient tools in
detecting nuclei regions, however, for further improving
the segmentation method more investigation would be
required in refining the nuclei shape determination,
since morphological filters are of limited accuracy.
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Figure 5: segmented nuclei from the urinary bladder
tissue sample

Figure 6: segmented nuclei from the brain tumor
astrocytomas tissue sample
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