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Abstract: To guarantee correct results in 
computer-assisted microscopy, reliable segmentation 
of nuclei images is required. Nuclei encode 
significant diagnostic and prognostic information, 
that if quantified can potentially allow the prediction 
of the disease course. Thus, accurate nuclei 
segmentation is of crucial importance. In this study, 
two methods have been developed and comparatively 
evaluated for the task of nuclei segmentation in 
cytological images of thyroid nodules. The first 
method uses concepts of pattern recognition and a 
Support Vector Machine classifier to discriminate 
pixels belonging to nuclei from pixels of surrounding 
background. The second method investigates wavelet 
multi-scale edge representation and the importance 
of local maxima as possible descriptors of nuclei 
boundaries. Results for both methods were 
compared to the manual segmentation of a 
histopathologist for 30 microscopic images of thyroid 
nodules. With the first method, 91% of nuclei were 
correctly delineated, whereas with the second 
method 89%. The proposed algorithms could be of 
value for computer-assisted microscopy systems that 
negotiate quantitative interpretation of microscopic 
images. 
 
 
Introduction 

 
Microscopic examination of thyroid diseases has 

become the ‘golden standard’ in clinical routine, since 
ultrasounds scans on their own cannot provide definite 
and reliable diagnosis [1]. Based on the appearance of 
cell nuclei, physicians classify patients into clinically 
meaningful categories (such as normal, abnormal, 
hashimoto etc), in order to more accurately select 
patients who will undergo surgery [2]. However, the 
clarity of microscopic images has been long questioned, 
since it depends on the complicate nature of nuclei 
staining, which is used to enhance contrast between 

cells, nuclei and surrounding background [3]. Stains do 
not always adhere solely to cells and nuclei, as 
expected, due to variations of the biological process of 
labeling, resulting in contamination of microscopic 
images with noisy regions. The existence of these 
regions promotes sources of diagnostic 
misinterpretations and interobserver reproducibility [4, 
5]. In order to objectify the diagnostic process, 
computer-assisted microscopy systems have been 
introduced [6, 7]. These systems have been designed to 
investigate whether morphological and textural features 
of cell nuclei may be used to quantitatively assess 
thyroid diseases. Thus, accurate computation of nuclear 
features affects the success of computer-assisted 
microscopy systems, making accurate nuclei 
segmentation of crucial importance [6].  

In this study, two methods have been developed and 
comparatively evaluated for the task of nuclei 
segmentation in cytological images of thyroid nodules. 
The first method uses concepts of pattern recognition 
and a Support Vector Machine (SVM) classifier. The 
second method investigates multi-scale edge 
representation and the importance of local maxima as 
possible descriptors of nuclei boundaries. 

 
Materials and Methods 
 

Thirty Hematoxylin-Eosin stained Fine Needle 
Aspiration (H&E-FNA) biopsies were collected from 
the University Hospital of Patras and the 
EUROMEDICA center of Athens in Greece. From 
regions pre-specified by a histopathologist (P.R.), 
images were digitized (1300x1030x8bit) using a light 
Zeiss Axiostar Plus microscope connected to a Leica 
DC 300F color CCD camera.  

Pattern recognition segmentation method (PBS): 
From each image, forty (40) 5x5-pixel windows were 
manually sampled from nuclei and surrounding 
background respectively. From each sampled window, 
three textural features were extracted: the spread, cross 
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 relation, and sum of the autocorrelation function [8]. 
The autocorrelation function is defined as:  
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where F(j,k) is the image intensity at the pixel (j,k). The 
features spread and cross relation are defined as  
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where a(1) is the spread  and a(2) the cross relation  of 
the autocorrelation function AF  inside an SxS window, 
m, n represent all possible displacements inside the SxS 
window, 
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The 40 three-dimensional feature vectors fed an 

SVM classifier [9], which was trained to identify texture 
variations between nuclei and surrounding tissue 
regions. The discrimant function of the SVM classifier 
is the following:  
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where xi training data belonging to either class yi ∈{+1,-
1}, N the number of training samples, αi, b weight 
coefficients and Κ the kernel function. 

The SVM classifier was implemented in custom-
made software using MATLAB. As kernel function K, 
the Gaussian radial basis function was designed, which 
has the form: 
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where σ is the spread, that was experimentally 
determined. 

The optimization problem of finding coefficients ai 
was solved by using the routine quadprog [10] provided 
with the MATLAB optimization toolbox.  

After training, the SVM classifier was applied to all 
possible 5x5 windows centered at all possible pixels. 
The result of the classification process was a binary 
image with white and black regions representing pixels 
classified as nuclei or surrounding background 
respectively (see figure 2.1). Binary images were further 
corrected using fill-holes and morphological operations 
(see figure 2.2) [11] (open and close, with 5x5 circular 
structuring element). 

Wavelet maxima chain edge detection (WMC): The 
Redundant Wavelet Transform (WT) [12] was applied 
to each image till the 4th scale. WT is based on a 
wavelet function with compact support, which is the 
first order derivative of cubic spline function. The 
gradient’s vector modulus and angle of the wavelet 
transform along the horizontal and vertical orientation 
were computed for each scale 2j: 
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where M2

j
 is the Modulus and A2

j the gradient vector 
across each scale 2j. 

Multi-scale edge points were considered as those 
modulus points that were local maxima of the 
magnitude along the direction given by the angle value. 
Maxima chains were computed by chaining together 
only those neighboring maxima with similar magnitude 
and angle values [13]. The maxima that their amplitude 
remained relatively constant across scales were retained 
and were considered as nuclei boundaries; if not, the 
maxima were discarded. The WMC algorithm was 
implemented in custom-made software using 
MATLAB. 

Evaluation: To evaluate the performance of the each 
segmentation method, an experienced histopathologist 
manually delineated nuclei boundaries in all 30 images, 
which were subsequently segmented using the PBS and 
WMC methods. The area, roundness and concavity of 
manually and automatically segmented nuclei were 
calculated and compared to give an estimation of each 
algorithm’s segmentation accuracy.  

 
Results 
 

Figure 1 demonstrates a typical cytological image of 
an H&E-FNA-stained thyroid biopsy sample. Figures 
2.1-2.4 illustrate each step of the segmentation process 
using the PBS algorithm, whereas figures 3.1-3.3 show 
the result of the WMC method. According to the 
evaluation process described in the previous section, on 
average 91% of nuclei were correctly delineated with 
the PBS algorithm, whereas with the WMC algorithm 
89%. 
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Figure 1: Image from an H&E stained FNA cytological 
image of a thyroid nodule  
 

 
 
Figure 2.1: SVM pixel segmentation 
 

 
 
Figure 2.2: Nuclei refinement using fill-holes and 
morphological operations 

 
 
Figure 2.3: Retaining only the boundaries of segmented 
nuclei by using Roberts filtering 
 

 
 
Figure 2.4: Final segmented image 
 

 
 
Figure 3.1: Local maxima representation 
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Figure 3.2: Retaining the maxima that their amplitude 
remained relatively constant across scales, and using 
connecting component analysis [14] to find connected 
components in the binary image  
 

 
 
Figure 3.3: Final segmented image using the WMC 
algorithm  
 
Discussion 
 

A number of segmentation techniques have been 
proposed for nuclei delineation in microscopy images. 
Among most popular algorithms are considered the 
Hough transform, which has been applied to cytological 
images of breast lesions [15] and active contours, which 
have been designed for papanicolaou stained 
microscopy smears [16]. Watershed techniques have 
also been introduced, giving promising results, with 
applications in immunohistochemically stained nuclei 
images [17]. The success of these algorithms greatly 
depends on initialization conditions, such as for 
example the a priori estimation of nuclei shape for the 
Hough transform, and the starting coordinates of active 
contour models.  

Segmentation results in this study may be regarded 
as most promising considering that the H&E staining 
protocol is not as accurate in staining nuclei as other 
specialized protocols used in previous studies [15, 16, 
18]. 

The WMC method was faster and more accurate in 
retaining nuclei shape, whereas the PBS method was 
more effective in separating closely located nuclei. Both 
methods could be of value to computer-based systems 
designed to objectively interpret cytological images, 
since provide means for accurate nuclei segmentation, 
thus reliable computation of nuclear features. 
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