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Abstract. Purpose: In this work the problem of automatic segmentation of nuclei in cytological images of 
thyroid nodules is investigated. Materials and Methods: 50 Fine Needle Aspiration images of thyroid nodules 
were digitized (768x576x8 bit) using a light microscopy imaging system comprising a Zeiss Axiostar plus 
microscope connected to a Leica DC 300 F color video camera. An automatic segmentation algorithm was 
designed combining the k-means clustering algorithm and active contours. The k-means algorithm is used to 
classify all pixels in a given image into nuclei or surrounding tissue, in order to provide an initial gross 
estimation of nuclei regions. Starting from the boundaries of these regions, an active contour snake fired and 
propagated till converging to nuclear boundaries. Results: On average, 94% of all nuclei were correctly 
delineated according to a histopathologist evaluation. Conclusions: The algorithm might be of value for 
computer-assisted microscopy systems, since accurate nuclei segmentation enables the accurate quantification 
of DNA content that may potentially allow the prediction of the disease course. 
 
 
1 INTRODUCTION 

Raw microscopic cytological samples cannot be visualized under the microscope, because they are 
transparent and need to be properly prepared and stained [1]. Staining aims to enhance contrast between the 
region of interest (usually nuclei) and the background. A stain is a substance that adheres to nuclei, giving the 
cell nucleus color. However, stains undesirably concentrate to a variety of structures outside nuclei due to 
variations of the biological process of labeling, contaminating the microscopic images with noisy regions [1]. The 
latter significantly complicates accurate nuclei segmentation, which is the most important pre-processing stage 
of any computer-assisted microscopy system [2-3].  

Many studies have been presented to solve the demanding task of medical image segmentation [4-5], but only 
a few focus in microscopy image segmentation [2-3, 6-8]. Among these studies, in [6] a method has been presented 
for the automatic segmentation of nuclei in breast fine needle aspiration images using the Hough transform. In [7] 
images from Papanicolaou stained smears have been automatically segmented using Neural Networks and active 
contours respectively. In [8], a method for segmentation of immunohistochemically stained nuclei has been 
presented, using a supervised pixel based classification algorithm and watershed operations. In [3], a supervised 
pixel based classification algorithm, using neural networks and morphological filters, was presented for 
segmentation of Hematoxylin and Eosin stained images of urinary bladder cancer. In this work, we investigated 
and developed a pixel-based clustering method combined with active contours for the automated segmentation 
of microscopy images of thyroid nodules.  
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2 MATERIAL AND METHODS 

 Fifty (50) Fine Needle Aspiration (FNA) obtained biopsies of thyroid nodules were collected from the 
EUROMEDICA medical center, Athens, Greece. Raw cytological biopsy samples were stained with 
Hematoxylin and Eosin (H&E). For each biopsy, a histopathologist (P.R.) specified the most representative 
region. From this region, images (Fig. 1) were digitized (768x576x8 bit), using a light microscopy imaging 
system, comprising a Zeiss Axiostar plus microscope, connected to a Leica DC 300 F color video camera.  
 
2.1 Segmentation Methodology 

5x5 pixel windows were considered around each image pixel. At the location of each window, three textural 
features were extracted: the energy of the first and second detailed images of the Mallat redundant discrete 
wavelet transform [9]. In this way, the differences in texture between nuclei, surrounding tissue, and boundaries 
were encoded, since coarser regions (i.e. regions of surrounding tissue, boundaries) resulted in higher values for 
both features, whereas smoother textured regions (i.e. interior of nuclei) resulted in lower values.  

Feature vectors, denoted by x1, …, xN , N = number of all image pixels, were then fed to a k-means clustering 
algorithm [10]. The k-means algorithm clusters the N feature vectors into K different partitions by minimizing the 
following criterion:  
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where xn is the Nth  feature vector and µj is the centroid of each of the k clusters. The algorithm firstly starts 

by assigning all data randomly to one of the predefined clusters (the nuclei or the background cluster). Then, the 
centroid of each cluster is computed and the procedure is iteratively performed until no further change in the 
assignment of the feature vectors occur [10].  

The result of the clustering process was a binary image with white regions, those pixels that were assigned to 
the nuclei cluster, and black regions, those pixels assigned to the background cluster. Using morphological and 
edge detection filters [2, 11], only the boundaries of nuclei were retained and were considered as the initialization 
coordinates for an active contour (snake) model. Starting from these coordinates, the snake was generated for 
each nucleus and propagated until converging to the final nuclei boundaries. Active contours are algorithms 
designed to detect boundaries around objects by generating curves (snakes) that can be deformed, based on 
information extracted from the objects themselves. In this work, the gradient vector flow (GVF) model was 
utilized [12-13]. 

To evaluate the performance of the segmentation algorithm, a histopathologist examined each pair of original 
and segmented images and noted the number of wrongly identified and/or missed nuclei against the number of 
correctly identified ones. Cases of wrongly identified nuclei were overlapped, ‘missed’ and corrupted nuclei.  

3 RESULTS 

In figure 1a, a FNA H&E stained microscopic image of a thyroid nodule is illustrated. The performance of 
the k-means clustering algorithm in locating nuclei regions is illustrated in figure 1b. Using morphological (Fig. 
1c) and Roberts filtering (Fig. 1d), only nuclei boundaries were retained and superimposed to the original image 
(Fig. 1e). The snake was designed for each nucleus; it was initiated from the boundaries, detected after applying 
the Robert filter, and then converged to the final nuclei boundaries (Fig. 1f). Following the nuclei segmentation 
evaluation procedure described above, the accuracy of the correctly identified nuclei ranged between 83-95%, 
with an average of 94%.  
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                                      (a)                                                           (b) 

 
                                      (c)                                                           (d) 

 
                                      (e)                                                           (f) 

Figure 2. (a) Original image, (b) Result of k-means clustering, (c) Morphological filtering, (d) Edge detection 
using Roberts filtering, (e) Initialization coordinates for the GVF snake and (f) final nuclei boundaries 
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4 DISCUSSION  

Accurate segmentation of nuclei is of crucial importance to guarantee correct results in computer-assisted 
microscopy [2-3]. Nuclei encode significant diagnostic and prognostic information that, if quantified, it can 
potentially allow the prediction of the disease course [3]. Previous studies that have investigated the demanding 
task of nuclei segmentation [6-8], have reported relatively high segmentation accuracies, such as 85% [6] and 89% 
[7]. 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 [2, 6-8]. It has 
to be stressed that the aim of the segmentation procedure was to extract a representative number of accurately 
segmented nuclei from every set of images describing each case (patient), in order to compute nuclear features. 
Under this perspective and considering that segmented nuclei ranged from 220 to 340 for each case-patient, the 
misclassification error of 6% may be regarded as of limited significance. The latter can be furthermore supported 
by the fact that it has been shown that even 200 correctly segmented nuclei per case are adequate for extracting 
nuclear features [14].  

Concluding, in this study a method for the automatic segmentation of FNA H&E stained images of thyroid 
nodules was introduced by developing a k-means clustering algorithm and an active contour snake model. The 
method could be of value for computer-assisted microscopy systems, since accurate segmentation is of valuable 
importance. 
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