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Abstract 
 
 The traditional process for detecting the cervical 
cancer is called Pap smear testing and it is the most 
widely used screening technique. The pathologists 
diagnose the smear according to its normality or 
abnormality. The huge number of slides to be 
analyzed requires an automated computer-aided 
system which can help in diagnosis process. This 
paper presents a robust image segmentation method 
able to detect from each slide only the views 
containing abnormal nuclei (suspicious to 
precancerous and cancerous changes). A hybrid, 
multi-spatial method is proposed which combines 
fundamental techniques used in image segmentation: 
thresholding, labeling, color clustering, 
morphological operations etc. in an original way for 
the nuclei detection. After the segmentation phase a 
set of relevant features categorizing the cervical 
cancer evolution are extracted. The method can be 
used in conjunction with an automated slide scanning 
system and a classifier method in order to help the 
pathologist in the final diagnosis. 

 
1. Introduction 
 
 Mass screening programs of the population to 
identify seemingly healthy individuals has been a 
growing trend for over 30 years, to prevent some 
diseases which represent a substantial public health 
burden. Cervical Intraepithelial Neoplasia (cervical 
cancer, called CIN) is one of the most common form 
of cancer among women. As all the tumors, cervical 
intraepithelial neoplasia changes continuously in time. 
Over longer periods of time, its physical and 
functional characteristics change significantly. CIN 
has three grades of evolution: 1 (mild), 2 (moderate) 
and 3 (severe) and is characterized by some distinct 
features [1]: disproportionate nuclear enlargement, 

which leads to high nuclear-to-cytoplasm ratio, 
hyperchromasia, irregularity in form and outline of the 
nuclei, irregular chromatin distribution, presence of 
keratinization, abnormalities in the number, size and 
form of the nucleoli, multi-nucleation. If the CIN is 
detected in the first stage of disease it can be easy 
treated. 
 The traditional detection process, called Pap 
smear testing, consists in the examination of cells 
collected from the uterine cervix in a cytology 
laboratory under the microscope. Even the best 
laboratories can miss from 10 up to 30% cancerous 
cases (false negatives), due to the following reasons: 
huge number of normal slides being analyzed, each 
containing a huge number of cells, the big number of 
slide’s zones (views) that must be explored under 
microscope, and the short time allocated to each slide 
(10-15 minutes). 
 The impossibility for the human eye to detect all 
cases of cancer, lead to the need of creating some 
automated methods of cancer detection. The most 
significant researches done so far are: :the Papnet (a 
system based on neural networks) [2], a fractal 
analysis-based approach [3], an optics-based approach 
[4], visual inspection detection [5], direct visual  
inspection or self-adaptive methods based on the 
existence of localized group of discriminatory 
elements [6] or image-processing based approaches 
applied on single cell images [7], [8]. Unfortunately, 
most of these approaches are not completely 
satisfactory and none detects perfectly the tumor. 
Besides, no such system is used in our country.
 Existing cell segmentation techniques are 
boundary-based, region-based or model based 
approaches. Variations of these techniques were 
applied also in pap smears segmentation. For example 
local methods like region growing and edge detection 
in [6], or morphological and multi-resolution 
segmentation which work either globally or locally on 



image [9] or neural network based approaches as the 
CHAMP tool [8] have improved the performances of 
traditional segmentation methods. But all these 
methods were tested on limited sets of images in 
databases which cover only particular casees: images 
with a single nucleus, acquired in the best conditions, 
even pathologist-pre-classified interest cases in 
conformity with some MAC (Malignancy Associated 
Changes) features [9].  

Some high cost systems as Bethesda [10] and 
LifeLinger [11] are able to work on large image 
database and can evaluate samples based on a standard 
set of criteria using technology available now for many 
physicians.  These systems are in progress 
permanently to cover MAC features but are removing 
specimens that can’t be processed by some reasons:  
wrong biochemical specimen preparation or failure to 
distinguish between cancer cells and other kinds of 
objects in the specimen (cellular clusters, debris, 
degenerate cells etc.). 
 An additional low-cost solution appeared in 2002 
and patented as NMP179 is based on a nuclear matrix 
protein marker for detection of pre-neoplastic lesions 
of the cervix. The large-scale pre-clinical testing 
began in USA in 2004 by Matritech Inc. sustained by 
American Cancer Society. It was tested for high-grade 
squamous intraepithelial lesions [12] and was 92% 
sensitive, but it was not yet large scale adopted as a 
standard process (less than the 97% reported by 
Papnet [2]). 
     Since the traditional detection method is subjective 
valuate and not very reliable, in this paper a solution 
intended to back up the pathologists by the means of 
an automated tool is proposed. The detection of CIN 
calls for an automatic inspection consisting in nuclei 
detection. In the case of a positive authentication 
(abnormal nuclei having enlarged diameters), a set of 
relevant features are extracted. The pathologist will 
analyze only the slide regions containing 
abnormalities and will take the final decision in 
classifying the evolution grade of the CIN using the 
detected features.   
 The segmentation of the nuclei is perhaps the 
most difficult part of the whole process because upon 
its accuracy depend the next steps. A major factor in 
the segmentation is the quality of sampled smear 
slides. Although there are some techniques to improve 
the quality of slide preparation, such as ThinPrep Test, 
AutoCyte Prep and Sure-Path System [13] the 
available slides used for our experiments were 
exhibiting some unexpected features like, non-uniform 
cellular cluster distribution, cell clumps, mucus etc. A 

large number of algorithms were tested to find an 
optimal and robust solution. A hybrid, multi-spatial 
method was proposed which combines fundamental 
techniques used in image segmentation: thresholding, 
object labeling, color clustering and morphological 
operations in an original way for the current problem 
 

2. System overview 
 
 The automated scanning of the smear slides is 
perfumed using a manipulating robot (Figure 1) able 
to supply the microscope with slides and position the 
slides under the microscope with planar movements 
[14]. For each slide a set of several views (images) 
covering its whole surface (the view of the microscope 
is much smaller then the size of the slide) are 
acquired. Further each view is analyzed in order to 
detect the presence of neoplasia. 
 

 
Figure 1.  Schematic View of the system architecture 

 
Neoplasia covers a wide range of abnormalities 

which occur in the skin of the uterine cervix. 
Detecting the presence of cervical cancer in a smear is 
a process that can be decomposed into the following 
steps: 

1. Nuclei segmentation, 
2. Abnormal nuclei detection,  
3. Features extraction (at both the nucleus and 

cytoplasm level) 
4. CIN grade of evolution classification. 

 
 Since first and second step are applied on the 
whole images needed to be analyzed, the third and 
fourth steps are applied only if abnormal nuclei are 
detected. The features extracted are used in the last 
phase when the pathologist has to take the final 
decision regarding CIN’s grade of evolution for the 
suspicious images. In  the following figure are 
summarized the steps of CIN detection process. 



 
 

Figure 2. CIN detection phases 

 

3. Nuclei segmentation 
 
The purpose of the nuclei segmentation is to outline 
each nucleus for further analyzes regarding its size 
and structure. The segmentation method based on 
edge detection and reconstruction (region filling) 
implied in [15] worked well with perfectly prepared 
smear slides, but for slides prepared with traditional 
techniques (as is in the case of many of the 
laboratories) we had to deal with non-uniform cellular 
cluster distribution, cell-clumps, mucus etc. 
  Therefore we propose an original method for 
robust segmentation of nuclei that overcomes the bad 
quality of the prepared smear slides. The method is 
based on the combination of some dedicated 
segmentation techniques. The algorithm was named 
Multi-spatial hybrid segmentation algorithm of nuclei 
and it consists in the following steps:  
 

1. Thresholding using Kapur’s method [16] on each 
RGB color channel, followed by objects labeling 
and noise reduction (small objects are rejected - 
Figure 3.b). 

2. Thresholding with an arbitrary threshold on the 
grayscale image followed by labeling and noise 
(small objects) elimination. For every labeled 
object the following processing steps are applied: 
- Thresholding using Kapur’s method on its 

intensity/grayscale component; 
- Thresholding using minimum error method 

[17] on its grayscale image; 

- Combining the results of the two thresholding 
methods. 

3. For every label obtained at step 1 a spatially 
correspondent label is searched in the result of 
step 2. If its correspondent exists, the label 
obtained in step 2 is stored. Otherwise: 
- For each of the labels resulted from the gray 

combination (step 2), its cluster in on the hue 
component of the HSI space [18] and its 
maximum radius (we assume that for each 
label we have a single cluster) are computed; 

- For each label remained from the color 
segmentation (step 1), a checking is 
performed: in order to see if a certain 
percentage of its pixels belongs to one of the 
clusters previously computed (assumption is 
useful for removing the mucus if it hasn’t 
been detected by the grayscale combination 
and it is based on the supposition that in an 
image the abnormal nuclei have similar 
characteristics);  

- If it does, the label remains, otherwise is 
deleted. 

4. On the labels remained from the color 
segmentation and on those from the grayscale 
combination whose area exceeds the maximum 
abnormal nuclei threshold area (since the 
abnormal nuclei are the objects with the biggest 
size in the image, obtaining labels with an area 
bigger than this maximum means that the 
segmentation did not succeed): 

- The multi-space segmentation algorithm 
is applied 

- Noise (small objects) is removed 
 

The Multi-space segmentation algorithm is 
proposed in order to encompass the maximum 
information from the image by using as many as 
possible color/intensity components: the color (Hue) 
and the intensity (I) of the HIS color space and the 
Red, Green and Blue components of the RGB color 
space. The steps of the algorithm are as follows 

1.  An initial segmentation by thresholding with 
Kapur’s method on the color (RGB) image is 
perfomed. 

2.  For each of the following components (hue, 
intensity, red, green, blue): 
- The histogram is computed; 
- The threshold by the means of the global 

adaptive threshold method [18] is computed 
(in this case the hue space will be considered 



as if it were a linear space and not a circular 
one); 

- The shape of the histogram is checked. 
3.  For those components that proved to have a 

bimodal histogram, thresholding is applied and 
the results are composed: 
- Thresholding is applied with the purpose of 

obtaining a binary image, so the results won’t 
be made separately on the components, but on 
the final image; 

- The composed result is obtained by 
performing an AND between the thresholding 
results; 

- If none of the components histograms proves 
to be bimodal, thresholding in the intensity 
space is applied 

 

4. Abnormal nuclei detection 
 

From the nuclei and the mucus segmented so far 
(Figure 3.c), we have to identify the atypical nuclei 
and eliminate the objects without interest: small and 
healthy nuclei or mucus cells (small or irregular 
shaped cells). An improved version of the “hit&miss” 
algorithm [18] was adopted. The morphology-based 
classical “hit&miss” algorithm described in [15] has 
some major disadvantages:  

- Increased processing time while applied on the 
whole image, depending on the image size and 
nuclei size 

- The detection fails when there are noise elements 
or other nuclei around the nucleus we are trying 
to identify 

- If the nucleus of interest has a single background 
(noise) pixel inside, the identification fails 

The first measure that must be taken is to reduce 
the search space. Therefore, square-shaped regions of 
interest were defined around the segmented nuclei 
having their origins in the centers of mass of the 
nuclei, and sizes equal with: 

- half of the minimum diameter of an abnormal 
nucleus in the case of the hit operation; 

- half of the maximum diameter of  an 
abnormal nucleus In the case of the miss 
operation. 

In each search area, we perform first of all what 
is it meant by hit, which is actually a pattern matching 
operation with a disk kernel (Figure 4.a). If the 
number of points matched is bigger than a certain 
percentage of the disk kernel’s area (90% in our case), 
the hit part is considered accomplished. Otherwise, the 
hit process is considered failed for that label. 

 
a. Original image (color image). Small objects (dark colored) are 

mucus 
 

 
b. Nuclei segmentation (steps 1-3). Each label has a different 

grayscale value in the image 
 

 
c. Nuclei segmentation (step 4) without the noise removal 

 
Figure 3. Nuclei segmentation results using the 

proposed multi-spatial hybrid algorithm 

 
 

    
a.   b. 

Figure 4. The kernels used for the hit operation (a) 
and for the miss operation (b) 



The miss part of the transform is performed only 
on the labels whose hit operation was a success: 

- The local background kernel is a circle kernel 
(Figure 4.b), also represented as a matrix, where 
the circle’s points value is zero, and background 
points value is one (255);  

- While matching the kernel’s origin with each 
point from the search space, we check if the 
kernel’s circle points in the label space differ 
from the label’s value. If at least one point has 
the label’s value, the miss is considered failed; 

- If all the points are fulfilling the condition 
previously mentioned, the hit is considered 
successful and the current label/object is 
considered an abnormal nucleus. 

 
It can be noticed that while in [15] the hit and 

miss transform was implemented as a morphological 
operation, in this case it was not anymore. The 
conditions corresponding to the both operations were 
loosened:  

- In the hit case, by introducing the condition that 
only a percentage of the area must be covered, 
which implies that we can give up the 
reconstruction process needed for filling the 
nuclei [15]; 

- In the miss case, with the condition that the 
circle kernel’s points should not equal the 
background, but it is enough to differ from the 
current label. 

The results of the abnormal nuclei detection 
applied on the labels/objects obtained in Figure 5.b 
can be seen in the Figure 5.c. 

 
5. Feature extraction of atypical nuclei 
 

In order to quantify the CIN evolution grade, 
along with the disproportionate nuclear enlargement 
which was the selection criteria of the abnormal nuclei 
detection, a set of features characterizing 
hyperchromasia, irregular chromatin distribution, 
presence of keratinization [1] were extracted.  The 
features were grouped into two categories: abnormal 
nuclei features and abnormal cell features. 

In the category of the abnormal nuclei features 
color and texture based features characterizing 
hyperchromasia and irregular chromatin distribution 
were considered. The features were extracted on the 
area covered by each abnormal nucleus segmented in 
the previous steps. 

- Color-related features: number of colors 
(nColors) and number of clusters (nClusters) 

computed on the Hue (color) component in the 
transformed HSI space; 

- Texture related features: entropy, homogeneity, 
coarseness, and business computed using the 
Gray Levels Co-occurrence Matrix. And 
Autocorrelation Matrix [19]. 

 Another feature of the nucleus that we have 
considered was the fractal dimension. As the results of 
[3] proved, the fractal dimension of abnormal nuclei is 
distinct from that of the typical nuclei. Besides, the 
fractal dimension of different evolution grades differs, 
but it cannot be used as the only differentiation feature 
but in conjunction with other color and texture 
features could be a valuable prognostic marker. To 
compute the fractal dimension of a nucleus, a region 
of interest is selected as the biggest square that can be 
contained in it. The fractal dimension is estimated 
applying a box-counting algorithm on the grayscale 
image of the selected region of interest[20],  
 Regarding the abnormal cell features, the 
presence of the keratinization, which is represented as 
the presence of an orangeophilic tone in the 
cytoplasm, is searched. To determine if the cytoplasm 
has an orangeophilic tone, a rectangular search space 
around the abnormal nucleus is defined and in that 
space, we are looking for pixels whose hue value and 
saturation value are comprised in the intervals 
mentioned below: 
 

15<H(x, y)<35 
30<S(x,y)<100 

  
 We count the pixels having the previously 
mentioned attributes and if their sum is bigger than a 
predefined threshold, we can conclude that 
keratinization is present. 
 

6. Results 
 
 The image segmentation and abnormal nuclei 
detcetion algorithms were tested on the available 
smear images database. The slides were prepared with 
traditional techniques, therefore have presented  
unexpected features like cell clumps or mucus as it can 
be seen in figures 3.a and 5.a. In Figure 5 the results 
of the complete processing used to detect the abnormal 
nuclei is presented. It can be seen that the nuclei from 
the upper left cell group (merely clumped and hardly 
distinguishable from each other and from their 
cytoplasm) were properly segmented. Also the mucus 
(dark colored features) representing noise in our case 
was correctly eliminated. 



 
a. Original image (colored) 

 

 
b. Nuclei segmentation  

 

 
c. Abnormal nuclei detection  

 

Figure 5. The complete process of image 
segmentation and abnormal nuclei detection 

 
 For the detected nuclei from Figure 5, their 
features are computed (Table 1). From the computed 
features, the relevant ones (with discrimination power 
in terms of sensitivity) are plotted in Figure 6. As it 
can be seen the nColors, nClusters,  business and 
coarsness features have similar shapes (the coarseness 
has only inverted values) and can be used for further 
classification purposes, while the fractal dimension 
can be used as an additional discriminating feature in 
ambiguous cases. 
 

Table 1. Extracted features of the abnormal nuclei 
(CIN2)  from Figure 5 

nCo. nCl. Ent. Hom. Busy. Coars. FD 

2441 20 2.53 0.45 0.661 0.013 1.96 

1027 12 2.57 0.40 0.611 0.022 4.71 

2436 19 2.78 0.43 0.660 0.013 2.14 

1230 16 2.47 0.45 0.639 0.016 4.65 

1548 16 2.51 0.43 0.644 0.016 2.27 

1310 12 2.48 0.44 0.633 0.018 4.34 

1122 14 2.54 0.43 0.628 0.019 1.97 

1840 13 2.80 0.38 0.631 0.018 1.88 

1792 15 2.67 0.45 0.646 0.015 2.02 

1308 15 2.53 0.47 0.636 0.017 2.55 

739 7 2.30 0.47 0.618 0.021 2.36 
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Figure 6. Normalized features’ values vs. nuclus 
number. 

 

7. Conclusions 
 
 In this paper we have purposed a method for 
automated examination of the cytological slides. The 
image processing algorithms that we have used were 
intended to automatically identify the image regions 
that contain tissue with uncommon characteristics that 
suggest abnormality. We have tried to find a solution 
as robust as possible which has to work even for not 
perfectly prepared slides (non-uniform cellular cluster 
distribution, cell clumps, mucus etc). 
 Therefore a hybrid, multi-spatial method was 
proposed which combines fundamental techniques 
used in image segmentation: thresholding, labeling, 
color clustering and morphological operations in an 
original way for the abnormal nuclei detection. After 
the segmentation phase a set of relevant features 
categorizing the cervical cancer evolution degree were 
extracted. 



 Further work will be focused on an automated 
classification tool of the CIN using a neural network 
approach. The neural network will have as inputs a 
combination of the already extracted features for each 
nucleus and will have as output the evolution degree 
of the CIN, quantified in three classes: (I) - mild, (II) 
– moderate, (III) – severe. For that purpose database 
with a large training set will be built up. The system 
will be tested in a cytological laboratory using a robot 
for automated slide manipulation and image 
acquisition. 
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