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ABSTRACT 
In the context of medical diagnosis by image analysis, segmentation is the most critical step in image processing. 

The problem of image segmentation has been studied for years and many methods have been suggested in the 

literature. However, there is not yet any automatic method able to correctly process any type of image. In this 

work, we present an automated method for cell segmentation in Pap smear images. The automatic analysis of 

Pap smear images is one of the most interesting fields in medical image processing. The object of this paper is to 

present the strategy of the first part of the system segmentation. It is based on a segmentation of color images  

tested with different classical color spaces, namely RGB, L*a*b, HSV, and YCbCr, to select the best color space 

using k-means clustering to separate groups of objects. The k means clustering treats each object as having a 

location in space. The method is aimed at developing an automated Pap smear analysis system which can help 

cytotechnologists reduce examination time in pap screening process. 
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1. INTRODUCTION 
The Pap smear is a technique of cervical screening 

used to detect pre-cancerous changes of the uterine 

cervix. It is not designed to find cancer or any 

abnormalities of any organs. These changes are 

called cervical intraepithelial neoplasia (CIN) [O14]. 

They are obtained by opening the vaginal canal with 

a speculum and scraping the cervix with a wooden 

stick and a tiny brush, which are scratched on a glass 

slide in order to collect the cells. The collected cells 

are then examined by a cytotechnologist. 

At present slide examination of cervical cytology 

image is performed manually. The cyto-technologist 

looks at a glass smear under the microscope and 

analyses the full image in order to determine the 

presence of disease.  He / She is involved in the 

diagnosis of cancer, pre-cancerous lesion, benign 

tumors and infections from various body sites. 

Cytotechnologists work under the direction of a 

physician called a pathologist, a medical doctor who 

specializes in the study of diseases and determines 

the nature and cause of the problem.  

Most patients never meet the pathologist or the 

cytotechnologist who evaluates their samples, yet the 

treatment of their illness may depend on the work of 

the  

pathologist- cytotechnologist team. Screening 

consists in locating and visually assessing all the 

present cells on a slide. This mainly aimed at 

detecting abnormal or suspicious cells to reach a 

diagnosis. This is of a major interest for the 

cytotechnologist whose diagnosis will depend on the 

good recognition of the abnormal or suspicious cells 

during screening. This cytological manual screening 

is described as intense and complex.  The results are 

based on the point of view of a human being.  It is 

often tiring to screen for relatively small and 

abnormal cells, which is time-consuming and 

requires   high concentration. [B03].For all these 

factors, some errors appeared and can cause false 

negatives [NAH97]. These errors are considered as 
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being inseparable of the process of   manual 

screening. A promising approach is to help the cyto-

pathologist in his / her search for abnormal cells on a 

glass. An automatic system could contribute to the 

detection of screening errors and thus allow a better 

reliability of the diagnosis. Such a system is 

programmed to verify the results of conventional 

screening and possible false negatives. This would 

prevent delays allow considerable time gain.  

The automatic segmentation system of cervical cells 

in Pap smear images is the most crucial step for any 

system.  Segmentation is aimed at detecting the cells 

along with their nuclei and cytoplasms (see figure1) 

[LEC+98]. The shape and report area of the 

cytoplasm and nucleus are two important factors in 

detecting pre-cancerous changes in the uterine cervix 

[CHL+13]. Due to the complexities of cells many 

studies have focused on segmentation of 

cytopathological images [PN12] [DUK08].In the 

literature, some methods used thresholding 

techniques [KSW07] [LN07]. Many methods of 

segmentation of the nucleus and the cytoplasm 

focused on edge detection [LCC09], CHL+13]. For 

example [RNRT12][PN11] adapted the mathematical 

morphology to segment both the nucleus and the 

cytoplasm of a single cell. Other works utilized the 

genetic algorithm[LH03] and the deformable 

template [GP00]. A watershed transform has been 

applied in [MKI]. Recently Sajeena T A  and Jereesh 

A S proposed a framework for automatic analysis of 

single cellular pap smear slides[SJ15].Fuzzy C-

means (FCM) clustering technique is proposed for 

single cell segmentation[KSN15]. 

In this paper, we propose a method of 2D color 

cytological image segmentation   using the color 

information as a priori information. The full image is 

segmented into 3 regions: the nuclei, the cytoplasm 

and the background. When we consider color image 

segmentation, choosing a proper color space becomes 

the most important issue.  In this work, a 

segmentation of color images is tested with different 

classical color spaces: RGB, HSV, L*a*b, and 

YCbCr, to select the best color space for the 

considered kind of images. The segmentation process 

is based on the K-means segmentation technique  

 
Figure 1 Macroscopic image of cytology 

2. Method 
The slides are examined by a microscope to which a 

color camera is fixed. The obtained images are color 

images of 1030X1300 pixels. It is necessary for us to 

isolate their cytoplasm and nuclei at the same time: 

the cytoplasm to obtain information to characterize 

isolated cells and the nuclei to characterize the cell 

and estimate the wickedness. The cytoplasms and the 

nuclei will help the recognition of different cells. To 

carry out the segmentation step we should know the 

nature and the context of the images. Our color 

images present cells from the cytology of the cervical 

sample colored by the international coloration 

standard of Papanicolaou[GK96][MCL91]. Cells 

have a blue nuclei and a green cytoplasm with the 

exception of the red blood cells which are totally 

colored in red. The spatial configuration of the cells 

and their color are extremely variable. There can be 

isolated, attached but also heap cells which can 

overlap (nuclei or cytoplasm). The color of the nuclei 

can vary from very pale blue to very dark blue. This 

big variety in the spatial configuration and the color 

of cells raises problems of segmentation and requires 

a method of fine and strong segmentation at the same 

time 

2.1 General presentation of the method 
The strategy of segmentation which we organized is 

the segmentation of color images by the k-means 

method.   

 
Figure 2 the color image segmentation strategy 

Pap smear cytology 

2.2 Conversion in different spaces of 

colors  
A color space combines numbers to the visible 

colors. Generally, it represents a color by a triplet of 

values. The visible colors can be seen as belonging to 

a three-dimensional space. There are many color 

spaces, each with its properties. The conversion of 

the image in different spaces of colors is the 

preliminary step to the achievement of the 

segmentation. Each color space has interesting 

properties and presents an interest for such an 

application. Generally the choice of the color space is 

done when the segmentation method is established. 

Several works were focused on comparing different 

color spaces [KEHT14] [LEC+98][LEC03]. Others 

chose to use multiple color spaces at the same time 

[MK12] [BA12] [M08]. 

Read Image 

Conversion of different color 
spaces  

Cassify the objects using K-
means  
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2.1.1 RGB color space 
Many color spaces are in use today. For pictures 

captured by digital cameras,  the most popular one is 

the RGB model. This is an additive color model in 

which the colors red, green, and blue are combined 

together in different manners to reproduce a broad 

array of colors. This color space-based segmentation 

is not accurate for computer vision applications. The 

RGB color is device-dependent i.e  the same signal 

or image can be viewed differently with different 

devices, Nunobiki and all reported the usefulness of 

RGB color specification in analyzing the variation of 

color properties for Papnicolaou-stained cervical 

smears.  [NST+02]. 

 

2.1.2  HSV color space 
The HSV color space (Hue, saturation, Value) define 

a model in terms of its components. The space has 

the ability to separate the intensity of the color 

information hue and saturation. For this reason it has 

been adopted for processing images having 

brightness variation characteristics. Many works use 

this space [OTDC02]. The conversion from RGB to      

HSV  
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2.1.3 L*a*b color space 
A L*a*b color space is a color opponent space with 

dimension L for lightness, the a* layer indicates 

where the color falls along the red green axis, and b* 

layer indicates where the color falls along the blue-

yellow axis. The L*a*b* color space includes all 

perceivable colors, which means that its gamut 

exceeds those of the RGB and CMYK color models 

(for example, ProPhoto RGB includes about 90% all 

perceivable colors). The most important feature of 

this color space is that it ,is device-independent, that 

is to say  provides us with the opportunity to 

communicate different colors across different devices 

[RKV12]. The solution to convert images from the 

RGB space to the L*a*b* color space is given by the 

following formula. The conversion from RGB to 

XYZ is: 
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The transformation from XYZ to Lab is performed 

with the following equations: 

       (    )
 

     

      [(
 

  
)

 

 
 (

 

  
)

 

 
]   (3)  

      [(    )
 

  (    )
 

 ] 

2.1.4 YCbCr color space  

The YCbCr color space is used in digital 

video image processing. It represents colors 

in terms of one luminance component (Y) 

and two chrominance components ( Cb and 

Cr). The Cb component is the difference 

between the blue component and a value, 

where Cr is the chrominance red 

component. In contrast to RGB, the YCbCr 

color space is luminance- independent, that 

is why it gives better performance.[BTP+11]The 

transformation used to convert from RGB to YCbCr 

color space is shown in equation (4):  
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Figure 3 (a) Image RGB (b) Image HSV (c) Image 

L*a*b (d) Image YCbCr 

2.3  Image Segmentation Using K-means 
Clustering is a process to separate groups of objects. 

The algorithm k-means is the algorithm of the most 

known and most used clustering, because of its 

simplicity of implementation [MK12]. K-means 

clustering treats each object as having a location in 

space. It allows to partition the data of an image K 

clusters. Contrary to other hierarchical methods, 

which create a structure in “tree of clusters “to 

describe the groupings, the k-means creates only a 

single level of clusters. The algorithm sends back a 

partition of the data, in which similar objects are 

placed as close as possible to each other in the same 

cluster, and the different ones are placed as far as 

possible in another cluster. The k-means is an 

iterative algorithm which minimizes the sum of the 

distances between every object and the centroid of its 

(c) (d) 

(a) (b) 
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cluster. The final result depends on the centroids’ 

initial position. Therefore, the centroids must be 

placed as far as possible from each other so as to 

optimize the algorithm. K-means changes the objects 

of cluster until the sum cannot decrease anymore. 

The result is a set of clusters that are compact and 

clearly separated provided that the best K value of 

the number of clusters is chosen. The main stages of 

the algorithm k-means are (see figure 4) : 

1. Random choice of the initial position of K clusters. 

2.  Allocate objects to a cluster following a criterion 

of minimization of the distances (generally according 

to a measure of Euclidian distance).  

3. Once all the objects are placed, recalculate K - 

centroids. 

4. Repeat stages 2 and 3 until no more reallocations 

are made. 

We are going to look at each of the color spaces 

according to their influence on the algorithm of k- 

average and then we will present a method for 

choosing a color space. 

Since the color information exists in the different 

color space our objects are pixels with channels 

values. Use k-means to place the objects into three 

clusters using the Euclidean distance metric. For 

every object in the input, k-means returns an index 

corresponding to a cluster.  Label every pixel in the 

image with its cluster index figure 5. 

 

 

 

 
 

 
 

 

 

 

Figure 4 Steps of the k-means algorithm 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4 Example of Kmeans segmentation with 

different color space YCbCr,L*a*b, HSV and 

RGB. 

3. Results and discussion  
The automatic K-means technique was 

experimentally tested using a dataset of 9 different 

images. It was applied with different color space 

models, including 𝑅𝐺𝐵, HSV, L*a*b and YCbCr. The 

features that identify each image pixel are only the 

values of its three components in the selected color 

space. We took the k values (number of clusters) as 3 

for the K-means algorithm and the distance metric 

chosen is cosine. For every object in input, k means 

returns an index corresponding to a cluster. Label 

every pixel in the image with its cluster index. We 

can separate objects in an image by color, which will 

result in three images (color background, color 

cytoplasm and color nuclei) see figure 6. 

For evaluation, a mathematic expression -described 

in (4) and (5) is proposed  to obtain the percentage of 

amount of cells that are in the input image. The 

percentage nuclei and cytoplasm segmentation are 

calculated as the fraction of pixels with 

segmentations of K-means technique divided by the 

total number of pixels in ground truth. The results 

obtained are shown in tables 1 and 2. The color space 

The initial position of K 
clusters. 

Generate initial centroid  

Calculate distance between 
object and centroid 

Clustring of object 

(a) 

No object 

To move 

yes 

Start 

End  

no 

  

Image RGB Kmeans RGB 

Image HSV Kmeans HSV 

Image L*a*b 

Image YCbCr KmeansYCbCr 

Kmeans L*a*b 
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RGB arises as giving the highest one (see Table 1). 

This color space is therefore more suitable for the 

segmentation of the nuclei. The color space RGB is 

done on representative images of the nuclei of the 

cells. The nuclei of the cells have an extremely 

variable color. We can see also that the RGB space is 

the one that obtains better results for the 

segmentation of the cytoplasm table 2 

 

         
                 

                        
     (4) 

 

            
                      

                            
      (5) 

Table 1: Experimental nuclei segmentation results 

on different color spaces using K-means. 

 

Table 2 Experimental cytoplasm segmentation 

results on different color spaces using K-means 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Image cell percentage % 

 RGB HSV L*a*b YCbCr 

1 98.43 34.43 99.06 53.94 

2 40.63 36.27 36.21 53.79 

3 79.70 68.31 65.25 97.20 

4 14.72 14.50 14.38 12.17 

5 78.92 61.10 79.80 26.63 

6 52.59 45.39 56.38 98.93 

7 93.39 47.51 52.56 70,59 

8 43.67 99.40 40.04 43.51 

9 80.16 37.40 53.64 85.93 

Avg 64.69 49.36 55.25 60.29 

Image cell percentage % 

 RGB HSV L*a*b YCbCr 

1 99.06 40.74 94.83 96.64 

2 61.71 65.21 64.62 99.79 

3 99.02 98.30 99.23 86.32 

4 21.52 25.57 20.65 12.82 

5 99.04 98.2 97.60 98.20 

6 68.17 93.91 62.79 45.34 

7 98.01 92.72 99.04 61.27 

8 97.14 50.00 82.77 77.65 

9 92.45 87.40 97.03 89.51 

Avg 81.79 72.45 79.84 74.17 

Figure 5 Image Obtained After K -Means 

Clustering 

Image L*a*b 

ImageYCbCr 

Image HSV  

Image RGB 

Color nuclei 

Color cytoplasm 

Color background 

Color nuclei 

Color cytoplasm 

Color background 

Color nuclei 

Color cytoplasm 

Color background 

Color nuclei 

Color cytoplasm 

Color background 
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4. Conclusion and Future work 
the performance of the K-means clustering  is 

evaluated using four different color spaces, RGB, 

HSV, L*a*b and YCbCr. The experimental results 

showed that the segmentation results depending on 

the RGB color space provided the best nucleus 

segmentation. The average rate of correct 

segmentation was 64.69% for nucleus segmentation 

in the RGB color space. This was the best result 

compared to other color spaces. The average rate of 

correct cytoplasm segmentation was 81.79%.  The 

present study can be improved by enlarging the 

dataset and including different kinds of images. 

As future work, we will incorporate other heuristics 

such as size to improve the first phase. We will also 

experiment with nucleus and cytoplasm 

classifications using different classifiers. 
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