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Abstract:  Automated segmentation of cell nuclei is the crucial step towards computer-aided diagnosis 

system because the morphological features of the cell nuclei are highly associated with the cell 

abnormality and disease. This paper contributes four main stages required for automatic segmentation 

of the cell nuclei on cytology pleural effusion images. Initially, the image is preprocessed to enhance 

the image quality by applying contrast limited adaptive histogram equalization (CLAHE). The 

segmentation process is relied on a supervised Artificial Neural network (ANN) based pixel 

classification. Then, the boundaries of the extracted cell nuclei regions are refined by utilizing the 

morphological operation. Finally, the overlapped or touched nuclei are identified and split by using the 

marker-controlled watershed method. The proposed method is evaluated with the local dataset 

containing 35 cytology pleural effusion images. It achieves the performance of 0.95%, 0.86 %, 0.90% 

and 92% in precision, recall, F-measure and Dice Similarity Coefficient respectively. The average 

computational time for the entire algorithm took 15 mins per image. To our knowledge, this is the first 

attempt that utilizes ANN as the segmentation on cytology pleural effusion images. 
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I. INTRODUCTION 

 

leural effusions are frequently the first clinical 

symptom of the malignant tumor or of their 

metastatic manifestation [1]. They occur when the 

excessive amount of fluid built up in the pleural space 

between chest wall and lung, as graphically shown in 

Fig.1. [2]. 50% of cancer patients have the great 

possibility to develop the pleural effusion. Primary 

cancers, as well as metastatic cancers, can be found in 

pleural effusion. The most common primary cancer is 

mesothelioma. Cancers of lung, ovary, and stomach are 

the most diagnosed metastatic cancer types. 

The cytological examination is usually used to 

diagnose cancer cells in pleural effusion specimen 

because it is considered as the cheap, simple, less 

invasive and effective tool. This examination is the 

manual procedure where cytologists examine every 

single cell, identify any abnormal cytomorphological 

features, and finally draw the conclusion. Nevertheless, 

the cytological examination is experts intensive, time-

consuming and prone to the inter- and intra- observer 

variations. Moreover, there is lack of an adequate 

number of experts in low and middle-income countries. 

These shortcomings have motivated us to develop the 

computer aided diagnosis system of cancer cells on 

cytology pleural effusion images to assist the 

cytologists. There are benefits from CAD systems such 

as acceleration of diagnosis, the reduction of experts’ 

workload, the reduction of inter-and intra-observations 

and consequently the increasing number of survival 

people from cancer.  

 
The malignancy of cytology pleural effusion is 

assessed mostly depending on the characteristics of the 

nucleus, cytoplasm and the present of the abnormal 

cluster or sheet. Among them, the nucleus is the critical 

one that exhibits the abnormality of the cells. In the 

literature, most of the CAD system of cancer cells are 

mainly depending on cell nuclei. Therefore, the 

segmentation of cell nuclei is the prerequisite to build 

P 

Fig. 1. The example of pleural effusion built in the pleural space  
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the CAD system. The structure of the cells in cytology 

images is graphically illustrated in Fig.2. 

 
 Only few work has reported detecting the cancer 

cells in cytology pleural effusion images. They are 

summarized as follows. 

L Zhang et al. [3] presented a Fuzzy edge detection 

and OTSU method to detect the cancer cells in pleural. 

OTSU is firstly applied to grayscale images. Then, 

fuzzy edge detection method is used to extract the 

contour of the cells.  The existence of cancer cell is 

determined based on the morphological features such as 

area ratio of nuclei and cytoplasm, nuclei division, and 

shape of nuclei. 

Fuhua CHEN et al. [4] proposed the detection of 

cancer cells in pleural effusion images based on the 

wavelet and morphology transform. The cells features 

extracted from morphology and wavelet analysis are 

fed to BP network classifier for the purpose of 

classification between normal and cancer cells. 

In our previous method [5], we presented the 

automated segmentation of cell nuclei from the 

cytology pleural effusion images by applying OTSU 

and distance transform watershed method. 

The methods proposed in [3] has not applied any 

image enhancement method to improve image quality, 

although the cytology images can present a lot of noises 

and poor in color. In addition, the overlapping cells 

problem is missed to address. The methods proposed in 

[4] was not focused on image segmentation. Moreover, 

there was lack of evaluation of their methods. In order 

to address these shortcomings, we proposed OTSU 

based cell nuclei segmentation along with overlapped 

cell splitting in our previous method [5]. Despite our 

previous method has achieved the high accuracy, there 

are a high number of false findings due to the noise 

sensitivity of OTSU. Our previous method performed 

well on the images with low cytological noises. 

However, the present amount of noises in cytological 

images vary depending on staining procedure and the 

illumination situation during capturing the digital 

images. Moreover, our previous method results in a 

large number of false findings because it wrongly 

segmented the blood cells as nuclei. Therefore, our 

previous method is not appropriate for the images with 

the high degree of the noises and blood cells.  To deal 

with these problems, we have put our research effort on 

supervised learning segmentation by ANN that can 

classify each pixel based on color properties. Other 

supervised learning based cell segmentation methods 

have reported in [6-10]. They are mainly focused on 

SVM, random forest, and deep neural networks.  

In this paper, we proposed the new cell nuclei 

segmentation approach using the supervised neural 

network pixel classification. Firstly the input image is 

preprocessed to improve the image quality prior to the 

main process. Then, H, S, V color features, and their 

representative standard deviation values are taken as 

input features to train the neural work. ANN classify 

each pixel in the image into 1 or 0. 1 represents to the 

cell nuclei region, and, in the contrast, 0 stands for 

background, blood cells, and artefacts. Then, the 

morphological operations are performed to refine the 

segmented cell nuclei that are resulted from ANN. 

Finally, the marker-controlled watershed method is 

utilized to further separate the overlapped or touched 

cell nuclei.  

The rest of the paper is constructed as follows. 

Section 2 presents the dataset description, ground truth 

segmentation, and explains the details of the proposed 

method. The experimental results and the discussion are 

described in Section 3. The conclusion is drawn in the 

last section. 

 

II.   METHODOLOGY 

 

A. Dataset  Description and Ground Truth 

Segmentation 

The study dataset is acquired in the cooperation with 

the experts from Department of Pathology, Faculty of 

Medicine, Srinakharinwirot University, Thailand. 

Initially, the sample is obtained by thoracentesis. 

Subsequently, the fluid is spread on the glass slides and 

stained with Papanicolaou (Pap) staining method. The 

dataset consists of 35 cytological pleural effusion 

images, including the benign and cancerous cells. The 

digital images are captured with Olympus digital 

camera adapted on the microscopic camera. The 

obtained images have the 4050-by-2050 pixels and 

stored in RGB space as JPEG format. The example of 

the pap stained cytology image and its components are 

graphically illustrated in Fig.3. To set the gold standard, 

firstly the computer vision researchers manually 

delineate the cell nuclei. Then, the experts verified and 

Membrane 

Cytoplasm 
Nucleus 

Fig. 2. The architecture of the cell  
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mark pathological signs on the images. Therefore, the 

ground truth images are segmented in cooperation 

between the computer vision researchers and experts. 

 
 

B. Proposed Method  

In our proposed method, the cell nuclei 

segmentation on pleural effusion image are mainly 

performed by four stages: preprocessing, segmentation, 

refinement and splitting the overlapped cells. The block 

diagram of our proposed method is depicted in Fig.4. 

 

 
Fig. 4. The block diagram of the proposed method 

 

B.1.    Preprocessing Stage 

The preprocessing step is aimed to enhance the 

quality of the images prior to the main segmentation 

process. Initially, the original image is resized from 

4050-by-2050 to 1052-by-1020 pixels for the purpose 

of reducing the computation time. Subsequently, image 

enhancement method is applied since the great number 

of images are poor in contrast. In our research, CLAHE 

[12] is performed to enhance the contrast of the cells. 

Then, the RGB image is converted into HSV color 

space as HSV color space are rich in color information 

and the cell component exhibits significantly in HSV. 

HSV stands for the Hue, Saturation, and Value. Hue 

represents the color types, Saturation for the vibrancy 

of the color and Value for the brightness of the color. 

Fig.5. graphically defines the HSV color wheel [11]. 

 

 
 

B.2. Segmentation Stage 

The aim of the segmentation is to extract Region of 

Interest (ROI) for image analysis. In our research, it is 

performed to discriminate between cell nuclei and the 

rest of the image. Since the cell components reveal the 

different colors, ANN-based pixel classification is 

performed according to color contents. ANN is the 

computational method inspired by the structure and 

functions of the biological neural networks. Among the 

types of ANN, we selected the back propagation NN 

[13]. The (number of) layers of the ANN is determined 

by conducting the multiple experiments. It is observed 

that three-layer NN is appropriate for cell nuclei 

segmentation. Hence, we built the back propagation 

neural network with three layers namely input layer, 

hidden layer, and output layer. The architecture of the 

back propagation neural network applied is graphically 

shown in Fig. 6. The input layer is composed of 6 

neurons corresponding to H, S, V color vector of pixels 

and their corresponding standard deviation values. 

These inputs vectors are obtained by user interaction, as 

shown in Fig. 7. The target vector is composed with 0 

and 1. The input vectors and their corresponding target 

vectors are fed to the neural network for training. The 

output layer is composed with one neuron that classifies 

the pixel as 0 or 1.  

 

B.3. Post Processing 

The post processing stage aims to refine the segmented 

nuclei and eliminated small artifacts that are not 

relevant to nuclei regions. In this stage, the 

morphological closing operation is performed to fill the 

small holes in the segmented cell nuclei that appear 

because the gray level in the nuclei region varies. The 

morphological close operation is a dilation followed by 

an erosion, using the same structuring element for both 

operations. Subsequently, morphology opening is 

Fig. 5. HSV color wheel 

Input images 

CLAHE 

HSV 

Preprocessing 

Feature 

Extraction 

ANN 

Segmentation 

Morphologica
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Fig. 3. Original cytology pleural effusion image 

Segmented 

cell nuclei 
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performed to eliminate the small artefacts. The 

morphological open operation is an erosion followed by 

a dilation, using the same structuring element for both 

operations [14]. The morphological closing and 

opening processes are stated as equation (1) and (2) 

respectively. 

                         B ∙S=(B⊕S)⊝S                                (1) 

                         B ∘S=(B⊝S)⊕S                               (2) 

Where B represents as the binary image and S as the 

structuring element.  ⊕ And ⊝ are denoted as dilation 

and erosion respectively. 

 

 
 

 
 

B.4. Separating the overlapped or touched cell 

nuclei 

There are still remained touched or overlapped cell 

nuclei. It is essential to separate into individual ones in 

order to get the accurate computation for further 

analysis. In our research, we applied a famous marker-

controlled watershed method to separate the overlapped 

or touched cells [15]. The processing procedure of the 

marker-controlled watershed method is described as 

follows. 

1. Make the binary image contained overlapped cell 

nuclei (note that: This step is done by ANN) 

2. Determine the foreground markers by calculating the 

regional maxima. 

3. Determine the background markers. 

4. Compute the watershed transform from the 

segmented image 

5. Visualize the result. 

 

III. Experimental Results and Discussion 

 

 The proposed method is aimed to automatically 

segment the cell nuclei from cytology pleural effusion 

images. The method is implemented in Matlab 2013b 

with using the core i7 PC with 2.5 GHz processor and 8 

GB RAM. The proposed method is evaluated with all 

images in the dataset by computing four performance 

metrics namely precision, recall, f-measure and DSC. 

The proposed method achieved the segmentation 

accuracy of 0.95%, 0.86 %, 0.90% and 92% in 

precision, recall, f-measure and DSC respectively. The 

average processing took 15 mins per image. The 

evaluation results of the proposed method are described 

in Table. I. 
Table I: Evaluation of the proposed method 

Types of 

Images 

Number  
of 

Images 

Segmentation 

Accuracy  

Processing 

Time  

Cytology 
images of 

pleural 

effusion 

35 

precision 0.95% 

15 mins 
recall 0.86 % 

f-measure 0.90% 

DSC 92% 

 

A. Preprocessing  

In this stage, we experimentally conducted multiple 

enhancement methods namely intensity adjustment, 

histogram equalization, and CLAHE. In order to select 

the most effective one, Structural Similarity (SSIM) for 

each method is computed as image quality 

measurement [16], and the results are compared in 

Fig.8. SSIM is computed to measure the similarity 

between the original image and processed image. 

Higher SSIM value indicates the higher image quality. 

In our experiments, it is observed that CLAHE exhibits 

the highest SSIM. The contrast of the cell nuclei is 

enhanced significantly. Consequently, the enhanced 

image is transformed back to RGB, as graphically 

shown in Fig.9.  

B 

A 
C 

N 

Fig. 7. User Interaction in training the neural network. Box N indicates 

the nuclei region. Boxes C, B and A correspond to the cytoplasm, 

background and artefacts . 

 Input layer Hidden layer Output layer 

H 

S 

V 

Std. of H 

Std. of S 

Std. of V 

Output 

Fig. 6. The proposed architecture of backpropagation neural network (note 

that: Std. = Standard Deviation) 
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Fig. 8. Comparison result of SSIM 

 

B. Segmentation Stage: Artificial Neural 

Network based pixel classification 

The segmentation is the key process to extract the 

cell nuclei. Backpropagation neural network is 

performed to classify each pixel in the image into either 

“0” or “1”. Cytoplasm, background pixels, and blood 

cells are classified as “0”, and nuclei region as “1”. 12 

images are randomly used in the training. For each 

image, 10 random input features of nuclei regions, and 

the total 10 random input features corresponding to the 

cytoplasm, background and artefacts are extracted. 

Therefore, 120 input parameters for nuclei and total 120 

input for remained regions are fed to the neural network 

for training. After the neural network is trained, the 

network classifies the pixels as either white (“1”) or 

black (“0”) throughout the image. The resulted image is 

depicted in Fig.10. As the improvement to our previous 

method, ANN extracts only nuclei regions without any 

artifacts and blood cells. It means that the background, 

cytoplasm, and artifacts are perfectly segmented as “0” 

pixels (undesired regions). Therefore, ANN-based 

segmentation addressed the remained problem of 

previous methods. The main benefit of ANN-based 

segmentation is the less of false findings. 

C. Post Processing Stage: Morphological 

Operations 

Nevertheless, as clearly visible in Fig.10, it is noticed 

that there are the small holes present inside the 

segmented nuclei. It occurs because of the variation of 

gray level inside nuclei region. We applied the hole 

filled operation depending on morphological 

reconstruction. It is also observed that shape of some 

nuclei is damaged after segmentation due to the non-

uniform color distribution and intensity. This problem 

is compensated by applying morphological closing. 

After the hole filling and morphological closing, we 

obtained the resulted image with the completed shape 

of cell nuclei, as graphically shown in Fig.11. 

 

D. Splitting of overlapped or touched cell 

nuclei 

In order to separate the overlapped or touched cell 

nuclei, the marker-controlled watershed is applied. 

Fig.12. illustrated the resulted image after watershed 

method, and the superposed image on grayscale image. 

It produces the separated individual cell nuclei with the 

complete shape. Nevertheless, the watershed method is 

failed to correctly separate the overlapped cells into 

(a) (b) 

(c) (d) 

Fig. 9. The preprocessing stage : (a) Orginal RGB image, (b) Grayscale 

image, (c) Enhanced image processed in CLAHE, (d) Enhanced Image 

in RGB , (e) Histogram of original image, and (f) Histogram of enhanced 

Image   (note that : the image is cropped for better visibility) 

(e) (f) 

Fig. 10. Segmented cell nuclei image using ANN  
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individual ones when the cells are highly overlapped or 

formed as the cohesive clusters. 

 

 

IV. CONCLUSION 

 

This paper proposed the automated system to 

segment the cell nuclei from the cytology pleural 

effusion images depending on ANN and marker-

controlled watershed method. The proposed method 

involves four main stages. Firstly, the image is 

preprocessed in order to improve the quality of the 

images by applying CLAHE. Subsequently, it is 

converted into HSV color channel. Secondly, the 

segmentation stage is performed using supervised pixel 

classification by ANN. Thirdly, the segmented cell 

nuclei are refined by using morphological operations. 

Finally, the overlapped or touched nuclei are separated 

into individual ones using the marker-controlled 

watershed method. The proposed method is conducted 

on 35 cytology images and achieved the segmentation 

performance of 0.95%, 0.86 %, 0.90% and 92% in 

precision, recall, f measure and DSC. The proposed 

method can be utilized as the prerequisite of CAD 

system. Despite the proposed method achieved the high 

accuracy, these are the cases where it fails to separate 

into individual ones due to the high overlapped or 

clustered nuclei. This problem is remained to solve in 

the future. The feature extraction and classification also 

remained as the future work. As a hope, our final goal 

is to implement the full CAD system of cancer cells on 

cytology pleural effusion images. 
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