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a b s t r a c t 

Accurate cell segmentation is essential for computer-aided diagnosis of cervical precancerous lesions in 

cytology images. Automated segmentation poses a great challenge due to the presence of fuzzy and over- 

lapping cells, noisy background, and poor cytoplasmic contrast. Deep learning diagnosis technology has 

showed its advantages in segmenting complex medical images. We present a new framework based on 

deep convolutional neural networks (DCNNs) to automatically segment overlapping cells in digital cytol- 

ogy. A double-window based cellular detection method is derived to correctly localize individual cells, in 

which TernausNet is adopted to classify the image pixels into nucleus, cytoplasm, or background. A modi- 

fied DeepLab V2 model is applied to perform cytoplasm segmentation. To provide more training samples, 

a synthesis method is utilized to generate cell masses containing touching or overlapping cells. The pre- 

sented method was tested on three independent data cohorts, including two public datasets. We achieved 

improved performance in terms of dice coefficient (DSC), false negative and false positive rates, with up 

to 15% improvement in DSC, compared with the state-of-the-art approaches. The results indicated that 

the DCNN based segmentation method could be useful in an image-based computerized analysis system 

for early detection of cervical cancer. 

© 2019 Elsevier B.V. All rights reserved. 
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. Introduction 

Cervical cancer is one of the most common causes of cancer

ortality in women worldwide [1] . Early detection of precancerous

esions is essential for successful treatment of cervical cancer [2] .

ytology test, such as pap smear test or Thinprep cytologic test, is

n important routine screening in diagnosing cervical abnormal-

ties. The diagnostic procedure requires cellular level examination

nder a microscope by a cytologist or pathologist for searching

nd detecting nuclear and cytoplasmic atypia, which is tedious and

uffers high intra- and inter-observer variations [3] . A computer-

ssisted diagnosis (CAD) system becomes a solution to automat-

cally and efficiently analyze the digitalized cervical cytological

mages. Similar to the manual diagnosis, such a system usually

onsiders cell-related image attributes reflecting pleomorphism
� This work was partially supported by the Beijing Municipal Natural Science 

oundation (Grant no. 7192105), the National Natural Science Foundation of China 

Grant nos. 61876197 and 61771325 ), and Beijing Hospitals Authority YangFan Pro- 
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nd chromatism. Therefore, accurate cell segmentation is a vital

rerequisite for building a CAD framework. Fully automatically

egmenting cervical cells from overlapped clumps is a highly

hallenging task in computerized cervix cytological analysis. 

Recently, many approaches for cervical cell segmentation have

een proposed in the literature [4–7] . Most of the current auto-

ated methods mainly aimed to segment overlapping nuclei and

ellular masses [8–11] . These approaches can be broadly classi-

ed into two categories. Majority methods utilized traditional tech-

iques often used in the field of medical image processing or

omputer vision to perform nuclei and cytoplasm segmentation

12] . For instance, Wang et al. [10] applied the mean-shift clus-

ering and flexible mathematical morphology to split overlapped

ell nuclei. Phoulady et al. [13] presented a framework to de-

ect nuclei and segment overlapping cytoplasm in cervical cytology

xtended depth of field and volume images. The resulting cell

oundaries were estimated by a defined similarity metric and then

efined via a coarse-to-fine strategy at the pixel level. Nosrati and

amarneh [14] combined the maximally stable extremal region de-

ector and random decision forest classifier to find the possible nu-

lei locations. The corresponding cytoplasm was segmented using

n active contour model. Yan et al. [15] developed an automatic

https://doi.org/10.1016/j.neucom.2019.06.086
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Fig. 1. Workflow of the presented segmentation method based on the DCNN models. Three main modules are designed to perform an automated cell segmentation in 

cytological images. 
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cellular image segmentation scheme for RNAi fluorescent genome-

wide screening using a multiphase level set method, in which the

energy function was formulated based on an interaction model

to be able to segment tightly clustered cells with intensity vari-

ance and specific phenotypes. Tareefa et al. [16] devised a two-

stage segmentation method, in which the segmentation of nuclei

and cellular clusters was performed using a set of local discrimi-

native shapes and appearance cues of image superpixels. The cy-

toplasm was partitioned via a guided sparse shape deformation.

In their recent work [12] , a multi-pass fast watershed method

was adopted to segment both nucleus and cytoplasm from touch-

ing or overlapping cell clumps and provided improved segmenta-

tion performance. Although all these methods achieved relatively

good segmentation results, they made use of prior knowledge of

the nucleus-cytoplasm structure at the view of pixel level and

could be sensitive to the accuracy of nuclei detection process. The

methods may fail in the context of segmenting highly overlapped

cytoplasm when the clumped nuclei are two close together. Fur-

ther, Lu et al. [17] employed multiple level set functions to han-

dle both nuclei and cytoplasm from clumps of overlapping cervical

cells. The method obtained improved segmentation performance,

but still needed good initializations for the level set functions rep-

resenting the detection of each cell. 

With the recent advent of image processing techniques and ad-

vances in computational power, it is now possible to establish deep

learning based computer-aided image analysis to facilitate cervical

cancer screening and diagnosis [18,19] . In deep learning, a convo-

lutional neural network (CNN) is a class of deep neural network,

most commonly applied to analyzing visual imagery [20,21] . For

example, Zhu et al. [22] proposed a boundary-weighted domain

adaptive CNN for segmenting prostate MR images. A boundary-

weighted loss function was designed to make the trained CNN

being sensitive to boundaries. Additionally, a boundary knowl-

edge transfer learning was exploited to overcome the challenge

caused by the lack of sufficient training data. Song et al. [23] intro-

duced a segmentation framework combining deep learning tech-

nique and a deformation model to split cervical cells. A multi-

scale CNN was used to learn cervical image pixels and classify

each pixel into background, cytoplasm, or nucleus. The detected

cell cytoplasm from the CNN was extracted using a multi-cell la-

beling model. Tareef et al. [24] utilized a deep convolutional neural

network (DCNN) model to classify the images into three cellular

components (i.e., background, nuclei, and cytoplasmic mass). The
ytoplasm contour was delineated via a learning shape prior

odel. Although the experimental results demonstrated that the

eep learning based approaches delivered promising results, these

ethods encountered the issue of heavy computational burden

nd generally required a longer processing time when handling

hole slide scanned cytological images. This motivated our work

o develop a robust and efficient learning based algorithm to au-

omatically segment cervical cells from highly overlapping cell

asses in cytological images. 

In this paper, we present a new segmentation method for

plitting overlapped cells in cervical cytology images based on

eep learning models and computerized image analysis tech-

iques. The workflow of the method is depicted in Fig. 1 . Similar

o the previous work [12,13,16,17] , we perform the cellular seg-

entation via a two-phase framework, in which the regions of

nteresting identified by the cell detection phase serve as training

amples for the subsequent cytoplasm segmentation phase. The

lgorithm is able to enhance the robustness of the method when

rocessing low quality images with poor contrast and ambiguous

oreground/background, such as routinely stained cervical cytology

mages. To improve the accuracy of cell detection, a three-step

pproach is utilized to ensure the generation of a set of corrected

ellular regions. A TernausNet model [25] is applied to roughly

lassify the image pixels into nucleus, cytoplasm, or background.

he TernausNet model is a modification of the U-Net architecture

hat is widely used for image segmentation [25] . The model adopts

ne-tuning to initialize weights for an encoder of the network. This

re-trained network substantially reduces training time and also

elps to prevent over-fitting [25] . This model is particularly useful

n medical image segmentation since there are limited amount of

abelled data available as training samples. A nucleus candidate se-

ection method is then used to further reduce false positive nuclear

ixels. A double-window based cell localization approach is finally

mployed to determine the overlapped cell regions. Different with

he prior DCNN based methods [23,24] , in which the cytoplasm

egmentation was performed via conventional image processing

ethods, we conducted a DCNN based instance segmentation to

plit overlapping cytoplasm in conjunction with cell detection.

ompared with the sematic segmentation that does not differen-

iate each object, the instance segmentation requires the correct

etection of individual objects and assignment of different labels

o each object instance. Therefore, we are able to identify and ex-

ract each cervical cell from touching or overlapping cell masses. A
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opular DeepLab V2 model [26] is employed in this work to seg-

ent overlapped cells. The DeepLab models have been extensively

sed in the task of semantic image segmentation and tested on

arge volumes of image datasets [26] . Further, a modified loss

unction is devised in order to adjust the model to better deal

ith cytological images. In summary, the main contributions of

his work include: 

• A segmentation framework effectively combining DCNN and

image processing techniques is designed to accurately sepa-

rate both nuclei and cytoplasm within highly overlapped cell

clumps, which has the potential to be adapted and extended

to other types of cytological cells, such as breast fine-needle-

aspirates cytology. 

• A new loss function is derived by considering cell edge infor-

mation to force the DCNN model to be more sensitive to the

cellular pixels and boundaries, thus leading to improved seg-

mentation performance. 

The rest of this paper is organized as follows. Section 2 de-

cribes the details of the method. The experimental design and re-

ults are presented in Section 3 and Section 4 , respectively. The

oncluding remarks are given in Section 5 . 

. Methods 

The presented deep learning based segmentation method con-

isted of three main modules, including cell detection, cytoplasm

egmentation, and boundary refinement. A cell detection method

as developed to extract the individual cells via the TernausNet

odel [25] and the double-window based cell localization method.

 modified DeepLab V2 model [26] segmented cytoplasm from the

mage background before performing a post-processing method to

efine the cell outer contours. 

.1. Cell detection 

.1.1. Nucleus candidate generation 

Nuclei detection is a difficult task due to folded cervical cells,

oor contrast of cytoplasm, and presence of neutrophils and ar-

ifacts. To reduce the impact of these factors, we first applied a

ernausNet based classification method to the entire image. Every

ixel was assigned to one of the three labels (nucleus, cytoplasm,

nd background). This was a preliminary step to roughly find the

ucleus candidates and excluded the background and non-nucleus

bjects. The TernausNet was built based on a classical U-Net ar-

hitecture and was initialized with weights from a VGG11 encoder

re-trained on a large dataset of ImageNet [25] . Different with the

GG11 model, the TernausNet replaced the fully connected layers

ith a single convolutional layer of 512 channels serving as a bot-

leneck central part of the network. The model separated the en-

oder from the decoder, resulting in advantage of reduced train-

ng time and preventing over-fitting. This pre-trained network has

howed improved performance in segmenting aerial images com-

ared with the other advanced pre-trained models, such as VGG16

nd the network from ResNet family [25] . This model is suitable

or the rough nuclei candidate detection on whole-slide scanned

ytological images with low cost of computation and reduced over-

tting. After classification, we collected all the nucleus labelled

ixels as potential nuclei to be used in the subsequent selection

rocess (see Fig. 3 (b)). 

.1.2. Nucleus candidate selection 

In order to reduce false positive nuclear pixels after the Ter-

ausNet based classification, we further ran an Adaboost classifier

o filter out the possibly wrong nucleus candidates. Two types of

exture features were computed, including the gray level size zone
atrix (GLSZM) [27] and histogram of oriented gradients (HoG)

28] on the pixel basis. These image features were used to train

he Adaboost classifier. 

The GLSZM descriptor is an advanced statistical matrix used for

exture characterization based on the fact that homogeneous tex-

ure is composed of large flat zones of close gray level. The ma-

rix M is calculated according to the run length matrix principle.

ssume M has size of D g × D s , where D g is the number of gray

evels, and D s is determined by the size of the largest flat zone.

he value of the matrix element m ij is equal to the number of flat

ones of size j and of gray level i . The more homogeneous the tex-

ure (large flat zones with close gray levels), the wider and flatter

he matrix. The GLSZM provides a statistical representation by the

ivariate conditional probability density function estimation of the

mage distribution, meanwhile is robust to the image noise [27] . A

otal of 13 image attributes were computed based on the GLSZM

atric. They are small/large zone emphasis, gray-level/zone-size

on-uniformity, zone percentage, low/high gray level, small zone

ow/high gray level emphasis, large zone low/high gray-level em-

hasis, gray-level/zone-size variance. The HoG is a popular feature

o capture local textural attributes of image. In general, a gradient

mage G is obtained via convolving a gradient filter applied on both

orizontal and vertical directions. The resulting G is divided into

 small cells without overlaying. For each cell c , a histogram h c 
f gradient directions or edge orientations is computed. The HoG

eature is the concatenation of all these histograms. The detailed

mplementations can be found in [27] and [28] . These two types

f features worked with the Adaboost classification to further dis-

inguish the true cell nuclei from the previous nucleus candidate

eneration step. An example is shown in Fig. 3 (c). 

.1.3. Cell localization 

Based on the locations of identified nuclei, we adopted a

ouble-window method to determine the cellular regions as shown

n Fig. 3 (d). These regions of interest (ROIs) can form a set of

raining samples to be used in the following cytoplasm segmen-

ation task. The ROI was defined as a rectangular window with

 six-element tuple ( Ni r , Ni c , Dl Ni , Dr Ni , Du Ni , Dd Ni ), where i ∈
 1 , 2 , . . . , C} , and C is the total number of nuclei centered at nu-

leus Ni. Ni r and Ni c represented the coordinates of nuclear cen-

er within the image. Dl, Dr, Du , and Dd denoted the distances be-

ween nucleus Ni and the four sides of the window. We defined

wo initial square ROIs to mark the true cell location, shown in

ig. 2 (a) as R 1 N 1 and R 2 N 1 . Two rectangular windows representing

wo initial ROIs were given as ( Ni r , Ni c , D 1 Ni , D 1 Ni , D 1 Ni , D 1 Ni ) and

 Ni r , Ni c , D 2 Ni , D 2 Ni , D 2 Ni , D 2 Ni ), where D 1 > D 2. We designed a cri-

erion to decide the window size of ROI by considering the over-

aid cells. An example is given in Fig. 2 (a) showing that two nu-

lei (N1 and N2) are inside a cell mass. N2’s R1 window and N1’s

2 window have overlapped region. Dl N 1 equals to the half of the

orizontal distance between N1 and N2. Otherwise, Dl N 1 equaled

o D 1 N 1 . The same rule is also applied to Dd N 1 . The resulting ROI

s shown in Fig. 2 (b). This process ensured that we extracted accu-

ate cell regions containing the overlapping zones between densely

lumped cells. 

.2. Cytoplasm segmentation 

.2.1. Data augmentation 

Deep learning techniques are supervised learning methods,

hich require a large amount of training data. In this work, the

anual annotations were difficult to perform in the case of densely

istributed cells. A synthesis method [17] was utilized to enlarge

he image samples in order to train the DeepLab V2 based segmen-

ation algorithm. Moreover, data synthesis can provide a more pre-

ise ground truth annotations for individual cell boundary, avoiding
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Fig. 2. Illustration of double-window based cell localization method. (a) Two windows ( R 1 N 1 (blue) and R 2 N 1 (yellow)) located at the center of nucleus N 1; (b) Cell ROI 

(green) determined by taking into account the positions of N 1, N 2, R 1 N 1 , R 2 N 1 , R 1 N 2 , and R 2 N 2 . 

Fig. 3. Image outputs for each step of the presented segmentation method. (a) Original image with manual annotations (ground truth); (b) Nucleus candidate detection 

(green points); (c) Nucleus candidate selection (green points); (d) Cell localizations indicating by the rectangular windows; (e) Segmentation obtained using the Deeplab V2; 

(f) Segmentation after CRFs; (g) Final segmentation after the cell boundary refinement using the weighted cross-entropy; (h) Final segmentation using the conventional sum 

of cross-entropy. 
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potential error from manual annotations [14] . The method gener-

ated the clustered cell images using the single isolated cells. The

randomly selected individual cells were used to synthesize various

cell masses based on two parameters: 1) the number of cells per

image ( NUM ), and 2) overlapping ratio between any pair of cells

( OR ). The detailed synthesis algorithm is described in Algorithm 1 .

2.2.2. Network architecture design 

We built a popular DeepLab V2 model [26] to segment the cyto-

plasm from the image background. This model provides a capabil-

ity in learning multi-scale contextual features through atrous spa-

tial pyramid pooling (ASPP). It allows effectively enlarge the field of

view to incorporate larger context without increasing the number

of model parameters or the amount of computation. Also, it uti-

lizes an ImageNet-pretrained ResNet-101 [29] as the main feature

extractor, which has been proved to be a robust network in the im-

age recognition field. Different from the convolutional ResNet-101,

we replaced the model’s last block ( Conv 5 x ) with the ASPP layer by
dding a series of atrous convolutions with different dilation rates,

llowing capture multi-scale image attributes. Fig. 1 displays the

rchitecture of the DeepLab V2 model, in which Conv 2 x , Conv 3 x ,

nd Conv 4 x are repeated [3,4,23] times residual units, respectively.

n Fc 6, these atrous convolutional layers had rates of [6,12,18,24] . 

The ResNets is a residual learning framework to ease the train-

ng of deep convolution neural networks. It contains 4 computa-

ional blocks with different number of residual units. These units

erform a series of convolutions, which can be defined as 

 l = F(x l ) + x l , (1)

here x l and y l are input and output vectors in the l th unit. F
epresents the residual mapping that has two or more convolu-

ion layers. The formulation can be realized by feedforward neu-

al networks with shortcut connections (skipping one or more lay-

rs). The shortcut connections can be simply implemented using

n identity mapping, which results in an optimal model having ac-

uracy grains from increased network depth. 
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Algorithm 1 The cell synthesis algorithm. 

Inputs: Original images(O), nuclei masks(NM), cellmasks(CM), 

NUM, and OR 

Output: Synthesis image(S) 

Extracting the isolated cells SC i , (i ∈ { 1 , 2 , . . . , N} ) , and obtaining 

the background set B j , ( j ∈ { 1 , 2 , . . . , M} ) via a random selection 

of background pixels 

Step 1: Placing NUM cells with specified OR on a 512 × 512 can- 

vas 

for i = 1 : NUM do 

Randomly choosing asingle cell sc i from SC i 
if i = 1 then 

Translatingand rotating sc i with a random distance and an- 

gle 

Randomly generating the other cell positions within a re- 

gioncenter on sc i 
else 

Moving sc i to (t x, t y ) inthe region and then rotating it with 

a random angle 

Checkingthe validity of the overlapping ratio ( or) between 

sc i and sc i −1 based on OR 

if or < OR then 

Adding sc i onthe canvas 

end if 

end if 

end for 

Step 2: Computingoverlapping cells’ gray values 

for k 1 = 1 : NUM do 

for k 2 = 1 : NUM do 

Defining a random value α ∈ { 0 . 8 , 0 . 99 } 
Defining a cell intersecting region Rkk 

Rkk new 

= max (sc k 1 (Rkk ) − sc k 2 (Rkk ) , α ×
min (sc k 1 (Rkk ) , sc k 2 (Rkk ))) 

end for 

end for 

Creating S by adding background from B j and Gaussian noise 
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The atrous (or dilated) convolutions allow enlarge the field-

f-view of filters at any layer without losing resolution [30] . It

ntroduces a rate f to generate f − 1 zeros between consecutive fil-

er values. For a k × k convolution, it effectively enlar ges the ker-

el size of a k × k filter to k new 

= [ k + (k − 1)( f − 1)] . The ASPP is

 module that employs multiple parallel atrous convolutional lay-

rs with different rates to learn multi-scale information of image.

n this work, the features extracted from each sampling rate were

used to generate a coarse score map showing the rough cell con-

ours. 

Moreover, we devised a new loss function to be used in the

eepLab, making the model more suitable to handle cervical cytol-

gy images. The original loss function was a sum of cross-entropy

etween the predicted value and the reference value for every

ixel. We found that cell boundaries were often difficult to be ac-

urately detected because of image artifacts and weak gradients

long the boundaries. We introduced a weighting factor γ in the

oss function in order to force the model to be sensitive to the cell

oundaries and cellular pixels enclosed within the cell outer con-

ours. The modified cost function is defined as 

 = −
N ∑ 

p=1 

γp r p log (t p ) , (2)

here t p and r p denote predicted and reference values at pixel p,

 is the total number of pixels, γp = 2 when p is a boundary or

ellular pixel, otherwise γp = 1 . Fig. 3 (g)(h) displays two examples

f cell segmentation using different loss functions. Compared with
ig. 3 (h), our modified loss function (shown in Fig. 3 (g)) improves

he cell segmentation in terms of more precise boundary locations

nd smoother cellular contours. 

.2.3. Fully connected conditional random fields (CRFs) 

The fully connected CRFs [31] was subsequently used as a post-

rocessing method after running the DeepLab model to obtain the

nal cytoplasm segmentation. The fully connected CRFs combin-

ng with deep neural networks have shown improved segmenta-

ion performance in both natural and medical images [26,32–34] .

s we know, pixel-wise deep learning models classify each pixel

ndependently based on the features derived from the image, pro-

ucing unsatisfactory segmentation results [35] . The conditional

andom fields incorporate the prior knowledge of relationships be-

ween pixels into the partition process. The fully connected CRFs

mploy the energy function given as 

 = 

∑ 

p 

ψ p (x p ) + 

∑ 

pq 

ψ pq (x p , x q ) , (3)

here p and q are the connecting image pixels, x is the label as-

ignment for pixels. The first term can be realized using unary po-

ential ψ p (x p ) = − log (P (x p )) , where P ( x p ) is the label assignment

robability at pixel p computed by the DeepLab model. The sec-

nd term is the pairwise potential having a form that allows for

fficient inference while using a fully connected CRF, which can be

xpressed as 

 pq (x p , x q ) = ζ (x p , x q ) 
2 ∑ 

m =1 

ω m 

K m 

(p, q ) , (4)

here ζ (x p , x q ) = 1 when x p = x q , and zero otherwise, meaning

hat only nodes with distinct labels are penalized, and ω m 

( m ∈ {1,

}) is a predefined weight to balance the two terms. K(p, q ) is for-

ulated using the Gaussian kernel in different feature space: 

 1 (p, q ) = exp 

(‖ P p − P q ‖ 

2 

2 σ 2 
α

− ‖ C p − C q ‖ 

2 

2 σ 2 
β

)
, 

 2 (p, q ) = exp 

(‖ P p − P q ‖ 

2 

2 σ 2 
γ

)
, (5) 

here P p , P q , C p , and C q are the positions and RGB color for the

ixels p, q , respectively. The parameters { σα , σβ , σγ } control the

cale of the Gaussian kernels. Fig. 3 (f) illustrates a segmentation re-

ult after performing CRFs. In summary, we combined the ResNet

rchitecture, atrous convolutions, ASPP, and fully connected CRFs

nto a segmentation network model to achieve superior cytoplasm

egmentation with detailed segmentation map along cell bound-

ries. 

.3. Cell boundary refinement 

To obtain precise cell contours, we adopted a distance regular-

zed level set evolution (DRLSE) based segmentation method [36] ,

n which a distance regularization term and an external energy

erm were derived to drive the motion of the zero level contour

oward desired locations. The energy function E(φ) is defined as 

(φ) = ω 1 R (φ) + ω 2 L (φ) + ω 3 A (φ) , (6)

here φ denotes level set function in the image domain, ( ω 1 , ω 2 ,

 3 ) are the weights to balance the three terms. R is the regular-

zation term, L is the distance term, and A is the region term. They

re given by [37] 

 (φ) � 

∫ 
φ

R (∇φ) dx, (7)
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Table 1 

The detailed description for three datasets. 

Dataset Image type Image size Cells per image Training no. Test no. 

ISBI2014 Synthetic 512 × 512 2 − 10 855 90 

ISBI2015 Synthetic/real 224 × 224 2 − 10 945 a 210 

In-house Real 512 × 512 2 − 20 460 120 

a In the experiments, we used 945 synthetic images from ISBI2014 as a training dataset. 
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R (φ) = 

⎧ ⎪ ⎨ 

⎪ ⎩ 

1 

(2 π) 2 
(1 − cos (2 πφ)) if φ < 1 , 

1 

2 

(φ − 1) 2 if φ ≥ 1 , 

(8)

L (φ) , � 

∫ 
�

gδ(φ) | � φ| dx, (9)

A (φ) � 

∫ 
�

gH(φ) dx, (10)

where H is the Heaviside function, δ is the derivative of H . g =
1 / (1 + | 1 + � G σ ∗ I| 2 ) , where G σ is the Gaussian kernel with stan-

dard deviation of σ . The segmentation maps obtained from the

DeepLab model served as initializations for the DRLSE-based seg-

mentation method. Compared with a single pixel as an initial

point, the DRLSE method required a small number of iterations to

move the zero level set from the initialized boundary to the de-

sired cell boundary. Additional, we assigned ω 3 a small value to

avoid the boundary leakage problem. The final cell boundaries, as

shown in Fig. 3 (g) were identified and obtained after segmentation

and refinement through DCNN and level-set methods. 

3. Experimental design 

3.1. Data description 

The presented segmentation method was evaluated on three in-

dependent datasets, including two publicly available datasets pro-

vided in the first and second overlapping cervical cell segmenta-

tion challenges (ISBI2014 and ISBI2015) [17] , and one in-house data

cohort. ISBI2014 dataset contained 855 synthetic cervical cytology

images in the training set and 90 synthetic images in the test set.

ISBI2015 had 4 extended depth of field (EDF) images in the train-

ing set and 5 EDF images in the test set. We extracted 210 im-

age patches with size of 224 × 224 pixels from 4 training EDF im-

ages. The in-house dataset contained 14 scanned cervical cytology

images from 14 patients who underwent a physical examination

between 2016 and 2017 at the Beijing Obstetrics and Gynecology

Hospital (BOGH). The study was approved by the Ethics Committee

of the BOGH and the Beihang University Faculty of Biomedical Sci-

ence and Medical Engineering, with the requirement for informed

consent waived. All the methods were carried out in accordance

with the approved guidelines and regulations. All the cases were

anonymized. The sides were digitalized via a whole slide scanner

(Aperio Technologies Inc., Vista, USA) at 20 × optical magnification

with a spatial resolution of 0.2456 μ m/pixel. We extracted 580 im-

age patches with size of 512 × 512 pixels from these images. One

expert cytologist with more than 15 years of experience marked

the locations of nuclei and delineated the enclosed cell contours

in the cytology images. The annotations were performed using a

self-developed web-based annotating tool providing online envi-

ronment of collaborative medical image annotation. All the data

were accompanied by nucleus and cytoplasm annotations except

for the ISBI2015 test dataset, therefore we did not include these

images in the evaluation. Table 1 shows the details of the three

test datasets. 
.2. Parameter setting 

In the nucleus candidate generation, we initialized the learning

age lr as 0.001 for the TernausNet network. The learning rate will

ecay when increasing iteration number ir according to l r = l r ×
(1 − ir/IR ) 0 . 9 , where IR is the total number of iterations. Here, IR

as set as 100 for all the experiments. There were two key param-

ters of the double windows ( D 1 and D 2) in the cell localization.

e set ranges of [70, 100] and [40, 60] for D 1 and D 2, respectively,

ased on the various cell sizes. A series of experiments were con-

ucted using different combinations of { D 1, D 2} on three datasets

o automatically tune the parameters. We used { D 1 , D 2 } = { 90 , 55 }
or the ISBI2014 and in-house datasets, and { D 1 , D 2 } = { 85 , 55 } for

he ISBI2015 dataset. In the DeepLab V2 model, the initial learn-

ng rate was assigned as 0.0 0 01 and decayed using l r = l r × 0 . 9 for

very 300 iterations. The parameters in the fully connected CRFs

ere { σα, σβ, σγ , ζ , ω 1 , ω 2 } = { 3 , 80 , 13 , 1 , 1 , 1 } . The technique of

tochastic gradient descent with momentum was utilized to opti-

ize the entire training process for both TernausNet and DeepLab

odels. 

.3. Evaluation metrics 

In order to compare with the segmentation results from

SBI2014 and ISBI2015 challenges, we adopted the original evalu-

tion metrics used in both challenges, including dice similarity co-

fficient (DSC), false negative rate at object level (FNRo), true pos-

tive rate at pixel level (TPRp) and false positive rate at pixel level

FPRp). The DSC can be calculated by: DSC = 2 | R a ⋂ 

R m 

| / (| R a | +
 R m 

| , where R a and R m 

are the areas enclosed by the automated

egmentation and manual segmentation, respectively. | · | is the car-

inality of set. DSC = 1 is an indicative of perfect segmentation.

or the cytoplasm segmentation, we computed the average DSC

ver the good cell segmentation, where a good segmentation was

efined as DSC > 0.7 per cell. If DSC was lower than a specific

hreshold ( τ = 0 . 3 ), we did not account this cell as true positive

or the computation of FNRo and TPRp. The higher values of TPRp

nd the lower values of FNRo and FPRp indicated better segmenta-

ion performance. Besides of TPR, we used positive predictive value

PPV) to evaluate the performance of nucleus candidate detection. 

.4. Reference methods 

Our method was compared with the other seven alternative ap-

roaches. The choice of reference methods took into account both

he usage of datasets and implementation availability. Tareef et al.

12] introduced a multipass fast watershed-based method to seg-

ent both nucleus and cytoplasm from cell masses using three

atershed passes. The method was tested on both ISBI2014 and

SBI2015 datasets. Ushizima et al. [14] derived an automated seg-

entation method for subcellular compartments through combin-

ng superpixel representation with voronoi diagrams. Nosrati and

amarneh [14] developed a variational method for overlapping

ervical cell segmentation based on the maximally stable extremal

egion detector. This method achieved the best segmentation re-

ults in ISBI2014 challenge. Phoulady et al. [13] designed a frame-

ork for the boundary approximation of overlapping cells, utilizing
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Fig. 4. Segmentation results on ISBI2014 dataset. (a) Original image; (b) Manual annotation; (c) DCNN-based method; (d) Ushizima et al. [14] ; (e) Nosrati and Hamarneh 

[14] . (f) Tareef et al. [12] . The purple dotted circle indicates the differences. 
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he information in the image stacks to enhance the cell boundary

efinements. Their method yielded the top performance in ISBI2015

hallenge. Lu et al. [17] utilized a joint optimization of multiple

evel set functions to separate nuclei and cytoplasm from clumps

f overlapping cervical cells. Song et al. [23] employed a multi-

cale convolutional neural network to learn cell appearance fea-

ures, and then applied a deformation model to segment cervical

ells. Lee and Kim [38] presented a segmentation method for over-

apping cervical cells using superpixel partitioning and cell-wise

ontour refinement. The original quantitative results reported in

he publications were used for comparison. 

. Experimental results and discussions 

The DCNN based segmentation method was qualitatively and

uantitatively assessed on three independent datasets. The perfor-

ance was evaluated in comparison with 7 state-of-the-art ap-

roaches for segmenting overlapping cervical cells. The effect of

arameter variation and computational complexity are analyzed in

his section. 

.1. Qualitative evaluation 

Figs. 4 –6 show the final segmentation results on the ISBI2014,

SBI22015, and in-house datasets. The reference manual annota-

ions are also displayed along with the automated segmentations.

or ISBI2014 dataset, we selected three reference methods (i.e.,

shizima et al. [14] , Nosrati and Hamarneh [14] , and Tareef et al.

12] ) for comparison since these three algorithms achieved the best

egmentation performance when attending the ISBI2014 challenge.

y carefully examining the figures, we note that the DCNN method
 Fig. 4 (c)) provides more consistent results with the manual de-

ineations compared with the other three methods. Tareef et al.’s

ethod [12] shown in Fig. 4 (f) also yields good segmentation re-

ults with the exception of small boundary leakages due to the

ague edges within the overlapping cell masses. The rest two refer-

nce methods suffered relatively worse boundary leakage problem,

esulting in inaccurate cell outer contours, especially on the inter-

ecting areas of overlapping cells. 

Fig. 5 illustrates an example of segmentation results applied to

he ISBI2015 dataset. Compared with the image shown in Fig. 4 (a),

his test image ( Fig. 5 (a)) contains cervical cells with dense distri-

ution and highly overlapping ratio, making the cell segmentation

ore difficult. We chose three reference approaches (Tareef et al.

12] , Phoulady et al. [13] , and Lu et al. [17] ) for comparison. By

bserving the figures, we can see that our segmentation demon-

trates good capability in separating overlapping cells in complex

ervical cytology images due to the accurate nuclei detection via

he TernausNet and double-window based cell localization. Tareef

t al.’s method [12] performs worse in this case since the method

tilizes a watershed-based technique, possibly resulting in over-

egmentation when strong and weak image edges appearing at

he intersection zones of multiple overlapped cells. In addition,

ur method is robust and effective in segmenting the clumped

ells with inhomogeneous cytoplasm due to the uneven straining.

houlady et al.’s method [13] yields good segmentation results, but

till suffered boundary loss because of the light staining within the

ytoplasm. Lu et al.’s method [17] also has the over-segmentation

ssue on the overlapping areas of clumped cells. 

Moreover, the presented method was validated on the in-house

ataset. The segmentation results are shown in Fig. 6 along with

osrati and Hamarneh [14] , and Lu et al.’s work [17] . We ran

he original implementations from the authors and adjusted their
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Fig. 5. Segmentation results on ISBI2015 dataset. (a) Original image; (b) Manual annotation; (c) DCNN-based method; (d) Tareef et al. [12] ; (e) Phoulady et al. [13] ; (f) Lu 

et al. [17] . The purple dotted circle indicates the differences. 

Fig. 6. Segmentation results on in-house dataset. (a)(f)(k) Original images; (b)(g)(l) Manual annotations; (c)(h)(m) DCNN-based method; (d)(i)(n) Nosrati and Hamarneh [14] ; 

(e)(j)(o) Lu et al. [17] . The blue dotted circle indicates the differences. 
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Table 2 

Segmentation performance with different DSC thresholding using DSC, FNRo, TPRp, and FPRp, and the values are in the format 

of μ ±σ . 

Dataset Thresholding DSC FNRo TPRp FPRp 

ISBI2014 DSC > 0.5 0.94 ± 0.04 0.11 ± 0.18 0.93 ± 0.09 0.001 ± 0.003 

DSC > 0.6 0.94 ± 0.04 0.12 ± 0.15 0.93 ± 0.06 0.001 ± 0.004 

DSC > 0.7 0.94 ± 0.04 0.13 ± 0.11 0.93 ± 0.06 0.001 ± 0.003 

DSC > 0.8 0.94 ± 0.04 0.15 ± 0.17 0.92 ± 0.04 0.002 ± 0.002 

ISBI2015 DSC > 0.5 0.92 ± 0.05 0.22 ± 0.14 0.91 ± 0.05 0.001 ± 0.002 

DSC > 0.6 0.92 ± 0.03 0.24 ± 0.21 0.91 ± 0.07 0.001 ± 0.003 

DSC > 0.7 0.92 ± 0.04 0.24 ± 0.19 0.91 ± 0.06 0.001 ± 0.002 

DSC > 0.8 0.91 ± 0.06 0.28 ± 0.24 0.90 ± 0.05 0.001 ± 0.002 

In-house DSC > 0.5 0.92 ± 0.04 0.19 ± 0.11 0.93 ± 0.05 0.003 ± 0.003 

DSC > 0.6 0.92 ± 0.06 0.19 ± 0.09 0.93 ± 0.06 0.003 ± 0.002 

DSC > 0.7 0.92 ± 0.05 0.22 ± 0.14 0.92 ± 0.07 0.003 ± 0.001 

DSC > 0.8 0.91 ± 0.05 0.30 ± 0.10 0.91 ± 0.03 0.004 ± 0.003 
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arameters to obtain the best performance through the cross-

alidation strategy. Nosrati and Hamarneh show a precise esti-

ation of the cell boundaries inside the overlapping regions, but

ess precise in the contours splitting the cells from the back-

round, where inaccurate random forest probability map is the

ain reason for this issue. Additionally, non-cell regions are par-

itioned from the background by this method because of the in-

orrect detection of nuclei. Lu et al.’s approach seems to pro-

uce fine segmentation results between clumps and background,

ut the estimation of the contours in the overlapping cell masses

ncountered over-segmentation or boundary loss. These problems

lso happened to the ISBI2015 dataset. Compared with the ref-

rence methods, our method achieved superior segmentation in

oth boundary delineation and cell segmentation within the highly

verlapping regions. 

.2. Quantitative evaluation 

.2.1. Nucleus candidate detection 

Nuclei detection provided prior knowledge for the cell loca-

ions, thus playing a key role in the subsequent cytoplasm seg-

entation. The final performance was assessed through two mea-

ures of TPR and PPV, indicating recall ratio and precision ratio

or detecting true nuclei. We used DSC > 0.7 between automated

etection and manual delineation to compute true positive and

alse negative values. Validating our nucleus candidate detection

ethod with three datasets obtained TPR = 0.97 and PPV = 0.99

or the ISBI2014, TPR = 0.96 and PPV = 0.98 for the ISBI2015,

nd the TPR = 0.98 and PPV = 0.99 for the in-house dataset. The

erformance evaluation demonstrated that the presented method

chieved promising results through a combination of DCNN and

onventional image processing techniques. 

.2.2. Cell segmentation 

The computation of performance measures, including FNRo,

PRp, and FPRp, depended on the choice of DSC. The DSC here

erved as a threshold. The lower DSC values led to a larger amount

f truly identified cells, thus resulting in higher values of true pos-

tive, then better performance in DSC and TPRp. Therefore, we cal-

ulated four metrics under different DSC values with a range of

0.5, 0.6, 0.7, 0.8}. The quantitative results are tabulated in Table 2 .

e can see that as the DSC increases, all the four metrics have sta-

le performance, indicating that our segmentation method is ro-

ust at the cell basis. When we set DSC > 0.7, both ISBI2014 and

SBI2015 have almost the same segmentation performance com-

ared to the lower values of DSC threshold. Moreover, the per-

ormance drops slightly when increasing the DSC threshold to 0.8

or both datasets. The in-house dataset exhibits larger variations

han the other two datasets because the collected images contain
 number of cell clumps with denser distribution and higher over-

apping ratio. 

In addition, we conducted an experiment to evaluate the

ell segmentation over different numbers of cells within

he cytological images and pairwise overlapping ratios be-

ween cells. In this work, the overlapping ratio is defined as

ax (| R A ⋂ 

R B | / | R A | , | R A ⋂ 

R B | / | R B | ) , with R A and R B representing

he regions enclosed within the cells A and B , and | · | denoting

he area of the region. The overlapping ratio indicates the degree

f interaction between a pair of cells inside the cell masses. We

nalyzed the segmentation performance in terms of DSC and TPRp

y varying the cell numbers and the overlapping ratios under

SC > 0.7. Fig. 7 shows a graphical visualization of segmentation

esults with respect to various number of cells and degrees of

verlap. These results show that our methodology can successfully

egment cell masses containing a large number of cells (between

0 and 16 cells) even when the overlapping ratio is relatively

igh (between 0.4 and 0.5). This is due to the fact that the

egmentation model is forced to learn the characteristics of the

ell boundaries through the improved loss function formulation.

e also note that with the increased values of overlapping ratio,

he performance drops when the number of cell is small. This

s mainly due to the inaccurate detection of nuclei when two

ells are too closed to be split. The results suggested that our

ethod was robust and effective to segment cytology images in

he context of highly overlapping cell clumps. 

.2.3. Comparison evaluation 

The comparison of segmentation performance was quantita-

ively evaluated using four measures (DSC, FNRo, TPRp, and FPRp).

e employed the same DSC threshold, in which a segmented cell

n the ground truth was considered to be missed if there was no

egion in the segmentation result that had a DSC greater than 0.7

ith it. The experimental results are listed in Table 3 . Nosrati &

amarneh [14] and Lu et al. [17] used the ISBI2014 dataset. Song

t al.’s method [23] and Phoulady et al.’s method [13] were as-

essed using the ISBI2015 dataset. Tareef et al. [12] and Lee & Kim

38] utilized both ISBI2014 and ISBI2015 datasets. In the table, we

dopted all the measure values reported in their originally pub-

ished work. For the in-house dataset, the original implementations

f Nosrati & Hamarneh [14] and Lu et al. [17] were executed to

erform the cell segmentation. 

By examining the results shown in Table 3 , our method

chieved the best segmentation performance in terms of DSC and

PRp for both ISBI2014 and ISBI2015 datasets, and highest FNRo

nd TPRp for ISBI2014 and second best FNRo for ISBI2015. For the

n-house dataset, our method outperformed the other two refer-

nce methods in all the metrics. The DCNN based method yielded

reater DSC measure with up to 6.90% and 6.20% improvements
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Fig. 7. The graphical visualization of segmentation results using (a) DSC and (b) TPRp with respect to various numbers of cells and overlapping ratios on the in-house 

dataset. The results suggest that our method is robust and effective to separate highly overlapping cells. 

Table 3 

Comparison of segmentation performance on three datasets using DSC, FNRo, TPRp, and FPRp, and the values are in the format 

of μ ±σ . The bold text indicates the best performance. 

Method DSC FNRo TPRp FPRp 

ISBI2014 

Tareef et al. [12] 0.89 ± 0.07 0.27 ± 0.28 0.91 ± 0.09 0.004 ± 0.005 

Nosrati & Hamarneh [14] 0.87 ± 0.08 0.14 ± 0.17 0.90 ± 0.09 0.005 ± 0.004 

Lee & Kim [38] 0.90 ± 0.08 0.14 ± 0.19 0.88 ± 0.10 0.002 ± 0.002 

Lu et al. [17] 0.88 ± N / A 0.21 ± N / A 0.92 ± N / A 0.002 ± N / A 

The DCNN method 0.93 ± 0 . 04 0.11 ± 0 . 13 0.93 ± 0 . 05 0.001 ± 0 . 002 

ISBI2015 

Tareef et al. [12] 0.85 ± 0.07 0.11 ± 0 . 17 0.95 ± 0 . 07 0.004 ± 0.004 

Song et al. [23] 0.89 ± N / A 0.26 ± N / A 0.92 ± N / A 0.002 ± N / A 

Lee & Kim [38] 0.88 ± 0.09 0.43 ± 0.17 0.88 ± 0.12 0.001 ± 0.001 

Phoulady et al. [13] 0.85 ± 0.08 0.16 ± 0.22 0.94 ± 0.06 0.005 ± 0.005 

The DCNN method 0.92 ± 0 . 05 0.13 ± 0.15 0.91 ± 0.05 0.001 ± 0 . 003 

In-house dataset 

Nosrati & Hamarneh [14] 0.78 ± 0.39 0.56 ± 0.28 0.81 ± 0.12 0.071 ± 0.037 

Lu et al. [17] 0.84 ± 0.09 0.32 ± 0.24 0.88 ± 0.10 0.032 ± 0.024 

The DCNN method 0.92 ± 0 . 04 0.15 ± 0 . 13 0.93 ± 0 . 05 0.013 ± 0 . 012 
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compared with the reference methods for ISBI2014 and ISBI2015,

respectively. Also on the in-house dataset, our method obtained

a comparable DSC (0.92) with the ISBI datasets while the per-

formance of the reference methods decreased from 0.87 to 0.78

for Nosrati & Hamarneh [14] , and from 0.88 to 0.84 for Lu et al.

[17] . Also, the method achieved great improvement in lowering

the FNRo, which denoted the rate of cells missed in the ground

truth. Tareef et al.’s approach [12] yielded a high TPRp but along

with a relative low DSC, which reflected inaccurate segmentation

due to the boundary leakage, causing high true positives as well as

high false positives. Our method outperformed Lu’s method [17] in

both ISBI2014 and in-house dataset, suggesting that the integration

of DCNN model and traditional image processing techniques could

provide good segmentation for largely clustered and highly over-

lapping cells. Moreover, an evaluation on three different datasets

demonstrated the superiority of the presented algorithm over the

other state-of-the-art methods. 

4.3. Analysis of influence factors 

4.3.1. Effect of parameter variations 

In the phase of cell localization, the window size controlled

the extraction of cellular regions, and further affected the sub-

sequent cytoplasm segmentation. Therefore, the choice of double

window parameters [ D 1, D 2] was essential for evaluating the final
egmentation performance. We conducted a series of experiments

sing different combinations of [ D 1, D 2] on three datasets to au-

omatically tune the parameters. Fig. 8 illustrates the three sur-

ace plots using the DSC metric by varying D 1 from 70 to 100,

nd D 2 from 40 to 60 on three data cohorts. The search process

as ran automatically through 5-fold cross-validation to find the

ost appropriate combination of parameters for best performance.

he values of [ D 1, D 2] obtaining the top segmentation performance

ere adopted in the experiments. The figures suggested that the

erformance of our segmentation approach was resilient to the

hoice of the parameters of double windows. 

.3.2. Impact of loss function on segmentation 

We modified the loss function of the DeepLab by introducing a

eighting factor to force the model to assign large weights to the

oundary or cellular pixels. To analyze the impact of our devised

oss function on the performance of segmentation, we compared

he weighted cross-entropy with the sum of cross-entropy (with-

ut a weighting factor) and the Dice loss on three test datasets.

our metrics (DSC, FNRo, TPRp, and FPRp) were computed to quan-

itatively measure the segmentation performance using different

oss functions. Similarly, DSC > 0.7 was set to calculate true pos-

tive and false negative values. From Table 4 , it can be observed

hat using the presented loss function helps to achieve better per-

ormance than using the conventional cross-entropy and Dice loss.
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Fig. 8. Surface plots of segmentation performance (dice similarity coefficient (DSC)) using different values of D 1 and D 2. (a) ISBI2014; (b) ISBI2015; (c) In-house dataset. 

Table 4 

Effect of loss functions in segmentation performance on three datasets, and the values are in the format of μ ±σ . The bold text 

indicates the best performance. 

Loss function DSC FNRo TPRp FPRp 

ISBI2014 

Weighted cross-entropy 0.93 ± 0 . 04 0.11 ± 0 . 13 0.93 ± 0.05 0.001 ± 0 . 002 

Sum of cross-entropy 0.92 ± 0.05 0.13 ± 0.16 0.93 ± 0.06 0.002 ± 0.002 

Dice loss 0.90 ± 0.06 0.19 ± 0.20 0.91 ± 0.07 0.003 ± 0.003 

ISBI2015 

Weighted cross-entropy 0.92 ± 0 . 05 0.13 ± 0 . 15 0.91 ± 0 . 05 0.001 ± 0 . 003 

Sum of cross-entropy 0.91 ± 0.07 0.21 ± 0.11 0.90 ± 0.04 0.003 ± 0.003 

Dice loss 0.91 ± 0.07 0.17 ± 0.13 0.89 ± 0.06 0.002 ± 0.003 

In-house dataset 

Weighted cross-entropy 0.92 ± 0.04 0.15 ± 0 . 13 0.93 ± 0 . 05 0.013 ± 0 . 012 

Sum of cross-entropy 0.92 ± 0.06 0.19 ± 0.23 0.92 ± 0.07 0.028 ± 0.036 

Dice loss 0.90 ± 0.08 0.35 ± 0.23 0.91 ± 0.07 0.047 ± 0.031 

T  

p  

s

4

 

c  

p  

a  

s  

e  

p  

D  

I  

c  

t  

d

 

e  

d  

u  

n  

i  

t  

u  

T  

t  

o  

s  

f

 

t  

i  

c  

t  

o  

m  

a  

g  

m  

f  

h  

D  

r  

i  

t  

a  

c  

b

 

p  

v  

t  

C  

t  

m  

p  

s  

p  

m  
his suggested that the weighted cross-entropy could enhance the

erformance of networks and hence improve the accuracy of the

egmentation. 

.3.3. Segmentation ablation study 

The presented segmentation method comprised three main

omponents of cell detection, cytoplasm segmentation and post-

rocessing. The improved DeepLab model was performed to sep-

rate cytoplasm from the image background in a semantic image

egmentation task. A data augmentation method was employed to

nlarge the labelled samples when training the model. Two post-

rocessing methods (CRFs and DRLSE) were applied after running

eepLab model to further improve the final segmentation results.

n order to evaluate the effectiveness of each component in the

ell segmentation, an ablation study was conducted on the three

est datasets. Table 5 shows the segmentation performance under

ifferent ablation configurations. 

In this work, a synthesis algorithm [17] was utilized to gen-

rate a set of new clustered cell images for the in-house dataset

uring DeepLab training. Since both ISBI2014 and ISBI2015 datasets

sed the synthetic images for training, the data augmentation did

ot applied to these two datasets. We computed four measures,

ncluding DSC, FNRo, TPRp, and FPRp to quantify the segmenta-

ion performance on the in-house dataset without and with the

sage of data augmentation. The quantitative results are shown in

able 5 . It can be seen that the data augmentation could be helpful

o improve the cell segmentation. Moreover, various combinations

f two key parameters ( NUM and OR ) were also considered when

ynthesizing cell images, the changes of parameters had little ef-

ect on the segmentation results. 
From Table 5 , we noted that the cell detection could enhance

he cell segmentation with up to 10% DSC improvement on the

n-house dataset. This is because that the existence of touching

lustered cells in cytology images makes it quite hard for au-

omated segmentation methods to separate them into individual

nes. Our two-stage cell detection method using the TernausNet

odel and the double-window based cell localization strategy was

ble to accurately identify and determine the individual cell re-

ions, thus serving as the prior knowledge to leverage the perfor-

ance of the DeepLab model. Also, it can be seen that adding the

ully connected CRFs and DRLSE based boundary refinement could

elp achieve more accurate segmentation than using only CRFs or

RLSE. This was due to the fact that the variations of slide prepa-

ation and image acquisition could cause deformation, artifacts and

nconsistency of cell appearance, which might impede the segmen-

ation process as well. Hence, the post-processing methods were

ble to further booster the cell segmentation by refining the outer

ontours of touching clustered cells with more precise and distinct

oundaries. 

Moreover, we replaced our network model with the other two

opular segmentation models of the U-Net [25] and the fully con-

olutional networks (FCNs) [39] to evaluate the effective usage of

he modified DeepLab model. The U-Net model is a U-shaped fully

NN and has been reported to work efficiently with less annotated

raining samples. The FCNs is a trained end-to-end pixel-wise se-

antic segmentation method, which has been demonstrated good

erformance in segmenting natural images. The quantitative mea-

urement is shown in Table 5 . The improved DeepLab model out-

erformed the other two networks in terms of all the performance

etrics, indicating that the developed segmentation method could
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Table 5 

Segmentation performance under different ablation configurations on three datasets, and the values are in the format of μ ±σ . The 

bold text indicates the best performance. 

loss function DSC FNRo TPRp FPRp 

ISBI2014 

DeepLab 0.85 ± 0.10 0.35 ± 0.33 0.88 ± 0.07 0.005 ± 0.004 

DeepLab + Detection 0.90 ± 0.04 0.21 ± 0.26 0.90 ± 0.05 0.002 ± 0.003 

DeepLab a + CRFs 0.92 ± 0.05 0.13 ± 0.11 0.92 ± 0.04 0.002 ± 0.002 

DeepLab a + DRLSE 0.91 ± 0.06 0.19 ± 0.16 0.92 ± 0.05 0.002 ± 0.002 

DeepLab a + CRFs + DRLSE 0.93 ± 0 . 04 0.11 ± 0 . 13 0.93 ± 0 . 05 0.001 ± 0.002 

U-Net a + CRFs + DRLSE 0.92 ± 0.05 0.25 ± 0.31 0.91 ± 0.05 0.001 ± 0.003 

FCNs a + CRFs + DRLSE 0.89 ± 0.06 0.29 ± 0.22 0.90 ± 0.06 0.002 ± 0.003 

ISBI2015 

DeepLab 0.88 ± 0.07 0.40 ± 0.33 0.87 ± 0.07 0.010 ± 0.013 

DeepLab + Detection 0.90 ± 0.05 0.26 ± 0.17 0.89 ± 0.05 0.004 ± 0.004 

DeepLab a + CRFs 0.92 ± 0.06 0.18 ± 0.13 0.90 ± 0.06 0.003 ± 0.003 

DeepLab a + DRLSE 0.91 ± 0.06 0.21 ± 0.24 0.88 ± 0.05 0.003 ± 0.004 

DeepLab a + CRFs + DRLSE 0.92 ± 0.05 0.13 ± 0 . 15 0.91 ± 0 . 05 0.001 ± 0 . 003 

U-Net a + CRFs + DRLSE 0.90 ± 0.04 0.19 ± 0.14 0.90 ± 0.06 0.002 ± 0.003 

FCNs a + CRFs + DRLSE 0.88 ± 0.06 0.29 ± 0.25 0.89 ± 0.08 0.003 ± 0.003 

In-house dataset 

DeepLab 0.82 ± 0.11 0.46 ± 0.29 0.83 ± 0.09 0.062 ± 0.033 

DeepLab + Augmentation 0.83 ± 0.08 0.34 ± 0.26 0.85 ± 0.12 0.053 ± 0.042 

DeepLab + Detection 0.90 ± 0.07 0.39 ± 0.43 0.91 ± 0.05 0.026 ± 0.023 

DeepLab b + CRFs 0.91 ± 0.05 0.20 ± 0.27 0.92 ± 0.07 0.021 ± 0.017 

DeepLab b + DRLSE 0.91 ± 0.06 0.26 ± 0.24 0.90 ± 0.08 0.025 ± 0.024 

DeepLab b + CRFs + DRLSE 0.92 ± 0 . 04 0.15 ± 0 . 13 0.93 ± 0 . 05 0.013 ± 0 . 012 

U-Net b + CRFs + DRLSE 0.85 ± 0.06 0.23 ± 0.17 0.88 ± 0.06 0.037 ± 0.031 

FCNs b + CRFs + DRLSE 0.82 ± 0.11 0.37 ± 0.37 0.86 ± 0.12 0.049 ± 0.042 

a using both the segmentation model and cell detection; 
b using the segmentation model, cell detection, and data augmentation. 
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provide a promising framework to handle the challenging cases of

segmenting overlapped cells in cytological images. 

4.4. Computational complexity 

The segmentation method was implemented under Matlab

R2017a platform and Python 2.7 and executed on a machine with a

3.40 GHz Intel Core i5-7500 CPU and 8 GB RAM. The DCNN mod-

els were implemented on the open source deep learning frame-

work Pytorch package using NVIDIA GeForce GTX TITAN X with

12 GB memory and accelerated by CUDA 8.0 and cuDNNv 5.1. Due

to the large variations in size and shape of cells, the computational

time reported here is the average values for performing the cyto-

plasm segmentation on ISBI2014 and in-house dataset. These two

data cohorts contained the same size of images (512 × 512 pix-

els). For a fair comparison, we adopted the original implementa-

tions of Nosrati’s method [14] and Lu’s approach [17] running on

the same platform. Our segmentation method required approxi-

mately 12.34 s per image on ISBI2014 and 17.67 s per image on

in-house dataset. Nosrati’s and Lu’s methods took 25.71 seconds

and 187.33 s on ISBI2014, and 35.69 s and 213.62 s on in-house

dataset, respectively. This indicated that our method was able to

obtain good cell segmentation meanwhile maintaining higher com-

putational efficiency. 

5. Concluding remarks 

We presented a DCNN-based method that addressed the

challenging problem of segmenting each individual cell from a

clump of cervical cells in digitalized cytology images. The devised

framework went through three main stages: cell detection, cyto-

plasm segmentation, and boundary refinement. A combination of

the improved DeepLab model and computerized image analysis

techniques allowed to provide superior performance in segmenting

inhomogeneous cell cytoplasm. The method was tested on three

independent datasets in both qualitative and quantitative evalua-

tions. The experimental results showed the best DSC, FNRo, and
PRp of 0.93, 0.11, and 0.93, respectively. Validating our method

ith the previous state-of-the-art algorithms, showed promising

esults in addressing this research point. Moreover, the achieved

emarkable segmentation results demonstrated that the developed

CNN method had the potential to be used for automatic cervical

ancer diagnosis and provides powerful support for routinely pre-

ancerous screening. In the future work, we will focus on building

 unified framework to simultaneously perform individual nuclei

nd cytoplasm segmentation to further improve accuracy and effi-

iency, in which highly overlapped nuclei are considered and de-

ected via a learning based method. In addition, we only assessed

he method on normal cervical cytology images by varying cell

umbers and their degrees of overlap. Abnormal cervical cells can

ave large variations in the cell appearance indicative of their dis-

ase state. Therefore, further work should also adapt the method to

ccurately segment both normal and abnormal cells by modifying

he DCNN architecture and improving optimization process. 
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