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ABSTRACT

Accurate cell segmentation is one of the critical, yet challeng-

ing problems in microscopy images due to ambiguous bound-

aries as well as a wide variation of shapes and sizes of cells.

Even though a number of existing methods have achieved de-

cent results for cell segmentation, boundary vagueness be-

tween adjoining cells tended to cause generation of percep-

tually inaccurate segmentation of stained nuclei. We propose

a segmentation method of cells based on structural dissim-

ilarity between embodied and imaged cells. From assump-

tion that the shape of the region of adjoining cells follows

a 2D Gaussian mixture model, the cell region is divided by

an expectation-maximization method. The lowest structural

dissimilarity using embodied cells decides on the number of

components of the 2D Gaussian mixture model. The region

of interest is extracted by implementation of both global and

local thresholdings, which performs binarization of the local

image with a seed at the center, where the seed is obtained

by the maximally stable extremal regions. Our approach pre-

sented considerably higher evaluation scores compared with

other five existing methods in terms of both accuracies of re-

gion of interest (ROI) detection and boundary discrimination.

Index Terms— Cell segmentation, cell division, embod-

ied cell, Gaussian mixture model, ROI detection

1. INTRODUCTION

Detection and quantification of cells using automated ap-

proaches have a significant role to play in medical diagnosis

and treatment, since it provides useful information in analysis

of cell structures. There are different types of techniques that

can be applied to cell detection and segmentation. However,

these cell-based researches can pose a challenging problem

due to diversity in microscopy images caused by noises,

artifacts, as well as a wide range of cell patterns. Espe-

cially, organization of cells in overlapping clusters tends to

present complex and irregular segmentation, therefore it can

be considered as the primary hindrance to maintain ideal and

accurate performance in cell segmentation.
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Fig. 1. Overview of the proposed segmentation based on

structural dissimilarity.

Some classical techniques involving thresholding inten-

sity of the image such as watershed [10] and Otsu’s [18]

segmentations, even when combined together [4], might not

achieve desired accurate results due to their sensitivity to

noise and sophisticated cell structures or characteristics. Seg-

mentation approaches using region-based [8] or edge-based

[7] active contour model (ACM) [11] that share energy mini-

mization concept are robust to the problem caused by sensitiv-

ity. However, these ACM-based segmentation techniques are

time-consuming, and reliable boundary initialization is pre-

requisite for accurate segmentation in these methods, whereas

the initialization is not required for more progressive energy

minimization methods such as level sets [13], gradient flow

tracking [14][15], modular-interactive nuclear segmentation

(MINS) [17] and graph cut [1][19].

Recently, in order to enhance the quality and efficiency of

cell segmentation results, machine learning techniques with

a variety of features and classifiers were introduced. Maxi-

mum a posteriori probability (MAP) and Kalman filter [2] are

used to detect and track cells in a high-throughput microscopy

video. A support vector machine, which has good generation

ability, is also useful for a variety of datasets, such as flu-

orescence images of human embryonic kidney (HEK) cells,

phase-contrast images of HeLa cells, and histopathological

images of breast cancers [3]. In another supervised learn-

ing approach [12], color-texture feature was designed using

local Fourier transform. Simple statistical features, such as

mean, variance, and histogram of a pixel’s neighborhood, and



a random forest classifier are also performed well in differ-

ent types of images. However, such progressive approaches

[2][3][12][20] can perform well only if ground truth sample

images are provided.

We aim to propose a novel method based on structural

dissimilarity between a cell embodied by a Gaussian mixture

based shape model (GMSM) and an imaged cell, as shown

in Fig. 1., to tackle above mentioned challenges including

misleading (jagged, straight) boundaries between overlapped

cells as well as a high variety of intensities in images which

can be detrimental in obtaining expected accurate results. Our

approach contributes to the accuracy in cell segmentation in

terms of the following aspects:

• A high performance in quantification of cells can be

obtained without accurate seed detection. This is a sig-

nificant progress when compared with other cell seg-

mentation methods which require high accuracy of seed

detection for accurate segmentation [1][21].

• Boundaries estimated using the proposed method is

similar to what human perceives as boundaries be-

tween aggregated cells.

The seed detection using maximally stable extremal regions

(MSER) [5][22], which is effective in detection of ellipti-

cal objects, is the initial step towards obtaining accurate seg-

mentation. The derived seeds are used in local threshold-

ing. A combination of local and global thresholdings extracts

cell regions in spite of large variation of intensities of cells.

Expectation-maximization (EM) [6] is applied to divide the

extracted regions, and it can overcome difficulties concerning

boundary estimation between adjoining cells. In our exper-

iments, we compared performance of our method with other

state-of-the-arts methods in Broad Bioimage Benchmark Col-

lection (BBBC) dataset [16], and achieved improved results

especially in terms of identifying the boundaries of cells.

2. COMBINATION OF THRESHOLDING USING
SEED DETECTION BASED ON MSER

A key idea of our segmentation method is to find the num-

ber of components, which corresponds to the number of ac-

tual cells, of 2D Gaussian mixture model. Our method, using

structural dissimilarity between embodied and actual cells,

consists of two parts: ROI detection to be used as an input

of the Gaussian mixture model, and cell division using the

dissimilarity.

We assume that the shape of adjoining cells follows a 2D

Gaussian mixture model, and each component of the model

relates to a cell. Identification of cell position is an important

stage for the estimation of the model in the adjoining cells.

Otsu’s method [18] can be successful at the discrimination

of foreground and background, but it yields poor results in

regions where variations of intensities are locally large de-

pending on cells. To extract the reliable ROI under the large

Fig. 2. Examples of (a) seed detection using MSER, (b) a

binary image by global thresholding (Eq. (2)), (c) an accu-

mulated binary image by local thresholding (Eq. (3)), and (d)

final ROI (green area) using the combination of these thresh-

oldings (Eq. (1)).

variation of intensities, we define a ROI detector combined

with local and global thresholding, as follows:

Ψ(x, y) =

{
1, if Ψblur(x, y) > δ

0, otherwise
,

Ψblur = (Ψglobal +
1

α
Ψlocal) ∗ g(σ),

(1)

where, g(σ) is the Gaussian kernel, which produces a smooth

boundary, by a combination of local and global thresholdings.

To normalize Ψlocal, we introduce α, the maximum inten-

sity of an accumulated binary image Ψlocal produced by local

thresholding. The threshold δ controls the range of the ROI,

and a low threshold generates a larger ROI.

The binary image Ψglobal produced by global threshold-

ing and the accumulated binary image Ψlocal are defined us-

ing Otsu’s method and MSER [5][22], as follows:

Ψglobal(x, y) =

{
1, if G(x, y, σ) > δglobal

0, otherwise
, (2)

Ψlocal(x, y) =

n∑
i=1

{
1, if G(x, y, σ) > δ

(i)
local

0, otherwise
,

s. t. x̂i − ri ≤ x ≤ x̂i + ri,

ŷi − ri ≤ y ≤ ŷi + ri, (x̂i, ŷi) ∈ x̂i,

(3)

where, δglobal is the global threshold obtained by applying

Otsu’s method to a Gaussian blurred image (G = I ∗ g(σ))
produced from an original image I . Each local threshold

δ
(i)
local is obtained by applying Otsu’s method to a subset im-

age, centered on the position x̂i of the seed, of size r2i , and

ri is a scaled length of the major axis of ith extremal region.

x̂ is a seed position detected by MSER that can find extremal

region where all pixels have higher or lower intensity values

compared to other pixel values on outer boundary.

Since MSER may detect more than two seeds in a cell,

we select the largest length of the major axis in seeds grouped

by mutual proximity manner, and eliminate other seeds for

low computation in the local thresholding. The global thresh-

olding can detect an approximate ROI of the whole image,



but parts of the ROI may be classified as background, due to

the low contrast between a cell and background. Our local

thresholding near detected seeds compensates the defect of

the global thresholding. Fig. 2 shows process of the combi-

nation of these two thresholdings.

3. CELL DIVISION USING STRUCTURAL
DISSIMILARITY

According to the assumption that the shape of ROI follows

Gaussian mixture model, we split the ROI based on Gaussian

distribution and define this divided distribution model as the

Gaussian mixture based shape model (GMSM). Thefore, we

estimate a GMSM using EM, and the classified cell consists

of pixels that contribute to generate each component of the

GMSM.

If the positions of ROI are used only as features in EM, re-

gions near boundaries between adjoining cells may be classi-

fied as other cells. To classify the regions as their own cell, the

ROI position and its local maximum which was obtained by

gradient ascent from each ROI position of Gaussian blurred

image G were used as features in EM. In case that the num-

ber of components of a GMSM is the same as the number

of the cells in the ROI, selecting the number of components

of the GMSM is important in cell division using EM, since

the EM method can adequately divide ROI consisted of ag-

gregated cells. To find the number of components of GMSM

in the ROI, we define structural dissimilarity D(X,ΘK) be-

tween cells embodied by parameters of a GMSM and actual

cells, as follows:

D(X,ΘK) =
∑
i=1

g(xi, ρΘ1)|V(xi,ΘK)−G(xi, σ)|,

V(xi,ΘK) = max
θk

(
V (xi, θk)

)
, xi ∈ X, θk ∈ ΘK ,

s. t. 1 ≤ k ≤ K ≤ A/Amin,

(4)

where, V(xi,ΘK) is the maximum intensity at each position

xi of ROI in k embodied cells, produced using parameter set

ΘK of K components of the GMSM for the ROI, and θk
are parameters, consisted of mean μk and covariance Σk, of

each component of the GMSM. Θ1 are the parameters of the

GMSM with one component, and ρ controls the size of the

Gaussian kernel. A is the size of the segment of ROI, and

Amin is the minimum size of cell regions detected by MSER.

The dissimilarity represents Gaussian-weighted differ-

ence of intensities of the embodied cells V(xi,ΘK) and

blurred actual cells. Hence, we solve the problem of find-

ing the number of seeds by estimating the GMSM with the

lowest dissimilarity. In order to solve argminK D(X,ΘK),
we measure the dissimilarities for all candidate GMSMs with

component ranged from one to A/Amin, and select the best

model that similarly embodies original cells. Finally, the

pixels, which contributed to generating a component of the

selected model, are classified as one segment. The embodied

cell is defined using exponents for each pixel distance and

whitening transform [6] as following:

V (x, θ) =
maxxc

(
e2‖xcW‖)− e2‖xcW‖

max xc
(
e2‖xcW‖)−minxc

(
e2‖xcW‖) + δt,

s. t. P (xc|θ) > δt,

δt = argmin
0<t≤1

∣∣∣∣(∑
xc

P (xc|θ)
)
− γ

∣∣∣∣, s. t. P (xc|θ) < t,

(5)

where, P (xc|θ) is a multivariate Gaussian distribution, and xc

is the distance in pixels between the given x and μ in θ. The

term δt is the minimum probability of P (xc|θ) obtained from

γ that determines the size of the embodied cell, and W is a

2 × 2 whitening matrix used in the whitening transformation

for representation of intensities similar to those on the surface

of the original cell.

Using Eq. (4), we obtained the cell where brightness char-

acteristics are similar to the ones of the original cell as shown

in Fig. 1.

4. EXPERIMENTAL RESULTS

In order to evaluate the proposed method, our experiments

were carried out on the BBBC006v1 dataset, publicly avail-

able from Broad Bioimage Benchmark Collection [16]. This

dataset was produced to test image analysis methods for the

life sciences, and it comprises 768 microscopy images along

with corresponding ground-truth images. For experimental

evaluation, we used a total of 758 16-bit grayscale images of

696 × 520 resolution in the BBBC dataset except the images

without ground truth.

4.1. Comparison methods

Evaluation of our approach was performed by comparing it

with other five existing methods such as non-overlapping ex-

tremal regions based (NOER) [3], graph cut-based (GC) [1],

interactive learning and segmentation toolkit (ilastik) [20],

MINS [17], and Otsu [18]. Parameters for techniques using

machine learning for cell segmentation such as NOER and

ilastik were chosen empirically. Since GC and Otsu are work-

ing fully automatically, we did not consider any parameters.

The ilastik method provides a feature list, and we selected

mean, variance, and histogram of each pixel’s neighborhood

intensities in the list. Parameter selection for NOER was de-

cided by relying on its authors recommended values, and then

we trained and tested samples using 10-fold cross-validation.



Fig. 3. Comparison with existing cell segmentation methods. (a) Original image, (b) ground-truth image, (c) ilastik [20], (d)

Otsu [18], (e) NOER [3], (f) GC [1], (g) MINS [17], and (h) the proposed method. As a result of segmentation, each cell was

randomly assigned a unique color and a number.

4.2. Evaluation metrics

We evaluated the results obtained from proposed and five

comparison methods using three metrics [9] for segmenta-

tion, as follows:

Sensitivity =
|R ∩ S|
|R| , J =

|R ∩ S|
|R ∪ S| , DSC =

2|R ∩ S|
|R|+ |S| ,

(6)

where, |R| is the number of pixels in a reference cell in a

ground-truth image, and |S| is the number of pixels in a cell

in a segmented image, which is closest to the reference cell.

Sensitivity measures the proportion of pixels of a seg-

mented cell, which is correctly identified in the region of a

reference cell. Jaccard similarity coefficient J measures the

proportion of an intersected region between two cells R and

S in a union region of the cells. Dice similarity coefficient

DSC is known as F1 score, and it measures the similarity of

the two cells.

4.3. Segmentation results

We selected two parameters ρ and δ, where the sum of the

three evaluation metrics was highest in randomly selected

10% of images, and the selected parameters were applied

to the remaining images in the dataset. This procedure was

repeated ten times to perform reliable validation.

The segmentation result of an image is shown in Fig. 3.

Most of the cells were correctly classified. Especially, using

our method, the boundaries of adjoining cells were identified

close to the boundaries that are recognized by a human, such

as 45, 142, and 154 in Fig. 3h. Moreover, the ROI corre-

sponding to cell regions was adequately detected by our com-

bination of thresholdings, except the regions with extremely

Table 1. Comparison of our method with five cell segmenta-

tion methods.

Methods Sensitivity J DSC
ilastik [20] 0.540 0.494 0.604

Otsu [18] 0.592 0.568 0.634

NOER [3] 0.684 0.679 0.781

GC [1] 0.728 0.722 0.794

MINS [17] 0.767 0.758 0.829

Proposed 0.876 0.845 0.886

low contrast. Proposed method outperformed the other com-

parison methods in all evaluation metrics, as shown in Table

1.

5. CONCLUSION

We have proposed a new method of cell segmentation based

on structural dissimilarity between embodied and actual cells.

The expectation-maximization method adequately divided re-

gions of overlapped cells, which is in the form of 2D Gaussian

mixture model. Identification of the number of components

in the Gaussian mixture model was carried out by the imple-

mentation of lowest structural dissimilarity between embod-

ied and imaged cells. We showed the efficiency of using local

and global thresholding in order to deal with the issues re-

garding intensity difference between cells in the microscopy

images. We showed that our method has a remarkable per-

formance in terms of evaluation measurements in cell seg-

mentation, without provision of seed detection. Moreover,

our method managed to achieve desirable results while deal-

ing with boundary identification of adjoining cells. Our future

work is to improve limitations in over segmentation that might

occur when the surface of a cell is not smooth and irregular.
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