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A new level set model for cell image segmentation∗
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In this paper we first determine three phases of cell images: background, cytoplasm and nucleolus according to

the general physical characteristics of cell images, and then develop a variational model, based on these characteristics,

to segment nucleolus and cytoplasm from their relatively complicated backgrounds. In the meantime, the preprocessing

obtained information of cell images using the OTSU algorithm is used to initialize the level set function in the model,

which can speed up the segmentation and present satisfactory results in cell image processing.
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1. Introduction

Since Lian et al.[1] published a paper dealing with
cervical carcinoma cell images, cellular pathology has
become an important research subject for tumor diag-
nosis and treatment. How to effectively and efficiently
segment the nucleolus and the cytoplasm from their
backgrounds is of much significance and many algo-
rithms have been developed to achieve this goal over
the past decades.

Traditional methods such as the pixel-based
method, the edge-based method and the continuity-
base method have relatively fast execution.[2] How-
ever, when the images are relatively complicated, it is
often difficult to present good results. The active con-
tour model[3−5] dependent on variational function[6]

is a type of segmentation method that has been

rapidly developed recently. It can be easily imple-
mented in an energy minimization framework and in
this framework a priori knowledge of shape and in-
tensity can easily be included.[7] Active contour mod-
els are often divided into two main subclasses: edge-
based models[8−12] and region-based models.[4,5,13−18]

Li[7] and other investigators[19−21] proposed a region-
scalable fitting energy model to solve the problem of
inhomogeneous intensity. These methods perform well
in segmenting MRI images, but when we apply them
to cell image segmentation, we find that speed is slow
when the image size is large and the result is greatly
dependent on the initial setting of the level set func-
tion. For example, the segmentation result often con-
verges to a local optimal solution if the initial level set
function is not set appropriately, as shown in Fig. 1.

Fig. 1. Cell images: (a) original image; (b) segmented image using a previous method, in which the cytoplasm

has not been segmented appropriately; (c) original image; (d) segmented image using traditional level set method,

in which the nucleoli has not been segmented appropriately.
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In the present article, the special structure of
the cell is utilized, we use the traditional pixel-based
method to achieve the estimated original intensity of
the nucleolus and cytoplasm to initialize the level set
function. In our experiments, we can not only speed
up the segmentation, but we are also more likely to
obtain the global optimal solution.

2. Method of cell image segmen-

tation

2.1.Region-based active contour model

Let Ω ⊂ R2 be the image domain and I : Ω → R

a given gray level image. In Ref. [6], the image seg-
mentation problem was formulated by Zhao as follows:
given an image I, find a contour C which segments the
image into nonoverlapping regions. The following en-
ergy functional was proposed:

FMS(u,C) =
∫

Ω

(u− I)2dx

+µ

∫

Ω\C
|∇u|2 dx + υ |C| , (1)

where u is an approximation of the original image,
the approximation image is smooth within each of the
connected components in the image domain Ω sepa-
rated by the contour C ; |∇u| represents the gradient
of u; |C| is the length of the contour C; Ω\C is the
area of Ω that excludes C; µ and υ are two coefficients
of the relevant parts. In practice, it is difficult to min-
imize functional (1) due to the unknown contour C

of the lower dimension and the nonconvexity of the
functional.

Chan and Vese[4] proposed an active contour ap-
proach to the MS problem for a special case where
the image u in functional (1) is a piecewise constant
function. For an image I, they proposed to minimize
the following functional:

FPC(C, c1, c2) = λ1

∫

outside(C)

(I − c1)2dx + λ2

×
∫

inside(C)

(I − c2)2dx

+ υ |C| , (2)

where outside(C) and inside(C) are the regions out-
side and inside the contour C, and c1 and c2 represent
two constants that approximate the image intensities

in outside(C) and inside(C), and λ1, λ2 and υ are the
relative coefficients again.

In Ref. [7], Li proposed a region-scalable fitting
energy functional which makes the model handle the
inhomogeneous intensity and speeds up the segmenta-
tion process. The proposed functional is as follows:

FRSF(C, f1, f2) =
2∑

i=1

λi

∫ ( ∫

Ωi

Kσ(x− y)|I(y)

− fi(x)|2dy

)
dx + υ |C| , (3)

where Ω1 = outside(C), Ω2 = inside(C), and f1(x)
and f2(x) are two values that approximate image in-
tensities in Ω1 and Ω2, and K is a kernel function
which is often chosen as a Gaussian kernel

Kσ(u) =
1

(2π)n/2
σn

e−|u|
2/2σ2

(4)

with a scale parameter σ > 0. Li’s model is able to
handle inhomogeneous intensity, which is a big im-
provement.

In cell image segmentation, these models need ad-
justing because there are problems such as: 1) some-
times, we cannot properly segment the nucleolus from
cytoplasts, as shown in Fig. 1, 2) the segmentation re-
sult depends greatly on the initialization of the level
set function. Therefore, in the next part, we will de-
scribe the characteristics of the cell image and then
propose our method for cell image segmentation.

2.2.Model of cell image segmentation

In practice, cells frequently have the following
characteristics: the nucleolus is located inside the cy-
toplasm and the density of the nucleoli are bigger than
that of cytoplasms. Therefore, a cell image has the
following features: 1) the nucleolus image is located
in the cytoplasm image, 2) the cytoplasm image is lo-
cated in the background image , 3) the intensity of the
nucleolus image is larger than that of the cytoplasm
image, and 4) the intensity of the cytoplasm image is
larger than that of the background image, as shown
in Fig. 2. These features can be utilized in the seg-
mentation processes. For example, we can make the
ultimate level set function of background and nucleoli
negative and the other part positive to segment the
cell image. If the image does not satisfy 1) and 2) like
Fig. 2(c), usually one level set function is not enough.
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Fig. 2. (a) Original cell image; (b) ideal level set function where the nucleolus and background parts are

negative and the cytoplasm part is positive or exactly the reverse; (c) other image.

Let Ωb and Ib be the area and the intensity of
the background, Ωn and In be the areas of the nu-
cleoli, Ωc and Ic be the areas of cytoplasm. The cell
image characteristics can be described as follows:

Ωn ⊂ Ωc ⊂ Ωb, (5)

In > Ic > Ib. (6)

In practice, we can statistically estimate the in-
tensity range of the cell nucleoli image. Combining
the initialization, we can add an item in order modify
the energy functional

FCS(C, f1, f2) =
2∑

i=1

λi

∫ ( ∫

Ωi

Kσ(x− y)|I(y)− fi(x)|2dy

)
dx + υ |C|+ η

∫

Ω1

‖I(x)−Rc‖2dx, (7)

where Rc represents the approximate cytoplasm intensity range obtained by a priori knowledge and ‖I(y)−Rc‖
represents the distance between the image intensity and Rc, and η is the coefficient of the item. Suppose
Rc = [Rmin, Rmax], we define ‖I(y)−Rc‖ as

‖I(x)−Rc‖ =





I(x)−Rmax, if I(x) > Rmax,

0 if Rmax > I(x) > Rmin,

Rmin − I(x), if Rmin > I(x).

(8)

If I(x) is in the range of Rc, ‖I(x)−Rc‖ equals
zero. In particular, we use Ω1 to represent all the pix-
els located in Ωc but not in Ωn and designate Ω2 to
the area in which the pixels are not located in Ω1, i.e.

Ω1 = Ωc − Ωn, Ω2 = Ωb − Ω1. (9)

Our goal is to find out Ω1. If we can achieve this,
according to expression (5), we can easily obtain Ωc

and Ωn, so only one level set function is enough to
distinguish all three phases of the cell images. As we
will show in the next section, by combining the initial-
ization of the level set function, we can make it work
in practice.

The last item mainly perishes the background and
the nucleoli from the cytoplasm area, and speeds up
convergence by preventing the level set function from
frequently jolting from positive and negative values.
For example, in the condition of Fig. 1(d), the function
of the last item is to distinguish the nucleoli from cy-
toplasm that have not segmented properly. Through

Eq. (7), we can also figure out the background from
the cytoplasm because other parts of functional (7) re-
main the same as those from the RSF model detailed
in Ref. [7].

3. Variational level set formula-

tion of curve evolution

3.1. Level set formulation

In the level set method,[3] a contour C ⊂ Ω is
indicated by the zero level set of the Lipschitz func-
tion φ : Ω → R, which is called a level set function. In
this paper, we let the level set function φ take positive
and negative values outside and inside the contour C,
respectively. Ideally, we hope that φ takes positive
values in Ω1 and negative values in Ω2. Let H be the
Heaviside function, the energy functional (7) can be
expressed as
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FCS(φ, f1, f2) =
2∑

i=1

λi

∫ ( ∫
Kσ(x− y) |I(y)− fi(x)|2 Mi(φ(x))dy

)
dx

+ υ

∫
|∇H(φ(x))|dx + η

∫
‖I(x)−Rc‖2H(φ(x))dx, (10)

where M1(φ) = H(φ), M2(φ) = 1 − H(φ),
∫ |∇H(φ(x))|dx is the length of the zero level contour of φ and∫ ‖I(x)−Rc‖2H(φ(x))dx is the total sum of all pixel distances from the intensity and the estimated intensity

range of the cytoplasm. Note that this length term is commonly used in variational level set methods for the
regularization of the zero level contour.[4,5] The length of the zero level contour can be equivalently expressed
as the integral

∫
δ (φ) |∇(φ)|dx with the Dirac delta function δ, which is often used in variational level set

methods.[19]

In practice, the Heaviside function H in the above energy functional is approximated by a smooth function
Hε defined as

Hε (x) =
1
2

[
1 +

2
π

arctan
(x

π

)]
. (11)

The derivative of Hε is

δε (x) = H ′
ε (x) =

1
π

ε

ε2 + x2
. (12)

By replacing H with Hε, the energy functional FCS in Eq. (10) is then approximated as follows:

FCS
ε (φ, f1, f2) =

2∑

i=1

λi

∫ ( ∫
Kσ(x− y) |I(y)− fi(x)|2 Mε

i (φ(x))dy

)
dx

+ υ

∫
|∇Hε(φ(x))|dx + η

∫
‖I(x)−Rc‖2Hε(φ(x))dx, (13)

where Mε
1 (φ) = H(φ) and Mε

2 (φ) = 1−H(φ).
To accelerate the calculation progress, we add an item proposed by Li[19] to Eq. (13), the ultimate function

then becomes

FCSM
ε (φ, f1, f2) =

2∑

i=1

λi

∫ ( ∫
Kσ(x− y) |I(y)− fi(x)|2 Mε

i (φ(x))dy

)
dx

+ υ

∫
|∇Hε(φ(x))|dx + η

∫
‖I(x)−Rc‖2Hε(φ(x))dx + µ

∫
1
2
(|∇φ(x)| − 1)2dx, (14)

where µ is a positive constant. To minimize expression
(14), its gradient flow is used as the level set evolution
equation in the proposed method.

3.2. Energy minimization

Here, we use the standard gradient descent
method to minimize the energy functional (14) and use
∂F/∂φ to represent the Gateaux derivative of func-
tional F , so the following evolution equation:

∂φ

∂t
= −∂F

∂φ
(15)

is the gradient flow that minimizes the functional F .
For a particular functional F (φ) defined explicitly in

terms of φ, the Gateaux derivative can be computed

and expressed in terms of the function φ and its deriva-

tives.

From Ref. [7], we know that for a fixed level

set function φ, we can minimize the functional

FCSM
ε (φ, f1, f2) in Eq. (15) using the following func-

tions f1(x) and f2(x):

fi(x) =
Kσ(x) ∗ [Mε

i (φ(x))I(x)]
Kσ(x) ∗Mε

i (φ(x))
, i = 1, 2. (16)

Keeping f1 and f2 fixed, we minimize the energy

functional FCSM
ε (φ, f1, f2) with respect to φ using the

standard gradient descent method by solving the gra-
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dient flow equation as follows:

∂φ

∂t
= −δε(φ)(λ1e1 − λ2e2) + υδε(φ)div

( ∇φ

|∇φ|
)

+µ

(
∇2φ− div

( ∇φ

|∇φ|
))

− ηδε(φ) ‖I(x)−Rc‖2 , (17)

where δε is the smoothed Dirac delta function given
by expression (12), and e1 and e2 are the functions

ei(x) =
∫

Kσ(y − x) |I(x)− fi(y)|2 dy,

i = 1, 2, (18)

where f1 and f2 are given by expression (16).
The above expression (17) is the level set evolu-

tion equation to be solved in the proposed method.
The first term on the right-hand side is referred to as
a data fitting term and is responsible for driving the
active contour towards object boundaries. The sec-
ond term has an arc smoothing effect on the contour
to maintain the regularity of the contour. The third
term is named by Li as a level set regularization term,
which serves to maintain the regularity of the level set
function. The final term we add here has the function
of eliminating the background and nucleoli from the
cytoplasm area.

3.3. Initialization with OTSU

Theoretically, the initial level set function can be
in any form without limitation. The most familiar
initial zero level set is as shown in Fig. 3(a).

Fig. 3. Initial level set functions: panel (a) is for the most

familiar case, panel (b) is for cases where OSTU is used

to initialize the function.

However, in practice, the initial zero level set has
great influence on the segmentation result. In many
cases, an inappropriate initial value may even cause
the ultimate result to convert into a local optimal so-
lution, as shown in Fig. 1(b).

In this article, a priori judgment has been used to
set the initial level set function. We first calculated the
intensity arrangement of the cytoplasm and the back-
ground using OTSU method and we utilized a priori

knowledge to set the intensity arrangement of the nu-
cleolus. Finally, we used the intensity arrangement to
set the initial level set function: the estimated cyto-
plasm parts with positive values and other parts with
negative values. This could speed up the calculation
and avoid a local optimal solution.

4. Results and discussion

The proposed method has been tested with syn-
thetic and real cell images. Unless otherwise speci-
fied, we use the following parameters in this paper:
σ = 3.0, λ1 = λ2 = 1.0, time step ∆t = 0.1, µ = 1,
and υ = 0.010 × 255 × 255. As described in Ref. [7],
small scale σ produces a more accurate location of the
object boundary, while it is more independent of the
location of the initial contour when a larger σ is used.
λ1 and λ2 are positive coefficients of power, one point
belonging to two parts and often set to be equal to
1.0. ∆t is the time step used to control the evolution
speed of the level set function and is often set to be
0.1 according to the magnitude of level set function.
µ = 1 means that we want to keep the angle between
the level set function and the horizontal direction at
45◦. And υ is the coefficient of the length of curve and
often set to match the area exponentially.

We first show the results for a synthetic cell im-
age 193×162 in size in Fig. 4 and then show real cell
images in Figs. 5 and 6. The first row of Fig. 4 is for
the case using previous model. Column (a) is for the
traditional original level set function shapes, column
(b) is for the states after 5 iterations, column (c) is
for the case after 10 iterations, column (d) is for the
zero level set after 150 iterations and column (e) is
for the mesh of the final level set function. The aver-
age iteration time is about 0.10648 s. All experiments
were performed using a hp workstation xw8200 with
Xeon(TM) 3.40 GHz cpu and 3.00 GB memory, the
software used is Microsoft Windows XP Service Pack
2 plus Matlab7.6.0. The second row of Fig. 4 is for
the case where OTSU is used to segment the cell from
its backgrounds, column (b) is for the scenario after 5
iterations, column (c) is for the scenario after 8 itera-
tions, and column (d) is for the case after 16 iterations,
the function is stabilized after 16 iterations, each iter-
ation takes 0.098 s. In the third row, we use OSTU to
first segment the nucleolus and cytoplasm from their
relative backgrounds, column (b) is for the case af-
ter 6 iterations, column (c) is for the scenario after 8
iterations, and (d) is for the stabilized case after 11
iterations. Each iteration takes about 0.094 s.
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Fig. 4. Synthetic cell images segmented using different initial level set functions.

Figure 5 shows the segmentation process of a real cell image containing only one cell, with the original
size of the picture being 101×90. The first row illustrates the traditional initial level set functions in which
the level set function is stabilized after 16 iterations, but fails to segment the cytoplasm from the background.
The second row shows the results obtained with our method, showing the level set function stabilized after 10
iterations and the segmented cytoplasm and nucleolus from their relevant backgrounds.

Fig. 5. Real cell image segmented using different initial level set functions.

Fig. 6. Real cell image segmenting process.
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Figure 6 shows the segmentation process of a real
cell image with several different shaped cells in it, the
original size of the picture is 292×218. The first row
illustrates the traditional initial level set functions in
which the level set function is stabilized after 40 it-
erations, but fails to segment the cytoplasm from the
background. The second row shows the results ob-
tained with our method, showing the level set function
from being stabilized after 18 iterations, and the seg-
mented cytoplasm and nucleolus from their relevant
backgrounds.

As illustrated by the previous section, previous
models could not handle the cell image segmentation
very well without modification. It often falls into the
traps of local optimal solution and is very sensitive to
many parameters. In our method, the final segmen-
tation is very “near” to the coarsely segmented result
using the OSTU algorithm, so our method is insen-
sitive to parameters and speeds up the segmentation

process.
Our method primarily needs 2 additional calcula-

tions, one is to use OSTU to compute the rough val-
ues for the nucleoli, cytoplasm and background, and
the other is to calculate −ηδε(φ) ‖I(x)−Rc‖2. These
steps take a short time and help a great deal to speed
up the convergence of segmentation.

The item −ηδε(φ) ‖I(x)−Rc‖2 mainly prevents
the level set function “turning over” from one end to
another. This helps us to segment 3 phases by using
one level set. In the meantime, in the experiment we
find that this item slightly speeds up the convergence
process because it points towards the convergence di-
rection.

On the other hand, we find that the time con-
sumed by each iteration has no notable difference
among models. When the size grows, the burden aug-
ments remarkably. This subject needs further study
in the future.
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