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This paper presents a new level-set method based on global and local regions for image
segmentation. First, the image fitting term of Chan and Vese (CV) model is adapted
to detect the image’s local information by convolving a Gaussian kernel function. Then, a
global term is proposed to detect large gradient amplitude at the outer region. The new
energy function consists of both local and global terms, and is minimized by the gradient
descent method. Experimental results on both synthetic and real images show that the
proposed method can detect objects in inhomogeneous, low-contrast, and noisy images
more accurately than the CV model, the local binary fitting model, and the Lankton and
Tannenbaum model.

Keywords: Image segmentation; active contour model; Chan and Vese model; local binary
fitting model.

1. Introduction

The active snake model is a variation model in image segmentation. It moves the
snake points according to the minimization of sum of internal and external energies
integrated along the length of the snake to approach edges. In the original snake
formulation of Kass et al.,” the best snake position was defined as the solution of a
variational problem requiring the minimization of sum of internal and external
energies integrated along the length of the snake. The corresponding Euler equations,
which give the necessary conditions for this minimizer, comprise a force balance
equation. The snake model has provided a number of applications in object seg-
mentation, stereo matching, motion tracking, etc. In image processing, the snake
model defines a snake as an energy-minimizing spline guided by external constraint
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forces and influenced by such forces that pull it toward image features such as lines
and edges. It is a kind of the active contour model in the way that it locks on nearby
edges, localizing them accurately.

One disadvantage of the snake model is “it is incapable of adapting to complex
topologies and variable intensity ranged images.” Many researchers have proposed
alternative methods (for example, See Refs. 17, 18 and 24) to improve the snake
model. Caselles et al.> and Malladi et al.'! developed the geometric deformable model,
which can be represented implicitly as level-set of Lipchitz functions'® in the Eulerian
fashion. It can handle topological variation and has an efficient numerical scheme to
compute energy functions.

The existing active contour models are mainly based on edge information?" 124

‘ 519910 : .
3812151972123 Reoion-based active contour

and region intensity information.
models are mostly developed based on Chan and Vese (CV) model,* such as Li
et al.,* Pham et al.,'> and Wang et al.>! Therefore, region-based models possess
some advantages like anti-noise and independence of the initial active contour
position. However, they usually failed to detect object accurately if the objects are
subjective to nonuniform illumination and low contrast. To solve this problem,
researchers presented various models® 10222325 by considering local region
properties, so-called local region-based active contour models. To some extent,
they can overcome the intensity inhomogeneity and low contrast. However, most
of them are incapable of capturing global minima due to the conversion to local
image fitting functions. Paragios and Deriche'* and Hua et al.* intended to inte-
grate global properties with the local region-based models, but the computational
cost is too high and some complex images present errors. Lin et al.'’ applied region
probability density with local statistical energy, but their model can only deal with
a single object of interest and failed to perform successfully on complex images like
medical images.

In this paper, we propose a novel level-set method of integrating both global and
local information of an image. The model is set up under the assumption that the
objects to be detected must lie inside the current active contour. The image fitting
term of CV model is adapted to detect the image’s local information by convolving a
Gaussian kernel function. A global term is proposed to detect large gradient
amplitude at the outer region. The new energy function consists of both local and
global terms, and is minimized by the gradient descent method.

The rest of this paper is organized as follows. Section 2 briefly reviews the CV
model and the local binary fitting model. Section 3 proposes the improved model.
Section 4 presents the experimental results and comparisons. Finally, conclusions are
drawn in Sec. 5.

2. Brief Review of CV and LBF Models

The CV model, proposed by Chan and Vese,® is based on the Mumford—Shah

1.12

model."~ For a given image u, on the image domain 2, CV model’s energy functional
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is represented by two piecewise constant functions:

ECV(C7 01:02) = )‘1/

» (C)(uo(m)cl)2da¢+)\2/ (up() — )2 + plCl, (1)

outside(C')
where \;, Ay, and p are positive parameters to balance the terms; inside(C) and
outside(C') denote the regions inside and outside the contour, respectively; ¢; and ¢, are
the mean intensities inside and outside C, respectively; |C| is the length of curve C.
The CV model uses global region information to detect objects. Its process is
independent of the initial position of the active contour. Basically, it is resistant
against noise and can segment objects without apparent contour or texture. How-
ever, it often misclassifies objects into background when a low-contrast or nonuni-
form illumination image is occurred. Assume that the parameters in Eq. (1) are
A=Ay = 1.0 and = 0.005 x 255 x 255. An example is shown in Fig. 1(a), where
one is a square with intensities darker than background and the other is an ellipse
with intensities close to background. From the segmented result in Fig. 1(b), it is
observed that CV model can detect the square, whereas miss the ellipse. Another
example is shown in Fig. 1(c), where nonuniform illumination is occurred on the same
object. From the segmented result in Fig. 1(d), it shows that the object cannot be
entirely detected because the CV model only utilizes the global intensity information.
The local binary fitting”® (LBF) model was proposed to enhance the CV model’s
ability to handle intensity inhomogeneity and low-contrast images. Its main con-
tribution is the use of kernel functions to convert CV model’s energy functional, so
that it can take advantage of image’s local region information to segment inhomo-
geneous images. Its energy functional is represented as

EYN(C, fi(2), fo(x))

Y / ( /mside@ Kz — y)lug(y) - fo(z)] dy> du

W/ (/)utsidem)K(“y)'“o(y)—f2<w>l2dy>dm+u|c|, (2)

(a) (b) (©) (d)

Fig. 1. Examples of misclassification using CV model. (a) A low-contrast image, (b) segmented result,
(¢) a nonuniform illumination image, and (d) segmented result.
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where \;, Ay, and p are positive constants; given a center point z, f;(z) and
fo(z) are the fitting intensities of inner and outer local regions of the detected
pixel z, respectively; ug(y) is the intensity of a local region centered at the
point x; K(x —y) is a kernel function which has a larger value when the point
y is close to the center point x and decreases to zero when y is far away from
x. The following Gaussian kernel function is selected to capture the local
information:

1

K,(2) = @) an

e—\z\z/?rﬂ7 (3)

where o is a scale parameter to control the size of local region.
The first two integral terms, namely ) f(finside(C) K(z — y)|uy(y) — fi(z)|*dy)dz

and )\ f(foutside(mK(x—y)|u0(y)—fg(a:)|2dy)da: in Eq. (2), denote the LBF

energies, and the third term is the curve length used to smooth the active
contour. Although LBF can handle the problem caused by intensity inhomogen-
eity, it cannot solve the problem caused by strong noise or uneven illumination.
Since LBF considers the local region information only, the global information
is lost.

3. The Proposed Improved Model
3.1. The global term

We aim to solve the erroneous detection problem of CV model and LBF
model when dealing with low-contrast and nonuniform illumination images.
Therefore, a global term, called a penalty function, is proposed to detect the large
gradient amplitude at the outer region of the contour. The penalty function is
defined as:

fol / Vg (), (4)
outside(C)

where 7) is a positive parameter used to control the size of the gradient amplitude,
and |Vug|? is the squared gradient amplitude of the given image. Minimizing
Eq. (4) means eliminating the object or part of the object which has large gra-
dient amplitude lying at outside of the active contour. When the contour is con-
volved by CV model’s or LBF model’s energy functional, only the mean
intensities of inner and outer regions are considered, which may miss some
objects with intensity inhomogeneity. However, Eq. (4) can drive the contour
to detect the edges or lines, which have large gradient amplitudes at the outer
region of the active contour, even if the intensity of the object is close to the
background.
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To test the performance of the proposed global term, it is natural to combine
Eq. (4) with CV model. The new energy function E€V’ can be written as:

ECVI(C, 01762) = ECV + EGL

= Al/ |U0($)—01|2d-’13+>\2/ | up(x) — ¢ |Pd
inside(C) inside(C)

bulClen | Vuo)da. (5)
outside(C)

The new energy function is applied to segment the low-contrast image in Fig. 1(a).
The initial contour’s position shown in Fig. 1(b) is random because CV model’s
performance is not related to its initialization. CV model’s energy is mainly focused
on image’s intensity, and it does not consider the gradient information such as edges
or lines. By adding the term EG, the improved version of CV model is able to
capture the gradient amplitude, which helps to improve the sensitivity to the
intensity change. The segmented result in Fig. 2(c) shows that the tendency of
misclassification in CV model can be alleviated. Note that there is a small gradient
amplitude change around the ellipse’s contour, which can be captured by EGL.

3.2. The proposed level-set framework

To segment low-contrast images, we use a Gaussian kernel function to convert the
CV model’s global image fitting term into the local region image fitting function as

Eel(C, fi(z), fo(x))

Y / ( / o el o) - f1<x)|2dy> da

+ A2/ </Outside(c) K, (x —y)luo(y) — f2(w)|2dy> dz, (6)

where f;(z) and fy(x) are the fitting intensities of inner and outer regions near the
detected pixel x, respectively, and A\; and )\, are the positive parameters which

(a) (b) (©)

Fig. 2. The segmented results of the improved CV model. (a) The low-contrast image, (b) initial active
contour, and (c) segmented result.
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control the influence of intensity difference between the inner and outer regions. Note
that K,(z — y) is defined in Eq. (3).
Thus the proposed framework’s energy functional can be represented as

E = EGL +ELocal+M‘C|

:n/ Vg () + Ay / (/ Ka(m—yﬂuo(y)—f1($)|2dy>dﬂf
outside(C) inside(C)

* )\2/ </0utside(C) Ko (z = y)luo(y) — fz(m)|2dy> dz + p|C. (7)

For the evolving curve C, we use an implicit representation given by the level-set
method,'® and C' € Q is represented implicitly via Lipschitz function ¢ : Q — R, such
that: C' = {x € Q|p(x) = 0}. Also ¢ needs to have opposite signs on each side of
curve C for instance, in this paper, ¢ takes positive and negative values outside and
inside of curve C, respectively. Let H be the Heaviside function and use the unknown
variable ¢ to replace the unknown variable C. The energy functional’s level-set
formulation of Eq. (7) can be expressed as

E(p, fu f2) = 1 /Q Vg ()] 2(1 — H(p(x)))da
Y / K, (z - y)luoly) — f1(2)* H(p(y))dz dy
Y / / K, (& — 9)luo(y) — fo(@)|2(1 — H(p(y)))dee dy

+ / IV H (p(z))|dx. 8)

Similarly, Heaviside function H above is approximated by H., which is
represented as

1 2 z
Ho(z)==|1+Z arct (7) , 9
-(2) 2[+ﬂ_arcang} (9)
where ¢ is a positive constant. Note that ¢ = 1.0 according to the experimental
results.

The length of zero level contour [, |VH(p(z))|dr can also be represented

as [6.(p(z))|Ve(x)|de, with the Dirac delta function 6. defined by the derivative
of H,:
1 €
) =2 (10)

In addition, we utilize the distance regularization term in Li et al.” to constrain the
deviation of the level-set from the signed distance function. The distance can be
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modeled by
P() = [ 5(19¢(@)] - 1?da. (1)

Hence the new energy function is designed to be

E* = E(p, fi, f2) + P(). (12)

3.3. The gradient descent of the proposed model

By calculating variations, it can be shown that the functions f;(x) and f,(z) that
minimize the energy functional in Eq. (12) satisfy the following Euler—Lagrange
equations:

/ K, (& — 9)(uo(y) — f1(2)) H(p(y))dy = 0 (13)
and
/ K, (x — ) (uo(y) — fol@))(1 — H(p(y)))dy = 0. (14)

From Egs. (13) and (14), fi(z) and f5(z) are

f( ) fK L= )Uo(y)Ha(SD(?J))
JEo( H_(¢(y))dy

(15)

and

J K, (= y)ug(y)(1 — H.(0(y)))dy
JE,(z —y)(1 - Ho(e(y)))dy

which minimize the energy functional in Eq. (12) for a fixed ¢.

As fi(x) and f,(x) are fixed, minimizing the energy functional E''! in Eq. (12)
with respect to ¢ can be achieved by solving the gradient descent flow of Eq. (17).
The detailed derivation is available in Appendix A.

9%
ot

fo(z) = (16)

= —0.(0)((A\re1 — Aaea) — nVug|®) + uég(ap)div(;g)

#(ve-av(g)) an

where e;and e, are the functions:
— [ Koty Do) - £y (18)
0= [ Ky =)o) - flw)ldy (19)
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In Eq. (17), the term —6.(¢)((A1e; — Ages) — n|Vug|?) is derived from local dating
fitting energy and global gradient energy, and is responsible to drive the active
contour toward object boundaries. The second term pé, (¢)div(Ve/|Vel) is used to
maintain the regularity of the contour, and the third term (V2 — div(V/|Vp])) is
used to maintain the regularity of the level-set function.

All the partial derivatives in Eq. (17) can be simply discretized as central
finite difference. The temporal derivative d¢/0t is discretized as a forward
difference. The fixed space steps are Az = Ay =1, and the time step At = 0.1.
In summary, the proposed method’s implementation is straightforward, consisting
of four steps as:

Step 1. Initialize the parameters A\;, Ay, 0, 7, i, and the initial level-set ¢y.
Step 2. Compute f(z) and fy(x) by Egs. (15) and (16).

Step 3. Solve ¢ by Eq. (17).

Step 4. Return to Step 2 until the convergence criteria are met.

The convergence criteria are |¢, 1 — ¢,| < T, where ¢, is zero level-set of the nth
iteration, ¢, 1 is the next iteration of zero level-set, and 7' is a constant threshold.
Note that T'= 0.01 is used in the experiment.

4. Experimental Results and Comparisons
4.1. Ezxperiment on synthetic images

The proposed method is first evaluated on synthetic images as shown in Fig. 3. The
following parameters are used: A\ = 1.0, \y = 2.0, n = 2.0, © = 0.005, and o = 5. The
first column shows different synthetic images with low contrast or ill illumination;
the second column shows the initial contour before curve evolution; the third column
shows the immediate results. The final segmented results are displayed in the last
column. It is observed that the proposed method can detect objects from the images
of low-contrast and/or nonuniform illumination.

4.2. Ezxperiment on real images

We also test our proposed model on medical images and texture images
as shown in Fig. 4. The first row is an ultrasound medical image with the pre-
sence of speckle noise and low contrast between objects and background.
The second row is a brain image with intensity inhomogeneity. The third row
is an image of blood vessel whose contour is weak and blur. The fourth row is a
MRI brain image with intensity inhomogeneity. The fifth row is a brain tumor
image. The last row is a liver image, which is difficult to segment because the
intensities of the adjacent muscle and tissue are close to the liver. From exper-
imental results, it is observed that the proposed model can segment those objects
successfully.

1255004-8



Int. J. Patt. Recogn. Artif. Intell. 2012.26. Downloaded from www.worldscientific.com
by CENTRALE LY ON on 06/01/13. For persona use only.

Level-Set Method Based on Global and Local Regions for Image Segmentation

(a) (b) (©) @

Fig. 3. Segmentation on different synthetic images. (a) The original images, (b) the initial active con-
tours, (c) the immediate results, and (d) the final results.

In addition, we perform evaluation on texture images as shown in Fig. 5. The first
row is a panther puma image whose pattern is similar to the background. The second
row is a tiger image subjective to nonuniform illumination, in which the tiger’s stripe
pattern is similar to the water wave.

4.3. Comparison with level-set methods

The proposed method is compared with two famous level-set methods: CV model and
LBF model, as shown in Figs. 6 and 7, respectively. The initial contour of CV model
is a circle with center [ic, jc] and radius r = ic/3, where ic = n Row/2, jc = n Col/2
and the size of the image is nRow X nCol. The LBF model’s initial contours are the
same as the second column of Figs. 4 and 5. From Fig. 6, it can be seen that CV
model fails to segment most of the images using only global information. Based on
local information, LBF model performs better than CV model; however, it fails to
segment liver (the sixth image) and tiger (the last image) as shown in Fig. 7.
Obviously, the proposed method can extract object successfully from those images in
Figs. 4 and 5.
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Fig. 4. Segmentation on different medical images. (a) The original images, (b) the initial active contours,
(c) the immediate results, and (d) the final results.
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(a) (b) (©) @

Fig. 5. Segmentation on different texture images. (a) The original images, (b) the initial active contours,
(c) the immediate results, and (d) the final results.

4.4. Comparisons on noisy synthetic images

We also conduct comparisons of our proposed method against CV model,> LBF
model,'’ and Lankton and Tannenbaum® model using the synthetic images deli-
neated by Gaussian noise, as shown in Fig. 8. The four models are compared using
Gaussian noise with standard deviations: 0.022, 0.037, 0.043, and 0.056, respectively.
Columns (b)—(e) show the segmented results by Chan and Vese,® Li et al.,® Lankton
and Tannenbaum,® and our proposed model, respectively. It is observed that Chan
and Vese® and Lankton and Tannenbaum® are unable to segment the ellipse from the
different noise-delineated images, and Li et al.® can segment the ellipse in the first
three noisy images. The proposed model can segment both objects from all noisy
images successfully.

Fig. 6. Segmentation on different images with CV model.
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Fig. 7. Segmentation on different images with LBF model.
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Fig. 8. Comparisons on Gaussian noisy images. (a) The initial active contours, (b) the results by CV
model,” (c) the results by LBF model,'’ (d) the results by Lankton and Tannenbaum model,’ and (e) the
results by our proposed model. See context for details.
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Table 1. The AERs of CV model, LBF model, Lankton and Tannenbaum model,” and the proposed
model.

std = 0.022 std = 0.037 std = 0.043 std = 0.056
Model Square  Ellipse Square Ellipse Square Ellipse Square  Ellipse
CV model 0.0968  1.0000 0.0934  1.0000  0.0922  1.0000 0.0886  1.0000
LBF model 0.1557  0.1592  0.1400  0.1531  0.1340  0.1509  0.1329  0.0673
L-T (2008) 0.1941 1.0000 0.1879 1.0000 0.1968 1.0000 0.2051 1.0000

The proposed model ~ 0.0646  0.1176  0.0645  0.1109  0.0646  0.1143  0.0673  0.2748

For further comparisons, the area error rate (AER)' is used as a measure
metrics:

RU —RI
AER = ——— 2
R==, (20)

where RU = RA URT, RI = RANRT, RA denotes the region segmented from an
algorithm, and RT denotes the ground-truth region. The smaller the AER, the better
the detection of an algorithm.

The mean AER value is computed using 10 images delineated by the same
Gaussian standard deviation. The parameters for CV model are: \; = 1.0, A\, = 1.0,
©=0.005 x 255 x 255, and for LBF model are: \; =1.0, \y =2.0, x=0.01x
255 x 255, 0 = 5. The local radius for Lankton and Tannenbaum model® is 13 pixels.
The parameters for our proposed model are: \; = 1.0, Ay =2.0, 0 =5, n= 2.0,
1 =0.001. The overall AER results are listed in Table 1, from which it can be noted
that the mean AER of our proposed model is the smallest, indicating the best detection
accuracy. Note that the mean AER of CV model and Lankton and Tannenbaum
model® on the detected ellipse is 1, indicating failure to segment the ellipse.

5. Conclusion

In this paper, we propose a region-based level-set method which considers both
global and local information of an image. We utilize the Gaussian kernel function to
detect the intensity difference on the image’s local region based on the CV model’s
global term. We also introduce a new penalty function which eliminates the large
amplitude gradient on the outer region of the active contour. The experiments
conducted on synthetic and real images show that the proposed method can segment
objects in intensity inhomogeneous and low-contrast images successfully. Further-
more, the performance of the proposed model is superior to CV model, LBF model,
and Lankton and Tannenbaum model® when dealing with strong noise background.
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Appendix A. Derivation of Gradient Flow

In order to minimize the energy functional F(p), we solve the gradient flow
equation as

dp  OF
ot op (A.1)

where OF /0y is the Grateaux derivative' of the energy functional F(y). We need to
derive the Griteaux derivative of the global term 7 [, |Vug(2)|?(1 — H(¢(z)))dz in
Eq. (8). By calculating variations,' it is straightforward to derive the Grateaux
derivative of the energy ECL as

T = W Tun(o)]. (A2

A combination of the Grateaux derivatives of the three terms in the entire energy
functional yields

aEtotal
by - 5-(@)[(Mer — Ayeq) — 0| V| ?]

e ain(Gh) - (Teav(gy)) e

Using Eq. (A.1) for the energy functional E'%! its gradient flow of Eq. (17) can be
obtained.
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