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A Region Based Active Contour Approach for
Liver CT Image Analysis Based on Fuzzy Energy

Minimization
Sajith A.G, Dr.Hariharan S

Abstract— In this paper a fuzzy energy based active contour image processing technique is proposed and used for the segmentation of  liver tumours.
This model can detect the tumour boundaries based on fuzzy energy. In classical active contour method the stopping term depends on the gradient of
the image. In this model the stopping term depends upon the image colour and spatial segments. This approach converges the tumour boundary very
fast, since it calculates the fuzzy energy alterations directly. Various experiments demonstrate that this method is better and more robust than classical
active contour methods based on the gradient or other kind of energies.

Index Terms— Active contour, Mumford-Shah model, Pseudo level set, Segmentation, Tumour detection,CT  image,Fuzzy Energy
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1 INTRODUCTION
HIS paper introduces a technique for segmentation of liv-
er tumors.The motivation for this work is , now a day’s
exact segmentation as well as classification of liver tumors

from  CT  images  is  quite  difficult  for  pathological  analysis  of
benign and malignancy conditions. When the science behind a
disease is poorly understood, experience becomes critical for
deciding on a treatment. Certain information regarding to
identify the malignancy criteria is wrong in the view of scien-
tific analysis. This is where computer models developed from
case studies can be crucial benefit to the physician. This paper
introduces a method for aiding in treatment decisions that is
based on Active contour based on Fuzzy Energy. The method
is applied to a difficult medical diagnosis problem that con-
tains many of the typical difficulties encountered in develop-
ing decision aids for patient treatment.

Active contours proposed by Kass et al [1] have been
applied to a variety of segmentation problems in medical im-
age analysis especially in liver CT images. Also it will be used
in the field of feature extraction, image registration etc.Active
contour model in a level set formulation, which is originally
introduced by Oscher and Sethian[2].The most important one
is implicit active contour model. Implicit active contour mod-
els can be categorized into two categories: one is PDE method
[3-7] whose evolution equation is directly constructed; another
is the variational level set method [8-10] those evolution equa-
tion is derived from the minimization problem for the energy

functional defined on the level set function. Dual Snakes pro-
posed by Gunn et al [11, 12] , dual band active contour [8-10]
and also related the same works [13, 14] restrict their search
spaces exploiting normal lengths on the initial contour. Active
contours based on graph-cut theory [15]is based on the opti-
mization technique. All these models are edge based models.
In region based models [16, 17]  utilize image statistics inside
and outside the contour. Region based active contour model
proposed by Chan and Vese [18] based on Munford-Shah
functional, can handle objects with boundaries not defined by
gradient. In this case highly constrained models are assumed
for pixel intensities within each region. High computational
cost is the major drawback of [19-21] ,overcome by Gibou et.al.
[22] as well as other researchers. Some of the researchers uti-
lize the importance of k-means algorithm and others solving
the PDE based equations with energy functionals.These mod-
els are very sensitive to noise as well as ill defined boundaries.

This paper focus on the above mentioned
problems. Fuzzy based active contour approach presents the
objects deals with the boundaries are not necessarily defined
by gradient as well as not very smooth. Discontinuous bound-
aries are also taken into account for analysis. Fuzzy methods
are more accurate and robust in data clustering. Proper clus-
tering have high significance in medical image analysis. Fuzzy
based energy minimization principle is used for minimizing
the active contour functional. The fuzzy value of energy rejects
the weak value of local minimum value. We formulate the
model  in terms of  Pseudo level  set  functions instead of  using
Euler-Lagrange equations in classical level set functions. We
apply a direct method to solve the partial differential equation
without numerical stability constraints. This method improves
the computational speed because of without solving Euler-
Lagrange equations. The fast solution of PDE based on fuzzy
energy provides a stable contour with a desirable resistance to
noise.

The paper is organized as follows.
Section II  discusses the Mumford Shah model  Section III  dis-

————————————————

· Sajith A.G is currently pursuing Full time Research in electrical and elec-
tronics engineering in college of engineering Trivandrum, India, PH-
09995414505. E-mail: sajith_ag@yahoo.com

· Dr.Hariharan S   is currently pursuing Professor . in electrical and elec-
tronics engineering in college of engineering Trivandrum, India, PH-
09995414505. E-mail: harikerala2001@yahoo.com

T

779

IJSER



International Journal of Scientific & Engineering Research Volume 7, Issue 5, May-2016
ISSN 2229-5518

IJSER © 2016
http://www.ijser.org

cusses the fuzzy energy active contour  model and the fuzzy
energy concepts..In section IV, we describe briefly Pseudo lev-
el set formulation. Section V presents the numerical approxi-
mation and algorithm. Section VI presents the experimental
results and conclusion are drawn in SectionVII.

II. MUMFORD-SHAH MODEL
Mumford-Shah variational methods have been widely stud-

ied in image processing because of their numerical advantages
and flexibility. Let C be the evolving curve and the boundary
in a region Ω, and ω be the open subset of Ω. i.e. ωÌΩ and
C= ω. Also, inside C denotes region ω and outside C denotes
Ω\ .If an image u0 (x,y) is formed by two regions of approx-
imately piecewise-constant intensities, considering the fitting
term,

( ) ( ) ( ) ( )

( ) ( ) ( )

2

1 2 0 1

2
0 2

,

, 1

inside C

outside C

F C F C u x y c dxdy

u x y c dxdy

+ = -

+ -

ò
ò

where c1 andc2 the constants depending on C are the averages
of u0 inside C. C0,  the boundary of the object is the minimizer
of the fitting term.

III. FUZZY ENERGY BASED ACTIVE CONTOUR
MODEL
In this  model  we  combine the  fuzzy energy [23]using an an
active  contour  model  whose  value  varies  with  the  local  con-
trast of the image. This combination enables the proposed al-
gorithm to address intensity inhomogeneity and to improve
the accuracy of segmentation and its robustness to initializa-
tion. Besides, the proposed algorithm incorporates neighbor-
hood spatial information into the membership function to re-
duce the impact of noise.In this model a membership function
is included in the fitting term. It  indicates the degree of mem-
bership of  u0(x,y) to the inside of C.The fitting term is defined
as
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The membership function v(x,y) ϵ [0,1]  is  the degree of  mem-
bership of  u0(x,y) to the inside of C and m is a weighting ex-
ponent on each fuzzy membership .In  this  case  ,  it  s
obvious that the boundary of the object C0, is the minimizer of
the fitting term

( ) ( )1 0 2 0 0 (3)F C F C+ »

The four cases are illustrated in Fig. 1. If the curve C is outside

the object, then ( )1 0F C > and 2 ( ) 0F C » .  If  the curve C is

inside the object then ( )1 0F C » and 2 ( ) 0F C > . If the

curve  C  is  both  inside  and  outside  the  object  then

( )1 0F C > and 2 ( ) 0F C > .  And  of  C=C0,the energy is mini-

mized and the curve C is now the boundary.Fig.1 indicates the
curve fitting pictorial representation of the mathematical ex-
pressions.

Fig.1. Curve fitting representation

The proposed active contour is  based on the minimization of
the above fitting term, taking into account the length term of
the model  C and the area of the region inside C.Then the en-
ergy functional is defined as
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where µ ,n , 1 20 0andl l> > ..The  curve  C0 that
minimizes   F  is  the  solution  to  the  segmentation  problem  is
given by
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IV.Pseudo Level-Set Formulation
Pseudo level set formulation is defined based on the member-
ship values v(x,y).The evolving curve C is said to be a proper
subset of u0(x,y) .The pseudo level set of Lipchitz similar func-
tion u:u0→Ʀ such that

In medical image analysis ,liver CT images the intensities of
pixels belonging to changed and unchanged regions generally
have overlapping region. In this case fuzzy techniques which
introduce  the  idea  of  partial  membership  by  using  member-
ship degrees are more appropriate and realistic for describing
uncertainties in liver images than hard techniques. The mem-
bership degree which reflects the degree of a pixel belonging
to a certain region is computed as follows:

According to (7), membership degrees are calculated depend-
ing on the relative distance between a pixel and the model , as
well  as  on the fuzzy coefficient.  The membership degree v(ݔ,
from(7) is a precise numeric value. This poses a dilemma of (ݕ
excessive precision in describing uncertain phenomenon. Thus
we prefer to view membership degrees as uncertain values
rather than, like in traditional fuzzy sets, as certain values.
The model taking advantage of fuzzy confidence and based on
assumption that the image information related to the global
properties  of  the  image  contents  inside  and  outside  the  con-
tour respectively, constructs a new image energy function and
could gets global optimal segmentation results.

V.Numerical Approximation and Algorithm

In Eqn.4 , the two fitting terms are easy to be computed .The
length term is approximated by using Heaviside function and
membership function. Note that in our approximation we do
not need to differentiate the function in Eqn.4, which would
have necessitated in Euler-Lagrange equation of  (4).We select
the length term given by
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where Qi,j = H(v(i,j) – 0.5), u(i,j) is the value of u at the  (i,j) pixel
and H(.) is the Heaviside function. The algorithm for the mod-
el is as follows. If we do no consider the length term the model
converges in less than twenty iterations. Also the parameters
λ1 and λ2 are set to be one.
Step 1: Select the tumor portion  of the CT image , v>0.5 for
one part and v<0.5 for the other.
Step 2:Compute c1 and c2 using Eqns. (8) and (9) respectively.
Step 3: Assume the value of the current pixel is I0 and  v0 its
corresponding degree of membership. Calculate the new de-
gree of membership vn using  Eqn.6  for  the  pixel  I0 and then
compute the difference between the new and old energy using

where [ ] [ ]1 2
, ,

( , ) 1 ( , )m m
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then change v0 with  vn value otherwise keep the old value.
Step 4: Repeat step 3 for computing the total energy F of the
image.
Step 5: Repeat steps 2 to 4 until the total energy F remains un-
changed.

VI. Results and Discussion

In  this  section   we  demonstrate  the  performance  of  the  pre-
sented  model  on  various  liver  tumor  CT  images.  Active  con-
tour evolution in the image domain is shown in different im-
ages. Also shown the piecewise constant approximation of the
image domain given by constants c1 and c2.In our experiments
values are selected for λ1 and  λ2. is  set  to  be  one.  The  length
parameter µis not same in all experiments, If we have multiple
tumors and of any size , then µ should be small. If we have to
detect large size of tumors and not to detect small size, then µ
has to be larger.
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(a) (b) (c)

(d) (e) (f)

Fig.1. Segmentation of a two phase liver CT image: (a), (b), (c) are three different initial conditions: (d), (e), (f) the reult segmented
image of  (a), (b), (c) respectively. The length parameter was omotted (µ=0).

First the segmentation results on a two phase images is shown in
(Fig.1) .The length term is omitted (µ=0) since there is no noise.
Three different images are taken and different initial conditions are
chosen. All of them converge to the correct solution. The interior and
exterior contour was automatically detected without considering the
second initial model. The algorithm is completely independent to the
model’s initial position when the length term is omitted. When the
length term is included, then the algorithm is dependent to the initial
condition. If the length term in increased the model tends to behave

as a rigid one. The length term localizes the model is a property that
enforces the model to have a resistance to image noise.Fig.2 shows
the  evolution of the contour in noisy CT liver image. For analysis an
interior contour is selected. Contours are automatically detected
without considering a second initial curve. Jacobi iteration is used
for energy minimization. The nature of the model and the iteration
process allows the automatical change of the topology.

(a)                                              (b)                                           (c)                                             (d)

Fig.2. Detection of tumor from noisy images with various shapes and interior contour(Salt and Pepper noise).(a) and (b) are two noisy
images: (c) and (d) the segmented images of (a) and (b) respectively. The length parameter is set equal to µ=0.25.

Fig.3 demonstrates the model can detect with low intensity and
blurred boundaries. The interior contour of the tumor is automatical-
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ly detected. In Fig.4 and Fig.5 images with multiple tumors with
different intensity are used. The selection of the length parameter is
different for fig.4 and fig.5. Fig.7 shows an example where other
energy based active contour algorithm fail to detect the tumor lying
in an endless loop. The condition for this method is u>0.5 on the
tumor region and u<0.5 on the background region. Consider the two
regions have the same intensities. The algorithm converges after 80
iteration to the object boundary using Jacobi iteration. The length
parameter is assumed to be zero in this experiment.Fig.8, Fig.9 and
Fig.10 demonstrates how the proposed algorithm could detect the
tumor regions for different values of iteration and the length parame-
ter was set to µ=0.60, µ=0.70 and µ=0.80 respectively. Contour plots
are also shown along  with the segmented results.

Fig.11 shows the comparison of Chan-Vese method, Gibou-
Fedkiw method and the presented method. First column shows the
CT liver images with noisy(both uniform and Gaussian) background
and blurred images, Due to the length parameter  the presented mod-
el has a remarkable resistance to noise converging almost clear tu-
mors. Second column depicts how our model detects tumors on
noisy or blurred images containing tumors in (first column).The third
column of Fig.10 shows the results of objects detection exploiting
the Chan-Vese method, while the last column depicts the results of
the Gibou-Fedikiw method.

(a) (b)

(a) (b)

(c) (d)

(c )                                           (d)

Fig.3. Detection of blurred tumors and low intensity. .(a) and (b)
are two blurred tumor images: (c) and (d) the segmented images
of (a) and (b) respectively. The length parameter is set equal to
µ=0.065.

Fig.5. Detection of geometrically similar objects with chromatic
identity. .(a) and (b) are two CT tumor images: (c) and (d) the
segmented images of (a) and (b) respectively. The length parame-
ter is set equal to µ=0.8.

Fig.4. Detection of geometrically similar objects with different
intensities. .(a) and (b) are two CT tumor images: (c) and (d) the
segmented images of (a) and (b) respectively. The length parame-
ter is set equal to µ=0.008.
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(a)
(b)

(c) (d)

Fig.6. Detection liver tumor with very smooth contour. .(a) and (b) are two CT tumor images: (c) and (d) the segmented images of (a)
and (b) respectively. The length parameter is set equal to µ=0.003
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VII. Conclusion
.

In this  paper,  a  fast  and robust  model  for  active con-
tours to detect  the tumors in  CT liver images  is  introduced.
This method makes  use of the global statistical information as
well as the local information, which makes our method robust
to noise. The model can detect tumors whose boundaries are
not necessarily defined by gradient  ,  due to the fact  that  it  is
based on an energy minimization algorithm, and not on an
edge function as the most classical active contour models. This
energy minimization technique is based on fuzzy logic and is
used as model to detect the tumor boundary. In most of the
classical active contours the stopping term of the model evolu-
tion depend on the gradient of the image. In this method evo-
lution depends on the spatial segments of the image. The fuzz-
iness  of  the  energy  provides  a  balanced  technique  with  a
strong ability to reject weak local minima. Also, it is not need-
ed  to  smooth  the  initial  images,  even  if  they  are  very  noisy,
since the model very well detect and preserve the locations of
the  boundaries.  The  initial  position  of  the  model  can  be  any
where in the image, and it does not necessarily surrounds the
tumor regions to be detected.. This method  calculates the
fuzzy energy alterations directly without numerical stability
constraints. So it converges to the desired tumor boundary
very fast.
 

REFERENCES

1 Kass, M., Witkin, A., and Terzopoulos, D.: ‘Snakes: Active
contour models’, International journal of computer vision, 1988, 1, (4), pp.
321-331
2 Osher, S., and Sethian, J.A.: ‘Fronts propagating with curvature-
dependent speed: algorithms based on Hamilton-Jacobi formulations’,
Journal of computational physics, 1988, 79, (1), pp. 12-49
3 Tek,  H.,  and  Kimia,  B.B.:  ‘Image  segmentation  by  reaction-
diffusion bubbles’,  ‘Book Image segmentation by reaction-diffusion
bubbles’ (IEEE, 1995, edn.), pp. 156-162
4 Caselles,  V.,  Kimmel,  R.,  and  Sapiro,  G.:  ‘Geodesic  active
contours’, International journal of computer vision, 1997, 22, (1), pp. 61-79
5 Cohen, L.D.: ‘Multiple contour finding and perceptual grouping
using minimal paths’, Journal of Mathematical Imaging and Vision, 2001,
14, (3), pp. 225-236
6 Cohen, L.D., and Kimmel, R.: ‘Global minimum for active
contour models: A minimal path approach’, International journal of
computer vision, 1997, 24, (1), pp. 57-78
7 Yezzi Jr, A., Kichenassamy, S., Kumar, A., Olver, P., and
Tannenbaum, A.: ‘A geometric snake model for segmentation of medical
imagery’, Medical Imaging, IEEE Transactions on, 1997, 16, (2), pp. 199-
209
8 Dawood, M., Jiang, X., and Schäfers, K.P.: ‘Reliable dual-band
based  contour  detection:  a  double  dynamic  programming  approach’:
‘Image Analysis and Recognition’ (Springer, 2004), pp. 544-551
9 Giraldi, G.A., Goncalves, L., and Oliveira, A.: ‘Dual
topologically adaptable snakes’, ‘Book Dual topologically adaptable
snakes’ (Citeseer, 2000, edn.), pp. 103-106
10 Aboutanos, G.B., Nikanne, J., Watkins, N., and Dawan, B.:

‘Model creation and deformation for the automatic segmentation of the
brain in MR images’, Biomedical Engineering, IEEE Transactions on, 1999,
46, (11), pp. 1346-1356
11 Gunn,  S.R.,  and  Nixon,  M.S.:  ‘A  Model  Based  Dual  Active
Contour’, ‘Book A Model Based Dual Active Contour’ (Citeseer, 1994,
edn.), pp. 1-10
12 Gunn, S.R., and Nixon, M.S.:  ‘A robust snake implementation; a
dual active contour’, Pattern Analysis and Machine Intelligence, IEEE
Transactions on, 1997, 19, (1), pp. 63-68
13 Georgoulas, G., Nikolakopoulos, G., Koutroulis, Y., Tzes, A., and
Groumpos, P.: ‘An intelligent visual-based system for object inspection
and welding, relying on active contour models-algorithms’,  ‘Book An
intelligent visual-based system for object inspection and welding, relying
on active contour models-algorithms’ (Citeseer, 2002, edn.), pp. 399-410
14 Erdem,  Ç.g.E.g.,  and  Sankur,  B.:  ‘Video  object  tracking  with
feedback of performance measures’, Circuits and Systems for Video
Technology, IEEE Transactions on, 2003, 13, (4), pp. 310-324
15 Xu, N., Bansal, R., and Ahuja, N.: ‘Object boundary
segmentation  using  graph  cuts  based  active  contours’,   ‘Book  Object
boundary segmentation using graph cuts based active contours’ (Citeseer,
2001, edn.), pp.
16 Chakraborty, A., Staib, L.H., and Duncan, J.S.: ‘Deformable
boundary finding in medical images by integrating gradient and region
information’, Medical Imaging, IEEE Transactions on, 1996, 15, (6), pp.
859-870
17 Samson, C., Blanc-Féraud, L., Aubert, G., and Zerubia, J.: ‘A
level set model for image classification’, International Journal of Computer
Vision, 2000, 40, (3), pp. 187-197
18 Chan, T.F., and Vese, L.: ‘Active contours without edges’, Image
processing, IEEE transactions on, 2001, 10, (2), pp. 266-277
19 Paragios, N., and Deriche, R.: ‘Geodesic active regions: A new
framework to deal with frame partition problems in computer vision’,
Journal of Visual Communication and Image Representation, 2002, 13, (1),
pp. 249-268
20 Tsai, A., Yezzi Jr, A., and Willsky, A.S.: ‘Curve evolution
implementation of the Mumford-Shah functional for image segmentation,
denoising,  interpolation,  and  magnification’,  Image  Processing,  IEEE
Transactions on, 2001, 10, (8), pp. 1169-1186
21 Yezzi, A., Tsai, A., and Willsky, A.: ‘A fully global approach to
image segmentation via coupled curve evolution equations’, Journal of
Visual Communication and Image Representation, 2002, 13, (1), pp. 195-
216
22 Gibou,  F.,  and  Fedkiw,  R.:  ‘A  fast  hybrid  k-means  level  set
algorithm for segmentation’,  ‘Book A fast hybrid k-means level set
algorithm for segmentation’ (Honolulu, Hawaii, 2005, edn.), pp. 281-291
23 Shyu, K.-K., Pham, V.-T., Tran, T.-T., and Lee, P.-L.: ‘Global and
local fuzzy energy-based active contours for image segmentation’,
Nonlinear Dynamics, 2012, 67, (2), pp. 1559-1578
24 Tohka, J.: ‘Surface extraction from volumetric images using
deformable meshes: a comparative study’: ‘Computer Vision—ECCV
2002’ (Springer, 2002), pp. 350-364

785

IJSER




