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ABSTRACT

Level set models are extensively used for image segmentation
because of their capability to handle topological changes. In
this paper, the proposed model uses combined local image
information and global image information to evolve the con-
tour around the object boundary, making it robust, irrespec-
tive of the inhomogeneity. The proposed model is capable
to deal with bias conditions, such as intensity inhomogeneity
and light effects. We test this model on synthetic, and real
images, confirming its superiority over previous models.

Keywords— image segmentation, level set

1. LEVEL SET FORMULATION

Active Contour Models (ACMs) are extensively used for im-
age segmentation. Global-region based ACMs can segment
homogeneous regions with assumption that the objects are of
homogeneous intensities; however, real images contain inho-
mogeneity undetected by the such models.

Suppose, we have an image I(x) in R2. Ω is a bounded
open subset of the given domain, with ∂Ω as its boundary. A
parameterized curve is represented by C(s) : [0, 1]→ R2, di-
viding image I into two regions, inside(C), and outside(C).
C-V [1] function for the homogeneous image segmentation is

ECV (C, c1, c2) = λ1

∫
Ω

|I(x)− c1|2Hε(φ(x))dx

+ λ2

∫
Ω

|I(x)− c2|2(1−H)ε(φ(x)))dx

+ µ

∫
Ω

δ(φ(x))|∇φ(x)|dx+ v

∫
Ω

Hε(φ(x))dx (1)

where λ1, λ2, and v are the positive coefficients. c1, and c2
are the average intensity means of the inner and outer regions
of contour C in image I , defined as

c1 =

∫
Ω
I(x)Hεφ(x))dx∫
Ω
Hε(φ(x)))

(2)
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c2 =

∫
Ω
I(x)(1−Hεφ(x)))dx∫

Ω
(1−Hε(φ(x)))

(3)

Hε(φ(x)) =
1

2

(
1 +

2

π
arctan

(
φ

ε

))
(4)

Hε(φ) is the smooth approximation of Heaviside function.
VLSBC [4] defines an image to be

I(x) = b(x)J(x) + n(x), x ∈ Ω (5)

where b(x), and n(x) are bias field and noise, respectively.
J(x) is the inhomogeneity free, true image, represented as

J(x) = ΣNi=1liMi(φ) (6)

The local clustering K-means, is the minimization of

E ≈
∫ (

Σi=1

∫ N

Ωi

Kσ(x− y)|I(y)− b(x)ci|2dy
)
dx (7)

Using Heaviside function, (7) becomes

E =
∫ (

Σi=1

∫ N
Ωi
Kσ(x− y)|I(y)− b(x)mi|2Mi(φ)dy

)
dx

(8)
Here N = 2, and Mi accounts for the region member func-
tions i.eM1 = H(φ),M2 = 1−H(φ). Taking first derivative
of (8), we get:

b(x) = ΣNi
Kσ ∗ (I(x)miMi(φ))

Kσ ∗ (c2iMi(φ)) ,
(9)

mi =

∫
Kσ ∗ (I(x)b(x)Mi(φ))

Kσ ∗
(
b(x)2Mi(φ)

) . (10)

We combine local and global fitting energies as

EProposed =

∫
((I(x)− IbLFI)(I(x)− IGFI))dx (11)

where IbLFI and IGFI are the local image fitted and global
image fitted models, respectively and are defined as follows:

IbLFI = b(x)(m1M1 +m2M2) (12)

IGFI = c1M1 + c2M2 (13)

By calculus of variation [16], (11) minimizes to

∂φ

∂t
= δε(φ)(I(x)− IbLFI(x))(c1 − c2)

+ δε(φ)(I(x)− IGFI(x))(m1 −m2) (14)

where δε(φ) is Dirac delta function [1]. Eq (14) is the final
equation for evolving the contour. Proposed algorithm is:



Algorithm 1 Proposed Algorithm
Input Image I(x) with b(x) = 0.

1) Initialize levelset φ from p = 0,

φx,t=0 =


−p, x ∈ Ω0 − ∂Ω0

0, x ∈ ∂Ω0

p, x ∈ Ω− ∂Ω0

2)Iteration countfrom n=0.
3)Compute mi using (10) and ci by using (2) and (3).
4) Solve PDE (14) in φ to obtain φ(t+1).
5) Regularize the function by a Gaussian filter.
6) If solution converges, stop. If not, n = n+ 1.
7) Output: Final image segmentation is obtained.

2. EXPERIMENTAL RESULTS

Fig. 1. Synthetic images: (col 1) input image, (col 2) C-V [1], (col
3) LBF [2], (col 4) LIF [3], (col 5) VLSBC [4], (col 6) Zhang et. al
[5], (col 7) FRAGL [6] (col 8), Proposed model.

This section presents results of the proposed method
along-with previous methods. Fig. 1 and Fig. 2 shows results
of different ACMs over synthetic and real example images,
respectively. For Fig. 1, C-V [1] in Row 2 produced smooth
contour around the fingers boundaries, but it failed to separate
middle finger, because of absence of local statistics. Utilizing
local image fitting energy, the LIF [3] distinguished middle
fingers boundaries, but false contour appearance limits accu-
racy. LBF [2], and VLSBC [4] produce similar results, while
the accuracy of Zhang et al. [5] model is comparatively less
than all. Real images are taken from medical images, dermo-

Fig. 2. Real images: (col 1) input image, (col 2) C-V [1], (col 3)
LBF [2], (col 4) LIF [3], (col 5) VLSBC [4], (col 6) Zhang et. al [5],
(col 7) FRAGL [6], (col 8) Proposed model.

scopic images of PH2 database [7], and skin lesion images of
skin-cancer-mnist-ham10000 database [8] in Row 1, 2, and
3, respectively. Fig. 2 shows that the FRAGL [6] method

produces results almost same as the proposed method. C-V
[1] model fails to dealt wih inhomogeneity in images, pro-
ducing noisy segmentation. LBF [2], and LIF [3] models
captured the ROI, but false contour appearances compromise
accuracy. Table I presents Accuracy metric values of all the
in-comparison methods, confirming efficiency of our method.

Table 1. Segmentation Accuracy Metric
Method [1] [8] [9] [10] [11] [12] Our
Accuracy 0.71 0.85 0.87 0.91 0.92 0.95 0.98

3. CONCLUSION

In this paper, a novel method for inhomogeneous image
segmentation, combining local and global fitting models,
smoothed by Gaussian filtering , is presented. Our model
efficiently dealt with the bias conditions outclassing other
segmentation methods. Experimental results confirm the
superiority of the proposed model.
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