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Abstract. An improved image segmentation model was established to achieve
accurate detection of target contours under high noise, low resolution, and uneven
illumination environments. The new model is based on the variational level
set algorithm, which improves the C-V (Chan and Vese) model, fuses the con-
tour and area models to segment the image information, and solves the problem
of optimal solution of the energy model by finding the steady-state solution of the
partial differential equation. It can improve the calculation accuracy, topological
structure adaptability, anti-noise ability, and reduce the light sensitivity effec-
tively. Experiment shows that the new model has good robustness, high real-time
performance, and it can effectively improve detection accuracy.

Keywords: Variational level set · Contour model · Image segmentation · C-V
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1 Introduction

In recent years, active contour models have received widespread attention in the fields of
machine vision and image segmentation [1–3].Active contourmodels include parametric
active contours and geometric active contour models [4–6]. The parametric Snake active
contour model is a commonly used active image segmentation contour model, but the
Snake active contour model is sensitive to noise [7–9], it cannot adaptively change
the evolution curve topology structure, and requires the segmentation object to be a
closed curve, which will not break during segmentation [10–13]. Therefore, the Snake
model is not applicable when detecting scattered targets. With the attenuation of the
signal in the long-distance network transmission, the image noise will be increased, the
resolutionwill be reduced, and the accurate detection of the target contourwill be affected
[14, 15]. Therefore, a robust image segmentation algorithm that is not easily disturbed
by noise is needed [16–19]. The variational level set geometric active contour model
method is a hot topic for scholars due to its topological self-adaptation ability and model
integration ability. The method minimizes the energy function, and obtains the PDE
(Partial Differential Equation) [20, 21] partial differential equation of level set evolution
[22, 23]. By adding constraint information in the energy function, the image has good
topological adaptability during segmentation. Li and his team proposed a level set-based
ICP model, which used gray-scale clustering to segment images [24], but there will be
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over-segmentation problems forweak-boundary images. TheC-Vmodel based on region
information proposed by Chan and his team is a non-linear image processing method,
which can segment imageswithout obvious texture features, discrete distribution, blurred
borders, but it has poor anti-light sensitivity [25].

High noise, uneven illumination, image signal attenuation and low resolution are
widely existed in complex environment [26–30]. It is not ideal to use the existing model
directly. In this paper, geometric active contour model was studied, the C-Vmodel based
on the variational level set was improved, and a new model which fused edge and area
informationwas proposed. The newmodel combines contour and areamodels to segment
image information. By finding steady-state solutions to partial differential equations, it
can better solve the problems of obtaining optimal solutions for energy models, have
certain topological structure adaptability and anti-light sensitivity.

2 Variational Level Set Method

The active contour model expresses the deformation of curves and surfaces
in the form of parametric curves and surfaces [31, 32]. The active contour model
expresses the deformation of curves and surfaces in the form of parametric curves and
surfaces [33, 34]. Its parameterization is as follows: v(s) = (x(s), y(s)), s ∈ [0, 1], where
s is the curve parameter, x, y is the coordinate of the contour point. The expression of
total energy of dynamic contour is as follows:

Esnake =
1∫

0

Esnake(v(s))ds =
1∫

0

Eint(v(s)) + Eext(v(s))ds (1)

Eint represents the internal energy generated by curve bending, which makes the
model smooth and continuous. Eext represents the external energy of the image, which
comes from external constraints or image features and attracts the contour to the image
feature location. Under the joint action of internal and external energy, the curve
converges to the target boundary and has the minimum energy.

Since Snake’s active contour model is an edge-based algorithm, it requires the tar-
get to be a closed curve, so no segmentation problems will occur when using it for
segmentation. In order to detect multiple targets, the level set method was used in this
paper.

2.1 Level Set Method

A closed plane curve can be defined as the level set u(x,y) of a two-dimensional function:
C = {(x,y), u(x,y) = c}.

If C changes, then it can be considered that the u(x,y) changes. A closed curve over
time can be expressed as a level set changing with time.

C(t) := {(x,y), u(x,y,t) = c} (2)

When the curve C(t) is evolving, the evolution of the embedded function u(x,y,t)
follows the following rules:
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Total derivative du
dt = ∂u

∂t + ∇u · ∂(x,y)
∂t = 0, due to ∂(x,y)

∂t = ∂C
∂t = V , so

∂u

∂t
= −∇u · V = −|∇u| ∇u

|∇u| · V = |∇u|N · V = β|∇u| (3)

Where β = V · N represents the motion velocity normal vector. The above formula
is the basic evolution equation of horizontal set curve.

If u (x,y) > c, (x,y) is outside the closed curve C.
If u (x,y) < c, (x,y) is inside closed curve C.
If u(x,y) = c, (x,y) is on closed curve C.
For convenience, c = 0 is often taken, which is the zero level set of the curve. The

evolution of the closed curve C is the evolution of the embedded function which is given
the initial value u0(x,y). As long as the level set of u(x,y) = 0 is obtained at time t, the
curve C(t) can be determined.

The evolution process is a curve-oriented evolution of a two-dimensional function
in space u(x,y,t).The level set method is a no-argument method, the partial differential
equations of which are given in a fixed coordinate system. In the process of curve
evolution, there is no need to track topological changes because the changes in topology
will be automatically embedded in the numerical changes of u(x,y,t).

2.2 C-V Variational Level Set Model

T.Chan and L.Vese proposed the C-V model, it was also known as the geodesic active
area model [35, 36], which can be distinguished by the average gray level of the inner
and outer regions of the image [37, 38]. The following energy function was proposed:

E(c1, c2,C) = μ

∮
C
ds + λ1

¨

�1

(I − c1)
2dxdy + λ2

¨

�2

(I − c2)
2dxdy (4)

In the above formula, c1 and c2 are scalars, C represents the curve, the first term
represents the full arc length of the curve C, the second term represents the square error
between the gray value of the internal area and c1, and the third term represents the
square error between the gray value of the external area and c2. Only when C is in the
correct position, two and three terms can reach the minimum at the same time.

The Heaviside function is introduced in the above formula, and the variational level
set method is used to modify the functional of the embedded function u:

E(c1, c2, u) = μ

¨

�

δ(u)|∇u|dxdy + λ1

¨

�

(I − c1)
2H (u)dxdy + λ2

¨

�

(I − c2)
2(1 − H (u))dxdy (5)

If u is fixed, the above formula can be minimized relative to c1 and c2, and we can
get the follow formula:

cj =

˜
�j

Idxdy

˜
�j

dxdy
j = 1, 2 (6)
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c1 is the average value of the input image I inside the curve, and c2 is the average
value of the image I outside the curve.When c1 and c2 are fixed, the relativeminimization
can be obtained as the following formula. A steady state solution of the segmentation
results can be obtained by simultaneous.

∂u

∂t
= δε

[
μdiv(

∇u

|∇u| ) − λ1(I − c1)
2 + λ2(I − c2)

2
]

(7)

Figure 1 is a gray image with size of 100 * 100 pixels which iterated under the
common and the lighting conditions, respectively. In Fig. 1-a, from the left to the right,
the images were iterated 0, 30, 40 and 50 times. The convergence speed is fast and the
effect is good. The round holes inside the tool can also be accurately detected. In Fig. 1-b,
from the left to the right, the images were iterated 0, 50, 100 and 200 times. Due to the
effects of light, the C-V model was affected by light, it converged slowly, and finally
failed the segmentation.

(a)Segmentation in common environment

(b) Segmentation in lighting environment

Fig. 1. Segmentation of C-V model in common and uneven lighting environment

Figure 2 is a gray image with size of 152 * 152 pixels. The C-V model segmentation
with different initial values was performed separately. The results are as follows:

As shown in Fig. 2, image is segmented under different initial contour conditions for
the same noise. The initial contour in the first line is small, and the numbers of iterations
are 0, 40, 60, and 80. There is severe noise interference in the background, but it still
converges quickly to the edges. The initial contour of the second image is large, and
the numbers of iterations are 0, 50, 100 and 300. Although the number of iterations is
higher and the speed is slower than the first line, the final segmentation effect is still very
accurate. At 300 frames, it converges completely with the boundary.
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(a) Small initial contour

(b)Large initial contour

Fig. 2. Segmentation of C-V model in noisy environment

Fig. 3. Segmentation of C-V model in noisy and uneven lighting environments

Figure 3 is C-V model segmentation under noisy and uneven lighting environment,
The algorithm is very easily interfered by illuminance. The figure shows the results of
iterations of 0, 10, 50, and 300 times. It is easy to fall into local extremes and cannot
effectively segment the target.

3 Improved Image Segmentation Model

The above experiments show that the C-V model uses the global information of the
homogeneous region of the image to effectively improve the ability of adaptive adjust-
ment of the curve topology [39, 40]. In the segmentation process, the image boundary is
not required to be clear, and it has good noise immunity. However, it does not consider
the inherent characteristics of the level set function, and does not use the target boundary
information. Therefore, the edge positioning is not accurate, and it is extremely sensitive
to light. Based on the research, this paper proposes a new method to improve the C-V
model for the environmentwith noisy and uneven illumination. The newmodel combines
the boundary-based segmentation method with the region-based segmentation method,
which can be relatively complemented.
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Combining the C-Vmodel and the edge information, the following energy functional
is obtained:

E(c1, c2,C) = EGAC(C) + EC−V (c1, c2,C)

= μ

∮
C
gds + λ1

¨

�1

(I − c1)
2dxdy + λ2

¨

�2

(I − c2)
2dxdy (8)

The introduction of the edge function g enhances the accuracy of edge extraction.
Rewrite the above functional with the variational level set:

E(c1, c2, u) = μ

¨

�

δ(u)g|∇u|dxdy + λ1

¨

�

(I − c1)
2H (u)dxdy + λ2

¨

�

(I − c2)
2(1 − H (u))dxdy (9)

For the formula (10):

E(u) =
¨

�

g(x, y)δ(u)|∇u|dxdy (10)

The paper improves the above formula. Adding a diffusion term in the energy func-
tional to keep the embedded function as a distance function, it can be transformed
into:

E(u) = μ

¨

�

1

2
(|∇u| − 1)2dxdy +

¨

�

g(x, y)δ(u)|∇u|dxdy (11)

Where u is the constant. The improved variational level set model can make the
embedding function u0(x, y) approximate to the distance function, the work of initial-
izing the embedding function can be greatly simplified, and re-initialization can be
completely avoided.

When u is fixed andminimized relative to c1, c2, and the following partial differential
equation is obtained:

∂u

∂t
= μ1

[
�u − div(

∇u

|∇u| )
]

+ δε

[
μ2div(g

∇u

|∇u| ) −
m∑
i=1

λ1i(I − c1i)
2 +

m∑
i=1

λ2i(I − c2i)
2

]

(12)

The discretization of �u adopts 4-neighbor difference scheme.

(�u)i,j = ui+1,j + ui−1,j + ui,j+1 + ui,j−1 − 4ui,j (13)

The magnitude of the effect of the forced term is controlled by μ. In the case of
τμ ≤ 0.25, the gradient descent flow explicit scheme is stable, and τ ≈ 0.1, μ ≈ 2
can be taken. Discrete operators need to be discretized. The “half-point discretization”
scheme can be used.

div(
∇u

|∇u| ) = ∂

∂x
(g

ux
|∇u| ) + ∂

∂y
(g

uy
|∇u| ) (14)
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From the above formula, the following formula can be obtained.

div(g
u

|∇u| ) ≈ gi,j+1/2(
ux

|∇u| )i,j+1/2 − gi,j−1/2(
ux

|∇u| )i,j−1/2 + gi+1/2,j(
uy

|∇u| )i+1/2,j

−gi−1/2,j(
uy

|∇u| )i−1/2,j

(15)

Express each term in the above formula with the values of u and g at the Integer
value. For example, in the first item of formula (15):

(∇u)i,j+1/2 = ((ux)i,j+1/2, (uy)i,j+1/2) (16)

(ux)i,j+1/2 = ui,j+1 − ui,j (17)

(uy)i,j+1/2 = (ui+1,j+1/2 − ui−1,j−1/2)/2 = (ui+1,j+1 + ui+1,j − ui−1,j+1 − ui−1,j)/4
(18)

Therefore, the following formula can be got.

(
ux

|∇u| )i,j+1/2 = (ux)i,j+1/2/

√
(∇u)2i,j+1/2 + (uy)i,j+1/2

= (ui,j+1 − ui,j)/[(ui,j+1 − ui,j)
2 + (ui+1,j+1 + ui+1,j − ui−1,j+1 − ui−1,j)

2/16]1/2
(19)

= C1,i,j(ui,j+1, ui,j)

C1,i,j = 1/(ui,j+1 − ui,j)
2 + (ui+1,j+1 + ui+1,j − ui−1,j+1 − ui−1,j)

2/16]1/2 (20)

The value of g at half point can be approximated by the average of two adjacent
points:

gi+1/2,j = (gi+1,j + gi,j)/2 (21)

The other three items are also processed like above formulas to get the formula (15).
Then the upwind scheme can be used for calculations.

div(g
∇u

|∇u| )i,j ≈ C1,i,jg1,i,j(ui,j+1 − ui,j) − C2,i,jg2,i,j(ui,j − ui,j−1)

+C3,i,jg3,i,j(ui+1,j − ui,j) − C4,i,jg4,i,j(ui,j − ui−1,j) (22)

4 Experiment and Analysis

The experimental environment includes Windows 10 operating system, 8G memory,
3.6 GHZ CPU, and MATLAB 2018. In Fig. 4, (b) is the result of the improved model
in the common environment for coin image segmentation. The numbers of iterations
are 0, 15, 30 and 50 times respectively. (b) is the result of the improved model in the
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(a)Segmentation of coins in common environment

(b)Segmentation of part in low noisy environment

Fig. 4. Segmentation of improved model in common and low noisy environments

Table 1. Number and time of iterations in improved models

Images Number of
iterations

Time (seconds)

(a) 15 0.419718

30 0.749150

50 1.170998

(b) 20 0.736783

40 1.339194

60 1.727235

low noise environment. The numbers of iterations are 0, 20, 40, 60 times respectively.
The starting position in figure (b) is different from figure(a). The improved algorithm
has better shrinkage effect no matter it shrinks inward or expands outward, and it can
effectively detect the empty area in figure (b). The time consumption in Fig. 4 is shown
in Table 1.

The high-noise image and the uneven illumination image are segmented by the new
method in Fig. 5.

In Fig. 5, it can be seen that the newmodel implemented by improving the variational
level set has better convergence results for the problems that the above C-Vmodel cannot
solve. It has fast convergence speed and good robustness in complex environments such
as low contrast, noisy, and blur. During the shrinking process, not only the outer boundary
of the target is detected clearly, but also the inner boundary, whether it is concave or
hollow, can be detected well. The improved new model has a good effect on the contour
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(a)Segmentation in noisy environment

(b)Segmentation in noisy and uneven lighting environment

Fig. 5. Segmentation of improved model in noisy and uneven lighting environments

detection of multiple targets. The results show that the newmodel proposed in this paper
is more accurate than C-V model segmentation and has better ability to resist complex
environments.

5 Conclusion

This paper analyzes and studies the image segmentation model based on variational
level set. Aiming at the complex environment of uneven illumination, blurred video
image and noisy environment, this paper proposes an improved model that combines
edge and area information. State solution, the optimal solution of the energy model is
obtained, and the numerical calculation is performed by using a half-point discretization
difference scheme, thereby improving the calculation accuracy. Experiments show that
compared with other models, the complex environment segmentation model established
in this paper has more accurate segmentation and high real-time performance. It solves
the problems of illumination, noise sensitivity and inaccurate edge positioning of the
original model.
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