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Abstract. In cancer treatment by means radiation therapy having an accurate es-
timation of tumour size is vital. At present, the tumour shape and boundaries are
defined manually by an oncologist as this cannot be achieved using automatic im-
age segmentation techniques. Manual contouring is tedious and not reproducible,
e.g. different oncologists do not identify exactly the same tumour shape for the
same patient. Although, the tumour changes shape during the treatment due to
effect of radiotherapy (RT) or progression of the cancer follow up treatments are
all based on the first gross tumour volume (GTV) shape of the tumour delineated
before treatment started. Re-contouring at each stage of RT is more complicated
due to less image information being available and less time for re-contouring by
the oncologist. The absence of gold standards for these images makes it a par-
ticularly challenging problem to find the best parameters for any segmentation
model. In this paper a level set model is designed for the follow up RT image
segmentation. In this contribution instead of re-initializing the same model for
level sets in vector-image or multi-phase applications, a combination of the two
best performing models or the same model with different sets of parameters can
result in better performance with less reliance on specific parameter settings.

1 Introduction

In 2014 in the United Kingdom (UK) 356,860 new cases of cancer were diagnosed,
while 163,444 deaths were directly attributable to it [CS1]. A major part of cancer treat-
ment involves RT, that is the treatment of cancer by ionising radiation. This aims to de-
liver a dose of radiation to the diseased tissue whilst minimising damage to healthy tis-
sue. In the UK, RT contributes towards 40% of curative treatment for cancer [BR1,BG1].
It is used to treat cancer patients during several treatment sessions that usually last sev-
eral weeks.

In RT planning, finding the exact shape of a tumour is the most challenging issue
therefore delineation of the volume of interest is based on a visual assessment of medi-
cal images, such as X-ray computed tomography (CT) and magnetic resonance imaging
(MRI), by an oncologist. The accuracy of the volume of interest is dependent primarily
upon the ability to visualise the tumour, interpret anatomy and understand the potential
areas of tumour involvement based on tumour biology. Interpretation of these variables
is complex, time consuming and requires considerable clinical expertise. Based on the
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shape of the tumour that the oncologist delineated before RT started, the patient under-
goes RT in several sessions. There is an absence of clinically segmented GTV or ground
truth data within follow up RT medical images due to the shortcomings in image qual-
ities available in the treatment time and also limitation of time for re-contouring and
re-planning by the clinicians. Therefore, a good segmentation model which can con-
verge to the tumour boundaries with the least amount of prior knowledge is the main
concern in the selection of model parameters.

Many different segmentation techniques have been tested in tumour segmentation,
particularly level set methods due to their shape adjustment capability. Level set is a
segmentation method for capturing moving fronts which was designed to overcome the
shortcomings of the snake method, by Osher-Sethian in 1988 as a numerical method
for tracking interfaces [DB1,OS1]. The level set was initially designed as an Eulerian
formulation of a evolving interface, which grows with the speed F perpendicular to the
curve. A literature review shows that every approach is robust to a specific application
but not for all kinds of images [DC1]. This highlights the importance of parameter
setting to tune each model to handle more images, or the importance of not relying on
only one technique when the dataset consists of different images. Exploiting the existing
models with less computation difficulties could lead to a more efficient segmentation
method. In this paper a new level set model is proposed which has the potential to
be beneficial in follow-up RT image analysis due to the absence of ground truth in
these images. The robustness of this method relies on the ability of combining different
models while compensating the error of any single method. The parallel level set model
combines Chan-Vese and Li models and averages them in each iteration of operation.

2 Existing Level Set Models

Level set defines the propagating front as the zero level set of a higher dimension on
function φ, where the height (z axis) corresponds to the minimum distance from each
point in a rectangular coordinate (image plane) from the contour C. To start with this
evolving function, an initial value (initialization) is needed. Level set can be initialized
automatically or semi-automatically in two or more phases depending on the decision
of the user on how many different batches of segmentation are expected in an image.
The two-phase level set method segments the image into two regions. Wherever three or
four-phase level set methods exist, they can divide into three or four categories respec-
tively by applying two separate level set functions at the same time. Re-initialization
is repeated during evolution to prevent the occurrence of sharp corners and prevent
flatness by calculating new φ values depending on the specified speed function.

2.1 Chan-Vese Level Set Model

In the 1990s Chan-Vese developed Osher-Sethian’s model by applying an energy min-
imization model instead of PDE, which allows automatic detection of interior contours
[CV1,CV2]. This is performed by using a piecewise constant and piecewise smooth op-
timal approximations proposed by Mumford-Shah [MS1]. They also proposed a two-
phase level set method without edges that could segment the image into two regions



3

and developed their model further to deal with vector-valued images, which performed
robustly in the presence of noise. In 2002, they presented a multi-phase level set method
that uses the log numbers of the level set function to separate n phases by using piece-
wise constant [CV3].

Two-Phase Chan-Vese without Edges Chan-Vese proposed the two-phase level set
method without edges firstly. The main improvement in this version of the Chan-Vese
method is the simplification of the energy functional which is based on the mean in-
tensity values in each region of the level set (inside or outside in two-phase) which are
c1 and c2 in an image I in a closed subset in ω and φ is the level set. At each iteration
the values of c1 and c2 change and must be recalculated based on the level set of a new
region to calculate a new speed function as:

F (c1, c2, φ) =

∫
Ω

(u0 − c1)2H(φ)dxdy

+

∫
Ω

(u0 − c2)2(1−H(φ))dxdy +

∫
Ω

|∇H(φ)|
(1)

c1 and c2, which are defined as:

c1 =

∫
Ω
(1−H(φ(x, y)))(I(x, y))dxdy∫

Ω
1−H(φ(x, y))dxdy

(2)

c2 =

∫
Ω
(H(φ(x, y)))(I(x, y))dxdy∫

Ω
H(φ(x, y))dxdy

(3)

H is the Heaviside function,

H(x) =

{
1 if x ≥ 0
0 otherwise (4)

Vector-Valued Image Chan-Vese Method In this model, Chan-Vese extended the
two-phase method to a vector-valued image in 2000 [CV2]. This model is widely used
in colour imaging and video imaging for motion of objects and texture images.

F (c+, c−, φ) =

∫
inside(C)

1

N

N∑
i=1

λ+i |u0,i − c
+
i |

2dxdy

+

∫
outside(C)

1

N

N∑
i=1

λ−i |u0,i − c
−
i |

2dxdy + µ.L

(5)

Multi-Phase Chan-Vese without Edges Chan-Vese extended the two-phase method
to a multi-phase method by using n level sets to segment 2n regions in an image [CV3].
The following equations demonstrate this model for four-phase which consist of two
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level sets. They are initialized separately but the same level set function is applied for
both initializations. The mapping plane shows this growth concept in four-phase clearly.

F (c, φ) =

∫
Ω

(u0 − c11)2H(φ1)H(φ2)dxdy

+

∫
Ω

(u0 − c10)2H(φ1)(1−H(φ2))dxdy

+

∫
Ω

(u0 − c01)2(1−H(φ1))H(φ2)dxdy

+

∫
Ω

(u0 − c00)2H(φ1)(1−H(φ2))dxdy

+

∫
Ω

|∇H(φ1)|+
∫
Ω

|∇H(φ2)|

(6)

c11 = mean(u0) ∈ {(x, y) : φ1(t, x, y) > 0, φ2(t, x, y) > 0}
c10 = mean(u0) ∈ {(x, y) : φ1(t, x, y) > 0, φ2(t, x, y) < 0}
c01 = mean(u0) ∈ {(x, y) : φ1(t, x, y) < 0, φ2(t, x, y) > 0}
c00 = mean(u0) ∈ {(x, y) : φ1(t, x, y) < 0, φ2(t, x, y) < 0}

(7)

2.2 Li Level Set Model

Li developed an edge based level set method based on gradient flow for solving the
inhomogeneity in intensity, which previous methods had difficulty in solving them
[Li1,Li2,Li3]. This model uses the energy minimization technique, similar to the Snake
model, by reducing the fitting energy in image segmentation. This energy is:

FLi(φ) = µP (φ) + λL(φ) + νA(φ) (8)

where,

P (φ) =

∫
Ω

1

2
(|∇φ| − 1)dxdy (9)

L(φ) =

∫
Ω

g(I)δ(φ)|∇(φ)|dxdy (10)

A(φ) =

∫
Ω

g(I)H(−φ)dxdy (11)

and

g(I) =
1

1 + |∇Gσ ∗ I|p
, p ≥ 1 (12)

where µ is the penalizing coefficient, λ is the coefficient for length and ν refers to the
area. The ratio of λ and ν defines the stopping point of level set evolution because both
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of these terms contain edge information. The length term keeps the contour tight and the
area helps the expansion of the contour. P (φ) is a penalty term in the energy functional
that is used to level set periodical during evolution. The stopping operator, g is based
on a Gaussian Kernel that forces the level set to converge to zero when approaching the
edges. σ is the standard deviation, L represents the length of the contour with respect
to the stopping operator of g as its weight and A is the speed controller of the evolution
which makes the contour to shrink if the ν is positive and tends to expand when the ν
is negative.

3 Proposed Level Set Models

Poor parameter choice can significantly, and detrimentally, change the performance of
a robust model. Therefore, the parameter setting has to take advantage of all existing
information. The usage of level set segmentation as the current models are very much
dependent on their parameter setting and finding appropriate parameters is particularly
challenging in the absence of any ground truth on the data. Therefore a new level set
technique is proposed for this matter. First, the parallel level sets in vector-valued image
model can choose the best force calculation in each iteration as it has two different
level set models competing with each other and takes the average of their force in each
iteration. This model benefits from the strength of two models and minimizes any error
that could arise with a single model based technique. Second, the parallel level sets is
extended in multi-phase technique which can apply different level set models or the
same model with different parameters to segment different objects. The multi-phase
level set model so far depends on the same level set model applied at the same time
with different initialisations.

3.1 Proposed Parallel Level Sets in Vector-Valued Image Model

A new level set configuration is presented based on the concept of vector-valued imag-
ing introduced in Section 2. The concept of a vector-valued image in level set is intro-
duced first by applying the two-phase Chan-Vese method at the same time on different
images, such as different RGB channels or different texture images, and averaging the
force value in each image at each iteration as shown in Figure 1.

The success of the vector-valued Chan-Vese is in using different features of an im-
age. It needs pre-processing of the image to obtain the features, before applying the
same two-phase Chan-Vese on all layers. The proposed vector-valued image model in
this paper does not require different features of an image but it applies different level
sets on the same image at each iteration. This parallel implementation of different level
sets on the same image takes advantage of the original image while engaging with the
other level set performance by averaging their forces in each iteration. The proposed
model is illustrated in Figure 1.b. and Equations (13) to (14).

In the proposed approach, the combination of the Chan-Vese and the Li models
were used but any other model could be used. The rationale is to exploit the advantages
of both techniques at each iteration, for example the Chan-Vese model works well for
blurred edges while the Li model for sharp ones. Different level sets can also be used
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Fig. 1: a. Vector-valued Chan-Vese on RGB channels, b. Proposed parallel level sets in vector-
valued image.

but with different sets of parameters. This implementation is beneficial when the user
does not know the best set of parameters to tune the model. The force of the level set is
modified at each iteration by calculating the average force of both methods.

F =
1

2
(FLi + FCV ) (13)

Equation (13) defines the averaging equation for forces which happens in each it-
eration that new forces are obtained from each model. Finally, to reinitialise level set,
new φ should be calculated from Equation (14).

φ(x, y, t+ 1) = φ(x, y, t) +∆t.F (14)

where ∆t is the step size.

3.2 Proposed Parallel Level Sets in Multi-Phase Method

The proposed parallel level sets model in Section 3.1 can be extended to a multi-phase
model. The current multi-phase models usually apply the same model twice with a dif-
ferent initialization for the same model. The original multi-phase level set method can
fail after a large number of iterations because detected regions from different phases
become the same as the level set characteristics and parameters for different phases are
the same. Also, as different objects in an image are expected to have different specifica-
tions, different level sets can detect them better than the same model. Figure 2, Equation
(15) and Equation (16) illustrates this model.

This model also can use the same methods such as the Chan-Vese but with a differ-
ent set of parameters like the proposed model in Section 3.1. It is actually less complex
to use the same model with different initialization and different parameters. In this case
each level set and the different regions can be calculated in a similar fashion to Equa-
tions (6) and (7) but different parameters of each level set in PDE can define the new
level set differently.
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Fig. 2: Proposed parallel level sets in multi-phase shape.

∂φ1
∂t

= δ(φ1)[ν1div(
∇φ1
|∇φ1|

)

−
(
(u0 − c11)2 + (u0 − c01)2)

)
H(φ2)

+
(
(u0 − c10)2 + (u0 − c00)2))

)
(1−H(φ2))]

(15)

∂φ2
∂t

= δ(φ2)[ν2div(
∇φ2
|∇φ2|

)

−
(
(u0 − c11)2 + (u0 − c01)2)

)
H(φ1)

+
(
(u0 − c10)2 + (u0 − c00)2))

)
(1−Hs(φ1))]

(16)

where ν1 and ν2 are weighting parameters that has been selected differently.

4 Discussion of Proposed Parallel Level Sets

Initially a comparison on non-medical images was carried out, as these had the benfit
of ground truth, and this is shown in Figure 3, where each row shows the performance
of one of the Chan-Vese and Li methods on different test images: a. test images, b.
two-phase Chan-Vese [CV1], c. multi-phase Chan-Vese [CV3], d. two-phase Li [Li2],
e. multi-phase Li [Li1] and the proposed model is shown in row f. as the parallel level
sets in vector-valued imaging.

In Figure 3, rows b. and c. show the result of applying the Chan-Vese model in
two and four-phases for different medical images. The improvement of the four-phase
level set compared to two-phase is obvious and results from considering more regions
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Fig. 3: Non-medical image segmentation with different level set methods: a. test images, b. two-
phase Chan-Vese [CV1], c. multi-phase Chan-Vese [CV3], d. two-phase Li [Li2], e. multi-phase
Li [Li1]. and f. proposed parallel level sets in vector-valued imaging on test images (red is the
initial level set and green is the level set segmentation).

of interest. Rows d. and e. illustrate Li model in two and four-phase respectively. The
proposed configurations of the level set is shown in row f. which can perform better
than Chan-Vese and Li models alone. Also, Figure 4 illustrates the performance of
proposed model combining Chan-Vese and Li models compared with vector-valued
and multiphase Chan-Vese as well as multiphase Li. In this figure, four of the non-
medical images which have ground truth are chosen and its similarity with the level set
segmenting of them was compared by Dice coefficient. The results illustrate the success
of the proposed model over its original forms as parallel level set can perform over 90%
accurate for all of these images. The poor performance of other models can be due to
low contrast of these images. Other images in Figure 3 were not assessed qualitatively
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as their ground truth is not very accurate. The results for these images appear to be
subjective assessment through satisfactory compared to the original models.

Fig. 4: Testing proposed parallel level sets in vector-valued and multi-phase level set on test im-
ages with ground truth: a. gourd, b. spiral, c. shapes and d. gradient-ball.

To consider the suitability of proposed level set model on follow up medical images,
two different image modalities were chosen. These images consist of brain MRI and
lung CT. Follow-up cone beam CT (CBCT), where CBCT is the only image modality
available throughout the whole course of RT. CBCT is generally used in the mechanical
procedure of adjusting patient position before starting each session of treatment and
is not generally used by clinicians for monitoring the tumour. The brain MRI dataset
consists of 20 patients who suffered from Glioma from BRATS 2015 [MB1], where
the GTV is known for these images. The Dice coefficient is 84% for 20 patients shown
in this figure which is higher than Li and Chan-Vese models. In Figure 5, the better
performance of proposed model is shown for only one selected slice.

Figure 7 shows the Dice coefficient performance of proposed model compared to Li
and Chan-Vese models on the follow up CBCT images of lung cancer RT. This dataset
includes twenty patients who suffered lung cancer and underwent an RT in 2010 and
2011 at the Western General Hospital, Edinburgh, Scotland. All of these patients went
through the whole course of treatment over approximately four weeks. CBCT #10 are
most commonly used as the oncologists are keen to know the effect of RT while one
third of treatment is done.

The proposed model can show the expected shrinkage in this period while Li model
has very high values for the Dice coefficients and Chan-Vese model was so low. Also,
Figure 7 illustrates some qualitative analysis for a sample slice per patient in the lung
datasets for the proposed model.
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Fig. 5: Performance comparison of the proposed parallel level sets in vector-valued imaging with
Li and Chan-Vese models on a slice of brain MR image chosen from 20 patients, GTV is shown
in green and the outcome of level set models in blue.

Fig. 6: Dice coefficient analysis of proposed parallel level sets in vector-valued imaging compared
to Li and Chan-Vese models on lung CBCT #10 for 20 different patients suffered from non-small
cell.

5 Conclusions

This paper shows the formation of a new level set model in the application of medical
image analysis when the ground truth is not available, specifically on follow up RT med-
ical image segmentation. This model has advantages by combining both Chan-Vese and
Li models where both models provide satisfactory results. Using existing models, the
parameter settings should be tweaked manually which is both time consuming and chal-
lenging, by combining these models single parameter settings can be used by multiple
image sets while still maintaining higher accuracies. Different test images in medical
and non-medical shapes were used to illustrate the performance of existing Chan-Vese
and Li models compared to the combined proposed model. The Dice coefficient of the
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Fig. 7: Performance of proposed parallel level sets in vector-valued imaging compared to Chan-
Vese and Li models on lung CBCT #10 for 20 different patients suffered from non-small cell lung
cancer (GTV in red colour delineated before starting RT and blue contour represents the result of
proposed model).

combined proposed model presents a higher accuracy level compared to each of the
previous models. The medical datasets consisted from famous BRATS 2015 in MRI
modality of brain and the lung CBCT images for the follow up RT treatment. The Dice
coefficient showed 84% of similarity between the proposed model and the GTV in aver-
aging 20 patients form BRATS dataset. For the follow up CBCT images, this similarity
was 67% while using the GTV delineated before RT. This new model enables the free-
dom of two or more level sets to run in parallel on the same image in each iteration
to compensate each other’s performance and therefore requires less manual parameter
tweaking. The concept can be used in vector-valued image level set or multi-phase level
sets.
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