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Background: Parotid ducts (PDs) play an important role in the diagnosis and treatment of parotid lesions. Seg-
mentation of PDs from Cone beam computed tomography (CBCT) images has a significant impact to the path-
ological analysis of the parotid gland. Although level set methods (LSMs) have achieved considerable success in
medical imaging segmentation, it is still a challenging task for existing LSMs to precisely and self-adaptively
segment PDs from parotid duct (PD) images with both noise, intensity inhomogeneity, and vague boundary.
In this paper, we propose a novel Self-adaptive Weighted level set method via Local intensity Difference (SWLD)
to comprehensively solve the above issues.

Method: Firstly, a new adaptive weighted operator based on local intensity variance difference has been proposed
to overcome the limitations of previous LSMs that are sensitive to parameters, which achieves the aim of
automatic segmentation. Secondly, we introduce local intensity mean difference into the energy function to
improve the curve evolution efficiency. Thirdly, we eliminate the effects of intensity inhomogeneity, noise, and
boundary blur in the parotid image through a local similarity factor with two different neighborhood sizes.
Results: Using the same dataset, segmentation of PDs is performed using the proposed SWLD algorithm and
existing LSM algorithms. The mean Dice score for the proposed algorithm is 91.3%, and the corresponding mean
Hausdorff distance (HD) is 1.746.

Conclusion: Experimental results demonstrate that the proposed algorithm is superior to many existing level set
segmentation algorithms, and it can accurately and automatically segment the PDs even in complex gradient
boundaries.

1. Introduction

The diameter, size and angle of the parotid duct are all related to the
clinic and can be indicative of pathological processes, accurate division
of parotid duct is the precondition to study its morphological features,
which has a prominent role in the diagnosis and treatment of parotid
gland disease [1-3]. However, due to the bad factors in clinical image
data caused by atomic scattering and high attenuation, such as noise,
intensity inhomogeneity and blurred border, the segmentation results of
traditional segmentation methods [4-9] are discontinuous, unsmooth
and fail to approach the real boundary of the image. As shown in Fig. 1,
Fig. 1(a) is a result of CBCT examination within 5 min after the patient’s
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left parotid gland injecting with contrast agent, Fig. 1(b) shows the noise
generated by severe attenuation of X-rays passing through highly
attenuated objects (metal materials, etc.). Fig. 1(c) is the corresponding
RadiAnt software reconstruction result. It is apparent from the area
indicated by the blue arrow in Fig. 1(a) that there are blurred edges of
the catheter, heterogeneous intensity and a large number of small par-
ticle targets in the image, which pose great challenges to the actual
segmentation.

LSMs are widely used in image segmentation due to its superior
performance in handing topological changes and smooth behavior
[10-13], especially in the fields of medicine and artificial intelligence
[14,15]. Existing LSM can be generally grouped into two parts:
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Fig. 1. Parotid gland images. (a) The CBCT scan result of parotid duct. (b) Metal strip noise. (c) The RadiAnt Software reconstruction result of the parotid duct.

edge-based methods [16-22] and region-based methods [23-29].
Edge-based methods utilize the gradient information to separate the
desired object from its background, while they are more sensitive to the
boundaries presenting weak gradient magnitude. Region-based models
rely on a certain region descriptor to guide the motion of the active
contour. For example, the classical region-based model proposed by
Chan and Vese [5] (CV model) utilizes the statistical information to
conduct the curve evolution, and the model is initially proposed based
on the assumption that the image is a piecewise constant function to
solve the Mumford-Shah [30-33] problem. Although CV model has
several advantages (including the less sensitivity to noise and bound-
aries) over the edge-based methods, the method could not accurately
segment the detailed images of the PDs due to only considering the in-
tensity level information of the global region.

In order to overcome the shortcoming that the global region cannot
express the image information well, Li et al. [7] proposed the local bi-
nary fitting active contour model (LBF) based on local area by intro-
ducing the local information of image in energy functional, which can be
effective in processing images with intensity inhomogeneity. However,
the model is sensitive to parameters and can’t converge to the correct
edge of the image adaptively when processing noise and boundary blur
images. Niu et al. [34] proposed the Region-based model via Local
Similarity Factor (RLSF) model with strong robustness to noise, while
this method does not solve the problem of parameter sensitivity, and it
also has flaws in processing images with rich intensity levels and weak
gradient edges.

Based on above analysis, we design a novel level set method to
improve the performance of PDs segmentation. In this work, we make
three main contributions: first, the difference between the internal and
external intensity mean values of the contour is added to the energy
function, which accelerates the curve convergence. Second, the neigh-
borhood mean value operator is used to calculate the local neighbor-
hood intensity mean value. While expressing the local image
information, the image is smoothed to some extent, eliminating the in-
fluence of partial noise and intensity unevenness on the segmentation
result. Third, the homogeneity difference between internal and external
local neighborhoods substitute for 4; and A in the LBF model as the
control items of internal and external local energy parameter values,
which solves the problem that the model is sensitive to parameters, and
improves the evolution efficiency of the curve.

2. Materials and methods
2.1. Image data

We employ a collection of PDs images from 53 different patients
acquired at the Hospital of the stomatology of the Sun Yat-sen Univer-
sity. For every patient, the CBCT (DCT Pro, EWOO, Korea) images were
taken within 5 min after introducing the iodinated oil into the orifice of
the parotid duct. The following imaging parameters were used: 5mA,
90-95KkV; field of vision, 16 cm x 16 cm x 10 cm; slice thickness,
0.4mm; Axial plane resolution, 0.3 x 0.3 mm? We invited an

experienced physician manually delineated the PDs (including the uni-
lateral and bilateral PDs) on CBCT images.

2.2. Principle of the proposed SWLD method

Motivated by the strengths of RLSF model in noise image segmen-
tation, we introduces a local similarity factor (LSF) with two different
neighborhood sizes to reduce the effects of noise and preserve image
details. In fact, for a given image I(x) (x€€2), 2 is the image domain, the
intensity of each pixel is similar to the intensity of the corresponding
neighborhood. In the algorithm of this paper, the neighborhood corre-
sponding to each center point consists of two parts: a square neighbor-
hood of size p x p and a circular neighborhood of radius r (generalr > p).
The LSF is defined pixel-by-pixel within the image I as:
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Where Nj is the local square neighborhood of the center point x, and y is
the pixel point in the local neighborhood, d(x, y) denotes the Euclidean
distance between them. Obviously, the weight of the pixel in the
neighborhood is determined by its corresponding to the Euclidean dis-
tance from the center point, which controls the balance between
reducing the noise effect and retaining the image details. LM denotes the
local neighborhood intensity mean value of the center point x, it is
calculated as:
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With the weight factor of the circular neighborhood R(x, y) defined as:
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N is the number of pixel points in the local circular neighborhood of
the center point x (including the x point), r is the radius of the local
circular neighborhood. It can be seen from Eq. (3) that the smoothing
operator is used to calculate the circular neighborhood weight value,
therefore the effects of noise and intensity inhomogeneity are eliminated
to some extent.

In addition, in order to increase the performance of the proposed
method in the efficiency of segmentation and achieve the goal that the
weights can be changed adaptively during the segmentation process, we
introduce two new concepts of local intensity information: the mean
difference (LMD) and the variance difference (LVD). The LMD reflect the
intensity divergence between the inner and outer contours. When the
value of LMD is large, the evolution curve contour will be close to the
edge of the real targets, and the energy is approached to the minimum
value. Therefore, we use it as part of the energy term to speed up the
energy convergence of the curve. On the other hand, the LVD represents
the homogeneity divergence between the inner and outer local region,
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Table 1
The proposed SWLD algorithm.

Input:Imageland model parameters puvye,At,rand p

1. Initialize LSF ¢®);

2. Calculate the Euclidean distanced(x,y) and the circular neighborhood weighting
factor R(x,y)via Eq. (3);

for t=1,2 . Iter do

3. Calculate the local intensity mean valueLM; (x)andLM>(x) according to Eq. (4);
4. Calculate the local similarity factor (LSF):

2
= Jiyenos \I(y);(iil\;l,;@)ldy’ LSF(x,LMj(x)) =
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5. Calculate the local mean difference ¢“MP and the local variance difference ; and
ayvia Eq. (7) and Eq. (8);
6. Calculate the evolution equation:
)
ot

LSF(x, LM (x

= 6.(p(x))[aaLSF(x, LM (x)) — a1 LSF(x, LM (x)) + €"MP]
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7]
7. Update the LSF: 1) = ¢® 4 EAt
end for

(Iter)

Output: Level set function ¢ after iteration Iter times

which can change constantly according to the gray uniformity of the
local neighborhood and automatically adjust the path and direction of
the curve motion in the curve evolution process. We replace the pa-
rameters A; and A, in the LBF model with the local variance difference a;
and a as the weight control term of the local energy parameter values
inside and outside the contour. The local neighborhood intensity mean
value inside LM;(x) and outside LM2(x) the contour of the pixel can be
formulated as:

Step1:Regional growth segmentatlon
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Table 2

Parameters used in the LMD part, the LVD part, the LSF part and the SWLD part.
The symbol v, u,e,At are parameters of the penalty term and length constraint
term, and their values do not change.

SYMBOL Quantity LMD LVD LSF SWLD
part part part part
v Length term constant 0.5 x 0.5 x 0.5 x 0.5 x
2552 2552 2552 2552
u Regularization constant 1.0 1.0 1.0 1.0
€ Dirac constant 1.0 1.0 1.0 1.0
At Time-step 0.1 0.1 0.1 0.1
v negative constant - -1.0 -1.0 -1.0
M Internal energy term - 1.0 - -
coefficient
A2 External energy term - 1.0 - -
coefficient
P The rectangular 5x 5 5x 5 - 5x 5
neighborhood window
r the circular 7.0 7.0 - 7.0
neighborhood radius
Table 3

Comparison of different parts on Dice metric and HD for parotid gland seg-
mentation on 28 unilateral images and 25 bilateral images.

Methods The unilateral PD 28 cases The bilateral PD 25 cases
—  Dice HD(mm) Dice HD(mm)
LMD part 0.704 77.944 0.802 31.330
LVD part 0.765 41.035 0.561 114.015
LSF part 0.559 30.294 0.379 81.181
SWLD part 0.916 1.845 0.909 1.634

|Reg|ona|I
rowth

|—n

Growth result

|
| |
| swwo |

l algorithm |
I

Fig. 2. Flow chart of 3D parotid gland segmentation algorithm.
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Fig. 3. An example showing the performance of the SWLD method with or the one without LMD. (a) Original image with ground truth (red). (b) The result of SWLD
without LVD (green). (c) The result of SWLD with LVD (yellow). (d) The LVD value comparison between SWLD with LMD and without LMD. (e) The number of
iterations required for the convergence of LVD value in the process of segmentation of 20 images randomly extracted from dataset.
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H.(p(x)) and S.(p(x)) are the Heaviside function and the Dirac
function, which guarantee the smoothness of curves and ensure that the
level set function after each curve evolution is a symbolic distance
function [35].

Ho(p(x)) = % (1 + %arctan(@))

1 &
T+ (o)
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LMD

Then the corresponding local mean difference ¢~ and local vari-

ance difference a; and a, are calculated as:

£MP =y / |LM (x) — LM, (x)*dx 7
[P aM(x) - M (x)F 0
e [(LMy(x))
1 ®
o |72 (LM, (x)) — (LM (x)) i
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Where vy is a negative constant, I'(Y) represents the standard deviation of
Y. The internal uniformity of the curve can be considered lower than the
external uniformity when the local intensity variance inside the evolu-
tion curve is larger than the external (I"(LM;(x))>I"(LMz2(x))). At this
time, the weight of the internal energy of the curve should be increased
to lower its impact on the curve evolution; conversely, increase the
proportion of external energy of the curve. The energy function takes the
minimum value and the algorithm obtains the optimal or approximate
optimal solution when the homogeneity difference between the two is
small enough. In summary, the total energy functional of the proposed
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Fig. 4. An example showing the performance of the SWLD method with or the one without LVD. (a) Original image with ground truth (red). (b) The result of SWLD
without LVD (green). (c) The result of SWLD with LVD (yellow). (d) The overlapping image of (a), (b) and (c). (e) the LVD variants value of SWLD with LVD.
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Where y and v are fixed positive parameters, ¢ is a level set function, the
first and second term are the distance penalty term and the evolution
curve length constraint mentioned in Ref. [36], respectively. Using the

gradient descent method, the total energy functional is minimized to
obtain the corresponding curve evolution equation as:

o s(ve-n(35) ) oo 35)

a6, (p(x) )LSF (x, LM, (x) )
— 6 (¢(x) )LSF (x, LM;(x) )
+8:(p(x) )P

10)

Where ¢"MP 4, and a; are given by Eq. (7) and Eq. (8) respectively, and
8¢ is the Dirac function, given by Eq. (6).

2.3. Algorithm implementation

In the RLSF model, the incompressible two-phase flow algorithm is
used to re-initialize the level set to ensure the smoothness of the evo-
lution curve [34]. The algorithm of this paper applies the LBF model,
which can also ensure the smoothness of the curve evolution process
without re-initialization. The proposed SWLD algorithm is summarized
in Table 1. In the 3D parotid gland segmentation, we use the SWLD al-
gorithm to correct the segmentation results of the traditional regional
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Fig. 5. An example showing the performance of the SWLD method with or the one without LSF. (a) Original image with ground truth (red). (b) The result of SWLD
without LSF (green). (c) The result of SWLD with LSF (yellow). (d) The overlapping image of (a), (b) and (c). (e) The LVD variants value of SWLD with LSF.

growth segmentation method according to the local intensity difference
of the image and its spatial structure information, Fig. 2 is the flow chart
of the 3D algorithm. In step1, the seed layer and the corresponding seed
point are first selected from the original image to complete the region
growth, and the preliminary segmentation result is obtained. In step 2, it
is used as the initial contour of the three-dimensional SWLD algorithm,
and finally an accurate three-dimensional segmentation result is
obtained.

3. Experiments and results

In the case of CBCT parotid data, linear normalization is performed
slice by slice according to the intensity information without changing
image size. We performed two-dimensional and three-dimensional PDs
segmentation experiments on these data in order to demonstrate the
performance of the proposed algorithm. The size of most parotid images
is 500 x 500, and only 5 cases with the size of 400 x 400 in the unilat-
eral PDs images.

To show an improvement in the feasibility and robustness of the
SWLD algorithm, we further performed a segmentation experiment on
both the unilateral and bilateral parotid duct images, and compared the

SWLD models with the CV model, LBF model and RLSF model. The ex-
periments presented in this section executed on a PC with Intel(R) Core
(TM) 3.60 GHz CPU and 8.0 GB RAM using Matlab R2014b software.

3.1. Evaluation metrics

We further assessed the performance of the SWLD model quantita-
tively by employing two widely used metrics: Dice and Hausdorff Dis-
tance (HD) [37]. Let V(A) and V(B) be the volume of the ground-truth
segmentation, Hj; = maxaca(minpepd(a, b)), Hy = maxpep(mingecad(a,
b)), and d(a, b) is the Euclidean distance between two points a and b.
Dice and HD can be defined as:

2V(ANB)

m HD = max(H,, H,) an

Dice =

3.2. Quantitative comparison of segmentation results

In this section, we will conduct step-wise comparisons to evaluate the
validity of each of the components presented in Section 2. The experi-
ments are divided into four parts, i.e. The LMD part, The LVD part, The
LSF part and The SWLD part. The parameter configuration of four parts
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Fig. 6. (a)-(d) Segmentation results of SWLD with a radius size 3,7,10,15 pixels, respectively (window size p =5 x 5). (e) The LVD value recorded at each iteration.

Remaining parameters were set to v = 0.5*2552, Iter =10000, y = —1.0, p=1.0.

are shown in Table 2. Note that LMD part denotes that SWLD without
LMD, LVD part denotes that SWLD without LVD, and LSF part denotes
that SWLD without LSF. The comparison results of Dice metric and HD
for the PDs segmentation are shown in Table 3. In LMD part, we present
a preliminary convergence analysis by comparing the energy function
with LMD and the one without LMD to the number of iterations required
for the same segmentation effect. The variance difference and local
similarity factor are still utilized. In LVD part, the values of 1; and 4, are
set to a fixed positive parameter 1.0 (represent the case without LVD),
and the local variance difference a; and a, replace them as the control
term of the local energy weights (represent the case with LVD). Simi-
larly, in LSF part, the energy term uses the energy term of LBF model, but
the energy control term still uses LVD and introduces LMD, which means
the case without LSF. In SWLD part, all components (including LMD,
LVD and LSF) are utilized.

A total of 53 parotid gland images were tested to judge the superi-
ority of each component. Note that the result of the proposed SWLD
method yields the highest Dice value of 0.916 and the lowest HD of
1.845 in Table 3. These prove that the overall improvement for the
segmentation accuracy brought by simultaneously utilizing our pre-
sented LMD, LVD and LSF is much more than that of the individual part.
Comparing with the LVD part and LSF part, the LMD part produce more
stable segmentation results in terms of the Dice metric. However, it does
not perform well in the terms of HD metric with a value of 77.94 for
unilateral PD segmentation. Secondly, from the experiment results of the
bilateral segmentation, we can see that LVD part does not obtain
competitive HD values, but it perform better Dice value than the LSF

part. In the LSF part, the SWLD without LSF performs worst in both
unilateral and bilateral PD segmentation, which can be inferred that LSF
occupies an important position on the motion of the evolutionary curve.

3.3. Qualitative comparison of segmentation results

In this section, we will qualitatively evaluate the performance of the
SWLD model by comparing its results with each component in Section 2.
Fig. 3 shows in (a) the original PD image with the initial contour (green),
(b) and (c) segmentation of the SWLD method without LMD and SWLD
with LMD respectively, (d) the LVD variants value. We can see that the
segmentation result generated by SWLD without LMD is not very precise
in Fig. 3 (b), where some foreground regions are not segmented. Fig. 3
(c) is the segmentation result of SWLD with LMD, where more particle
targets are segmented. Besides, Fig. 3 (d) illustrates that SWLD with
LMD converges much faster than it without. Fig. 3 (e) shows the number
of iterations required when the LVD value converges in the 20 PD images
randomly selected from the data set, which also demonstrates that the
introduction of LMD can accelerate the convergence of weights of local
energy terms. Similarly, Fig. 4(a) is the ground truth, Fig. 4(b) and (c)
visually shows the segmentation results of the SWLD method with LVD
and it without. Fig. 4 (d) is the overlapping image of the three, It is
apparent from the area indicated by the blue arrow that the result of
SWLD with LVD is closer to the ground truth. It shows that SWLD can
still automatically adjust the value of LVD even on the fuzzy boundary to
ensure that the curve approaches the real boundary. In Fig. 4(e), the LVD
variants (a;andas) value of SWLD with LMD converge to 0.75 and 1.3,
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Fig. 7. (a)-(d) Segmentation results of SWLD with a window size 3 x 3,5 x 5, 10 x 10, 15 x 15, respectively (radius size r = 7.0). (e) The LVD value recorded at each
iteration. Remaining parameters were set to v = 0.5*2557, Iter = 10000, y = —1.0, = 1.0.

respectively. However, in the traditional method, these two values are
fixedly set to 1.0. Obviously, our method can overcome the influence of
parameters on the segmentation effect and automatically adjust the
weight values. In addition, it can be observed that from Fig. 5 (d) that
there is metal strip noise around the area indicated by the blue arrow,
and the SWLD without LSF does not divide the corresponding fine par-
ticle target. However, the SWLD with LSF accurately divides it. Fig. 5 (e)
shows SWLD with LSF converges much faster than it without, and the
LVD value of SWLD without LSF varies unsteadily due to noise during
the evolution of the curve, which demonstrates that SWLD improves
performance on noise by introducing LSF.

We also evaluated the effects of two parameters (radius and window
size) on the LVD’s convergence rate. Fig. 6 shows the results of varying
the radius while maintaining a constant window size, and Fig. 7 shows
the results of varying the window size while maintaining a constant
radius. We can observe that choosing a small radius can speed up the
curve convergence when the window size is determined. Classically, the
window size should be less than radius. From the results, it can be
observed that the final evolution curve approaches the target boundary,
but depended highly on the selection these parameters. This fact high-
lights the need of an appropriate parameter selection dependent of the
nature of the object to be segmented.

3.4. Comparison with different algorithms

Fig. 8 displays the segmentation results of different algorithms after
adjusting to the optimal parameters. Fig. 8(a) is the original image with

initial contour (red) and ground truth (green), the image contains many
fuzzy boundaries, and there are other weak gradient boundaries and
noise. Fig. 8 (b) is the result of CV model segmentation. It can be clearly
seen that the evolution curve finally stays on the boundary between two
uniform intensity areas, and the target region is not further refined.
Fig. 8(c) is the segmentation result of the LBF model. The final evolution
curve only stays in part of the target area. Comparing with CV model, it
considers the local information of the image and performs relatively
well. Nevertheless, it does not segment some noisy target regions. Fig. 8
(d) is the segmentation result of the RLSF model, we can see that most of
the target regions more accurately and preserves the boundary details,
but here are still a few areas that are not segmented. Fig. 8(e) shows the
segmentation result of the SWLD model. It can be observed that even for
small particle targets, the final evolution curve can accurately stay at its
boundary, which demonstrates that the local neighborhood’s intensity
difference and LSF is capable of enhancing the ability to manage the
intensity inhomogeneity and noise.

Fig. 9 shows the comparison Dice and HD result of the different
models evaluated in the 53 parotid gland images. The achieved mean
Dice coefficient results from PDs segmentation in other methods are
significantly lower than SWLD and reported to be 0.5%, 73.2%, 82.6%,
and the corresponding mean value HD are 365.40 mm, 68.54 mm,
29.91 mm, while the SWLD with a Dice of 91.3% and a HD of 1.746 mm.
The details can be seen in Table 4, it is not difficult to observe that LBF
performs relatively poorly in bilateral parotid segmentation experi-
ments, while RLSF has a better and more stable performance.
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Fig. 8. The comparison with four level set
methods on parotid duct segmentation. (a)
The unilateral parotid gland images corre-
sponding first to third row, the bilateral pa-
rotid gland images corresponding fourth to
end row. (b)-(e) Segmentation results of CV
model, LBF model, RLSF model and SWLD
model, respectively. The initial contour (red)
and ground truth (green) are overlapped to
the image in the first column, and the final
evolution curve is indicated by a red outline.
Remaining parameters were set to
v = 0.5%255% Iter=2000, y=-1.0,
p=5x5,r=7.0, u=1.0.

(b)

3.5. Three -dimensional parotid image segmentation experiment

In order to show the segmentation results of the parotid gland more
intuitively, we performed a segmentation experiment of the three-
dimensional parotid gland image. We constructed 3D SWLD using our
proposed LMD, LVD and LSF. To construct 3D SWLD, all 2D operations
were replaced with their 3D counterparts. Similarly, we obtained a 3D
SWLD algorithm. Fig. 10 shows the results of three-dimensional recon-
struction after algorithm segmentation. Fig. 10 (a) is the result of region
growth, and it is evolved as the initial contour of SWLD algorithm,
Fig. 10(b) shows the final result after 20 iterations. Obviously, the result
of region growth contains stepped intensity, surface burrs and uneven-
ness, after SWLD algorithm, the surface becomes smooth and contin-
uous, which is due to the introduction of the original image boundary

(d)

information in the segmentation process. The local intensity difference
information corrects the incorrect segmentation points on the complex
gradient boundary, and the correct segmentation result is obtained. In
terms of the Dice metric and HD, the SWLD method yields mean Dice of
90.4% and mean HD of 2.746 mm, which illustrates that 3D SWLD al-
gorithm can obtain the most competitive segmentation results which are
closest to the ground truth.

4. Discussion

Fig. 11 depicts the Dice and HD values of the each single component
segmentation method for the whole data set. From the comparing re-
sults, one can be see that SWLD achieves the best Dice and HD value.
Additionally, it has fewer outliers and more stable than other parts for
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Fig. 9. Boxplot of the Dice and HD calculated for 53 parotid gland images. (a) HD results of four level set methods on parotid duct segmentation, (b) Dice results of

four level set methods on parotid duct segmentation.

Table 4
Comparison of different level set methods on Dice metric and HD for parotid
gland segmentation on 28 unilateral images and 25 bilateral images.

The unilateral PD 28 cases The bilateral PD 25 cases

Dice HD(mm) Dice HD(mm)
(9% 0.002 459.197 0.009 260.357
LBF 0.766 36.949 0.694 103.93
RLSF 0.846 27.107 0.803 33.055
SWLD 0.916 1.845 0.909 1.634

each metric. Note that the most Dice values of LVD part are going to be
close to the SWLD part, but there are still five outliers. The overall
performance of LMD part is the worst. From these we can infer that the
introduction of LVD enhances the stability of the model’s segmentation
effect on PD images, while LMD improves the segmentation perfor-
mance of the model.

In Fig. 8, the original image exist metal strip noise and possess
boundary ambiguity, facing this challenging, the CV model performs the
worst because of only considering the intensity information of the global
region during the segmentation process, and does not focus on the local
details. Similar to the CV model, Lie et al. [38] proposed a PDE-based
(Partial Differential Equation) level set method by introducing a piece-
wise constant level set function, but it also only pays attention to the
global intensity information. To overcome this issue, Zhang et al. [39]
proposed the LIF (local image fitting) model, which introduces local
image fitting (LIF) energy to extract the local image information, but it
performs poorly on images with noise and blurred border. Shortly
thereafter, Zhi et al. [40] proposed the SDREL (Saliency Driven
Region-Edge-based top down Level set method), which solves the
boundary leakage problem. However, it is sensitive to the weight pa-
rameters of energy terms.

In this paper, we discussed the limitations of traditional active con-
tour model segmentation on PD images, and proposed a novel self-
adaptive weighted level set method based on local intensity difference
for the disadvantages of intensity inhomogeneity, noise and boundary
blur of parotid duct images. The local variance difference is used to
adjust the proportion of the internal and external energy of the curve
contour, so that the curve can adaptively and accurately converge to the
boundary of the target region during the evolution process, which
overcomes the problem that the previous model is sensitive to param-
eters. Moreover, by exploiting the local mean difference as the energy
term and the variance difference as the control term, the curve

10

convergence is accelerated and the curve evolution speed and direction
can be adaptively adjusted, which allows good segmentation results to
be obtained in a few iterations as shown in Fig. 3.

Although this method deliver extraordinary benefits, there are still
some limitations. Firstly, similar to most traditional models [13,24], the
SWLD model does not solve the problem of sensitivity to the initial
contour. Recent works [41,42] proposed solutions to the limitations by
using an adaptive scale for each local region. Piovano et al. [41] pro-
posed the Local Statistic based region segmentation (LSBRS) model,
which tested a specific scale for every point through a Gaussian window.
This method requires pyramid of predefined scales as input, which is
sensitivity to user input regarding scale sizes. To overcome the issue,
Hoogi et al. [42] proposed the adapative local window for level set
segmentation by adaptively estimating the appropriate local window
size for each contour point. However, it has poor performance in images
with noise and intensity inhomogeneity.

In addition, since the resulting Dice and HD metric depend on the
physician’s delineation of parotid ducts on CT image, different doctors
may have different understandings and interpretations even when they
delineate the catheter area with the same image data, so the interob-
server variability should be taken into account. Recent works [43] in-
dicates that different physicians have been reported to be on average
90% among five different observers.

In 3D parotid ducts segmentation, the region growing method and
3D SWLD model are applied to segment parotid ducts. From the results
in Fig. 10, most of the parotid duct branches can be segmented by using
the proposed algorithm, but there are still some defects in the segmen-
tation of some ultrathin catheters.

5. Conclusion

In conclusion, we proposed a novel PD image segmentation method
based on a self-adaptive weighted level set active contour model that
provides improved performance on noise, weak edges, Intensity In-
homogeneity. The method uses a local similarity factor to guarantee
certain noise robustness and then introduces the mean difference and
the variance difference to provide outlines of sufficient detail preser-
vation and improve the evolving efficiency. In terms of experiments, we
have successfully implemented accurate two-dimensional parotid duct
segmentation and extended the algorithm to three-dimensional parotid
segmentation, which may provide reference information for clinicians in
the diagnosis and treatment of parotid diseases. Comparisons with
several representative methods have demonstrated the effectiveness and
the performance of the proposed algorithm.
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