Segmentation of Skin Lesions using Level Set Method
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Abstract: Diagnosis of skin cancers with dermoscopy has been widely accepted
as a clinical routine. However, the diagnostic accuracy using dermoscopy relies
on the subjective judgment of the dermatologist. To solve this problem, a com-
puter-aided diagnosis system is demanded. Here, we propose a level set method
to fulfill the segmentation of skin lesions presented in dermoscopic images. The
differences between normal skin and skin lesions in the color channels are
combined to define the speed function, with which the evolving curve can be
guided to reach the boundary of skin lesions. The proposed algorithm is robust
against the influences of noise, hair, and skin textures, and provides a flexible
way for segmentation. Numerical experiments demonstrated the effectiveness
of the novel algorithm.
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1 Introduction

Nowadays, skin cancer has become one of the most frequent forms of cancer [1, 2].
An early diagnosis of skin cancer is critical for improving the prognosis, because
patients with certain conditions, for example, the melanoma, can have a very high
survival rate if the cancers are detected at the early stages and treated properly [3].
Dermoscopy is a non-invasive imaging technique developed to assist this diagnostic
process, and has been reported to considerably improve the detection rate of skin
cancers [4]. Nonetheless, it was also pointed out that the diagnostic accuracy using
dermoscopy largely depends on dermatologists’ experience [5]. In order to eliminate
this subjectivity, a computer-aided diagnosis (CAD) system is demanded.

The first step of a CAD system is to segment skin lesions in the images; the accu-
racy of segmentation has a deterministic influence on the later analysis. The appear-
ance of skin lesions varies considerably among different skin conditions; meanwhile,
the influences of noise, hairs, skin texture, and air bubbles may appear simultaneously
in the image and make the segmentation even harder. Many algorithms have been
proposed to solve the segmentation problem, and the majority of them are based on
thresholding and clustering. For example, a double thresholding process was used in
[6] to segment the boundaries of skin lesions based on the intensity of the converted
images. A dermatologist-like tumor extraction algorithm and its improved version
were developed in [7, 8] that combined the thresholding with the iterative region



growing for segmentation. A 2D color clustering algorithm was proposed in [9]; a
supervised algorithm based on a neural network and an unsupervised algorithm based
on modified JSEG algorithm were proposed in [10] and [11], respectively.

The level set method was initially developed to track curve evolution in computa-
tional physics; however, it has been successfully applied to many areas of image pro-
cessing [12]. For the segmentation of dermoscopic images, the level set method is less
sensitive to the influence of noise; and the implicit tracking provides an efficient way
to obtain the boundary and the regions of skin lesions simultaneously. Here, a new
algorithm based on the level set method was proposed to fulfil the segmentation task.
Following the statistical features of dermoscopic images in different color spaces, the
contrasts of the lightness and saturation between the skin lesions and the surrounding
normal skin were used as the clues for segmentation and were combined to define a
region-based external force, following which the evolving curve can contract to the
boundary of the skin lesion in a robust way.

In the next section, the level set method is reviewed; then, the proposed algorithm
is introduced, including the equation of motion and the evolution process; afterwards,
numerical experiments are presented, and according to the segmentation results, im-
plementation issues of the algorithm are discussed. In the last section, the conclusions
and perspectives of future work are indicated.

2 Methodology

The level set method was proposed to solve the topological changes during the
curve evolution [13]. In this method, the evolving curve is embedded into a higher-
dimensional level set function ¢(x,y,t) as its zero level set, and the evolution is
tracked by finding the zero level set of the function ¢ (x, y, t) at the time t. The equa-
tion of motion of a level set method is normally written as:
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where ¢ (x, y, t) is the level set function and F is the speed function. The main idea of
using the level set method for segmentation is to model the segmentation as a process
of curve evolution. Hence, a proper speed function needs to be defined, with which
the curve can reach the object boundary and achieve a stable status there.

2.1  Equation of motion

The color distribution of skin lesions is normally inhomogeneous. If the curve
evolves inside the region of skin lesions, it can be easily attracted to the inner bounda-
ries and cause wrong segmentation. Therefore, in the proposed algorithm, the curve
evolution is constrained to contraction in the region of normal skin. By this way, the
initial curves are required to cover the entire regions of the skin lesions. The values of
the level set function ¢ (x, y, 0) are then defined as the signed distance function to the
initial curves with positive (negative) sign inside (outside) the curves.



The lightness difference between normal skin and skin lesions provides an im-
portant clue for segmentation. Nevertheless, the appearance of skin lesions has large
variations among different conditions, and in many cases, its main dissimilarity to the
normal skin is the chromaticity which is often perceptually affected by lightness vari-
ations. Thus, in order to use the color information efficiently, the RGB color space in
the images are converted to the CIE L*a*b* and CIE L*u*v* color spaces. Although
the lightness is separated from the color representation in the two CIE color spaces,
the chromaticity channels a*, b*, u* and v* are coordinates in the color diagram and
are unsuitable to be used directly to define the speed function. Instead, the color satu-
ration was adopted to combine the lightness and chromaticity for segmentation. Satu-
ration is a measure that describes the colorfulness of a color relative to its lightness,
but is not officially defined in the CIE color system. The definition of saturation in
computer vision was adopted here with its value calculated as:
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Then, the equation of motion of the proposed level set model is defined as:
2+ P(x,y) * R(x,y) « (1+ 10|V =0, ©)

where k is the curve curvature; P, (x,y) and Pg(x,y) are the Gaussian probability
density distribution function of the lightness and saturation channels of the normal
skin, respectively. The curvature defined in the speed function acts as the internal
force to smooth the curve during the evolution.

The speed function in Eq. (3) includes the statistical information of lightness and
saturation values of normal skin. However, this information is unavailable before
segmentation; hence, to obtain an approximation of these values, the Otsu’s method
[14] is applied to classify the image pixels based on the lightness values. Supposing
Q, is the set composed by pixels that represent the normal skin according to the clas-
sification of the Otsu’s method, the following region is used to calculate the statistical
values:

Qs = {(x,y)[=50 < ¢(x,y,0) <0} N Q. (4)

The region Qg belongs to a neighboring external band of the initial curves; as the skin
lesions are completely inside the initial curves, this region can provide an approxima-
tion of the statistical distributions of the lightness and saturation of the normal skin.
These statistical values are then updated along with the curve evolution. With Eq. (3),
the evolving curves will contract to the places where either the lightness or the satura-
tion is appreciably different to normal skin.

2.2 Evolution

As referred before, the a*, b*u”, v* channels in the CIE L*a*b* and L*u*v* color
spaces are the positions of a color relative to the color bases and diagram. Their loca-



tions reflect the perceptual difference between the normal skin and skin lesions; pixels
of the same group should have coordinates near each other, and pixels from the dif-
ferent group should have coordinates with a large distance. Accordingly, the image
pixels can be classified into two groups based on their distances to the spatial color
centers of normal skin and skin lesions. Nonetheless, the spatial centers of the two
groups are unknown either. Yet, given that the skin lesions are inside the evolving
curves, a neighboring external region Qg is used to calculate the spatial centers of
normal skin in the color space as:

® = ((x,)|-50 < p(x,y,8) < 0}, ©)

and the internal region of the curve is used to calculate the centers of the skin lesions.
Along with the contraction of the curve, the spatial centers of the skin lesions and the
surrounding normal skin will become more accurate. With the classification based on
the Euclidean distance in the color spaces, the statistical distribution of the saturation
values of normal skin can be better reflected. Hence, the statistical vales are updated

during the evolution in the region Qgt) n ng) where fo) is the set composed by pixels
representing the normal skin at the time t. Additionally, in light with the color classi-
fication, the speed function in Eq. (3) is modified as:

0.5« F(x,y) if (x,y) represents skin lesions at the time t

F(x,y) otherwise (6)

Py =
With the modified speed function, the evolving curve can be further attached to the
boundary of skin lesions.

3 Experiments

An image database containing 68 dermoscopic images was used to test the perfor-
mance of the proposed segmentation algorithm, in which 58 were diagnosed as nevus
and 10 as melanomas. CUDA implementation of the proposed algorithm was adopted
to enhance the computational efficiency. The obtained segmentation results were
quite promising and, for their quantitative analysis, the exclusive-or measure defined
below was used to evaluate the difference between the ground truth and the segmenta-
tion result:

D(C,y, Cy)) = Area(inside(Co) (&) inside(Cl))/Area(inside(CO)), @)

where C, is the ground true boundary, C, is the contour obtained by the algorithm,
and @ is the exclusive-or operator. Fig. 1 illustrates four segmentation examples in
the image database; one can verify the robustness of the proposed approach against
the different imaging conditions. For the proposed algorithm, the mean and the stand-
ard deviation of the exclusive-or measure on this image database are 0.1036 and
0.0485, respectively.

There is no restrict on the shape of the initial curves in the proposed algorithm;
however, the initial curves are required to cover the complete region of the skin le-



sions. If the neighboring region of the initial curves is affected appreciably by un-
wanted influences, the algorithm may not achieve satisfactory results; to avoid this
situation, the initial curves are defined manually. Meanwhile, in the segmentation, the
size of the neighboring region of the evolving curves affects the statistical information
of normal skin around the skin lesions. A larger neighboring region around the initial
curve can capture the variations of normal skin more accurately, but is more likely to
introduce unwanted influences. The band size was chosen as 50 in the experiments
and led to satisfactory results.

(©) (d)
Fig. 1 Segmentation examples using the proposed algorithm, red contours — segmentation re-
sults of the proposed algorithm; blue contours — ground truths: (a) image with nevi,
D(Cy, C;) = 0.0833; (b) image with melonoma, D(C,, C;) = 0.1590; (c) image with
nevi, D(Cy, C;) = 0.0868; (d) image with melanoma, D(Cy, C;) = 0.0447.

4  CONCLUSION

A novel level set method was proposed to segment skin lesions. The proposed al-
gorithm combines the various information contained in dermoscopic images, and
defines the speed function based on the converted color channels. Numerical experi-
ments illustrated the effectiveness and robustness of the algorithm, and the implemen-
tation issues were discussed based on the tests.

The differences between the skin lesions and normal skin were efficiently used in
the proposed algorithm. With the region-based external forces, the proposed algo-
rithm is not sensitive to the unwanted influences presented in the images. The future
work will continue to improve its robustness and accuracy.
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