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Abstract. This paper addresses the problem of automatic fitting of fea-
ture points for border detection of skin lesions. This problem is an im-
portant task in segmentation of dermoscopy images for semi-automatic
early diagnosis of melanoma and other skin lesions. Given a set of feature
points selected by a dermatologist, we apply a powerful nature-inspired
metaheuristic optimization method called bat algorithm to obtain the
free-form parametric Bézier curve that fits the points better in the least-
squares sense. Our experimental results on two examples of skin lesions
show that the method performs quite well and might be applied to au-
tomatic fitting of feature points for border detection in medical images.

Keywords: Computational intelligence, medical images, skin lesion, bor-
der detection, nature-inspired metaheuristic techniques, bat algorithm

1 Introduction

Early detection and efficient treatment of skin lesions have become major con-
cerns in current health systems worldwide. While many skin lesions are sim-
ply disturbing because of aesthetical reasons (e.g., moles, nevus), others can be
very dangerous (e.g., melanomas). According to the World Cancer Report 2014,
melanoma is the most frequent and most dangerous type of skin cancer, with an
increasing number of cases and casualties every year.

Visual inspection by a specialist is the most common diagnostic procedure.
However, it is difficult to distinguish the melanoma from other skin lesions such
as moles or dysplastic nevus. Other diagnosis procedures include the popular
ABCDE method, the Menzies scale, the 7-point checklist, and different types of
biopsy. However, these procedures rely heavily on human intervention, leading
to diagnostic results that can vary even among experienced dermatologists.
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Image-based methods are gaining traction in the field in recent years. The
most classical one is dermoscopy, an epiluminescence microscopy diagnostic tech-
nique that uses a device called dermatoscope to distinguish between benign and
malignant (cancerous) skin lesions, especially melanoma. Typically, the device
uses a liquid medium or polarized light to cancel out skin surface reflections. Dur-
ing examination, the images are digitally captured in an process called digital
epiluminescence dermoscopy. Dermoscopy is more precise than naked eye exami-
nation in about 20% for sensitivity (detection of melanomas) and about 10% for
specificity (percentage of non-melanomas correctly diagnosed as benign). It also
reduces screening errors as it enhances discrimination between real melanoma
and other skin lesions [2]. However, dermoscopy is also prone to errors due to the
difficulty and subjectivity of visual interpretation of images, and it is strongly
dependent on the proficiency of the specialist.

Some computer-aided techniques have been developed for automatic analysis
of dermoscopy images. An important step in the process is image segmentation,
where the lesion is roughly separated from the background skin for better identi-
fication and classification of the skin lesion. Popular approaches for this problem
include thresholding methods [4, 13], edge-based methods [1], clustering methods
[25, 35], level set methods [22] and active contours [21], among others.

An important task in segmentation is the border detection of the skin lesion
from the image. This is a valuable source of information for accurate diagnosis,
as several clinical features can be computed directly from the detected border.
Until recently, the border detection was handled manually by dermatologists by
clicking with the mouse on different parts of the image on a computer screen to
obtain an initial collection of feature points joined with linear segments. However,
the resulting polyline is not well suited for this process, as the border of skin
lesions rarely happens to be piecewise linear, but smooth. Given the input data,
parametric approximation schemes are clearly better suited for this task.

This paper addresses the problem of automatic fitting of feature points for
border detection of skin lesions from dermoscopy images. Given a set of feature
points selected by a specialist, the method applies a powerful nature-inspired
metaheuristic optimization method called bat algorithm to obtain an accurate
approximation of such feature points by using free-form parametric curves (in
particular, polynomial Bézier curves). This problem can be mathematically ex-
pressed as a least-squares minimization problem. However, traditional mathe-
matical techniques fail to solve the general case, as it leads to a difficult mul-
timodal, multivariate, continuous nonlinear optimization problem. Our method
solves this minimization problem without any previous knowledge about the
problem beyond the data points. Two illustrative examples of skin lesions are
used to discuss the performance of the method. Our results show that the method
performs quite well and can be applied for semi-automatic segmentation of med-
ical images. The structure of this paper is as follows: Sect. 2 describes some
previous work on parametric curve approximation. Then, Sect. 3 describes the
bat algorithm. Our proposed method is described in detail in Sect. 4, and the
experimental results are briefly discussed in Sect. 5.
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2 Previous Work

Mathematically, the problem of data approximation with parametric curves can
be formulated as an optimization problem, mostly solved through numerical pro-
cedures [5, 18]. Other methods use error bounds [23], curvature-based squared
distance minimization [27], or dominant points [24]. These methods require some
particular constraints (such as high differentiability, noiseless data) which are not
commonly met in real-world applications. Later on, it was shown that artificial
intelligence techniques (mostly based on neural networks) can improve such re-
sults, either alone [14, 15, 20], combined with partial differential equations [3],
generalized to functional networks [16], combining functional networks and ge-
netic algorithms [12], or using support vector machines [17].

Other approaches are based on computational intelligence, mainly nature-
inspired metaheuristic techniques [6, 19, 28]. Metaheuristic approaches applied
to this problem include genetic algorithms [33, 34], particle swarm optimization
[7], artificial immune systems [11, 26], firefly algorithm [8, 9] and memetic ap-
proaches [10]. However, these methods are designed for explicit curves and are
not applicable to the parametric case. In this paper we aim at filling this gap by
applying a method called bat algorithm, described in next section.

3 The Bat Algorithm

The bat algorithm is a bio-inspired swarm intelligence algorithm originally pro-
posed by Xin-She Yang in 2010 to solve optimization problems [29–32]. The
algorithm is based on the echolocation behavior of microbats, which use a type
of sonar called echolocation, with varying pulse rates of emission and loudness,
to detect prey, avoid obstacles, and locate their roosting crevices in the dark.
The idealization of the echolocation of microbats is as follows:

1. Bats use echolocation to sense distance and distinguish between food, prey
and background barriers.

2. Each virtual bat flies randomly with a velocity vi at position (solution)
xi with a fixed frequency fmin, varying wavelength λ and loudness A0 to
search for prey. As it searches and finds its prey, it changes wavelength (or
frequency) of their emitted pulses and adjust the rate of pulse emission r,
depending on the proximity of the target.

3. It is assumed that the loudness will vary from an (initially large and positive)
value A0 to a minimum constant value Amin.

Some additional assumptions are advisable for further efficiency. For instance,
we assume that the frequency f evolves on a bounded interval �fmin, fmax�. This
means that the wavelength λ is also bounded, because f and λ are related to each
other by the fact that the product λ.f is constant. For practical reasons, it is also
convenient that the largest wavelength is chosen such that it is comparable to
the size of the domain of interest (the search space for optimization problems).
For simplicity, we can assume that fmin � 0, so f � �0, fmax�. The rate of pulse
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Require: (Initial Parameters)
Population size: P ; Maximum number of generations: Gmax ; Loudness: A
Pulse rate: r ; Maximum frequency: fmax ; Dimension of the problem: d

Objective function: φpxq, with x � px1, . . . , xdq
T ; Random number: θ P Up0, 1q

1: g � 0
2: Initialize the bat population xi and vi, pi � 1, . . . , nq
3: Define pulse frequency fi at xi

4: Initialize pulse rates ri and loudness Ai

5: while g   Gmax do

6: for i � 1 to P do

7: Generate new solutions by using eqns. (1)-(3)
8: if θ ¡ ri then

9: sbest � sg //select the best current solution
10: lsbest � lsg //generate a local solution around sbest

11: end if

12: Generate a new solution by local random walk
13: if θ   Ai and φpxiq   φpx�q then

14: Accept new solutions, increase ri and decrease Ai

15: end if

16: end for

17: g � g � 1
18: end while

19: Rank the bats and find current best x�

20: return x�

Algorithm 1: Bat algorithm pseudocode

can simply be in the range r � �0, 1�, where 0 means no pulses at all, and 1 means
the maximum rate of pulse emission. With these idealized rules indicated above,
the basic pseudo-code of the bat algorithm is shown in Algorithm 1. Basically,
the algorithm considers an initial population of P individuals (bats). Each bat,
representing a potential solution of the optimization problem, has a location xi

and velocity vi. The algorithm initializes these variables with random values
within the search space. Then, the pulse frequency, pulse rate, and loudness are
computed for each individual bat. Then, the swarm evolves in a discrete way
over generations, like time instances until the maximum number of generations,
Gmax, is reached. For each generation g and each bat, new frequency, location
and velocity are computed according to the following evolution equations:

f
g
i � f

g
min � β�fg

max � f
g
min� (1)

v
g
i � v

g�1

i � �xg�1

i � x�� fg
i (2)

x
g
i � x

g�1

i � v
g
i (3)

where β � �0, 1� follows the random uniform distribution, and x� represents
the current global best location (solution), which is obtained through evaluation
of the objective function at all bats and ranking of their fitness values. The
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superscript �.�g is used to denote the current generation g. The best current
solution and a local solution around it are probabilistically selected according
to some given criteria. Then, search is intensified by a local random walk. For
this local search, once a solution is selected among the current best solutions,
it is perturbed locally through a random walk of the form: xnew � xold � ǫAg,
where ǫ is a uniform random number on ��1, 1� and Ag �� A

g
i �, is the average

loudness of all the bats at generation g. If the new solution achieved is better than
the previous best one, it is probabilistically accepted depending on the value of
the loudness. In that case, the algorithm increases the pulse rate and decreases
the loudness. This process is repeated for the given number of generations. In
general, the loudness decreases once a new best solution is found, while the rate
of pulse emission decreases. For simplicity, the following values are commonly
used: A0 � 1 and Amin � 0, assuming that this latter value means that a bat has
found the prey and temporarily stop emitting any sound. The evolution rules for
loudness and pulse rate are as: Ag�1

i � αA
g
i and r

g�1

i � r0

i �1� exp��γg�� where
α and γ are constants. Note that for any 0 � α � 1 and any γ � 0 we have:
A

g
i � 0, r

g
i � r0

i as g ��. Generally, each bat should have different values for
loudness and pulse emission rate, which can be achieved by randomization. To
this aim, we can take an initial loudness A0

i � �0, 2� while the initial emission
rate r0

i can be any value in the interval �0, 1�. Loudness and emission rates will
be updated only if the new solutions are improved, an indication that the bats
are moving towards the optimal solution.

4 The Proposed Method

For data fitting we consider a free-form parametric Bézier curve Φ�τ� of degree

η, defined as:

Φ�τ� �

η̧

j�0

Δjφ
η
j �τ� (4)

where Δj are vector coefficients called control points, φ
η
j �τ� are the Bernstein

polynomials of index j and degree η, given by:

φ
η
j �τ� �

�
η

j



τ j �1� τ�η�j

and τ is the curve parameter, defined on a finite interval �0, 1�. Note that in this
paper vectors are denoted in bold. By convention, 0! � 1.

Suppose that we are provided with a list of data points �Θµ�µ�1,...,χ in R
2

selected by a trained dermatologist from dermoscopy images. This list �Θµ� is
always sorted and then joined to define a border between a skin lesion and the
skin background, thus enclosing a region that contains the full skin lesion under
analysis. Our goal is to compute the curve Φ�τ� approximating the data points
better in the least-squares sense. This approximation scheme is particularly ad-
equate to describe the border through a smooth mathematical equation instead
of a (possibly large) list of data points connected by straight lines. To do so, we
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have to minimize the least-squares error, Υ , defined as the sum of squares of the
residuals:

Υ �

χ̧

µ�1

�
Θµ �

η̧

j�0

Δjφ
η
j �τµ�

�2

(5)

where we need a parameter value τµ to be associated with each data point
Θµ, µ � 1, . . . , χ. Considering the column vectors Φj � �φη

j �τ1�, . . . , φ
η
j �τχ��

T ,

j � 0, . . . , η, where �.�T means transposition, and Θ̄ � �Θ1, . . . ,Θχ�, Eq. (5)
becomes the following system of equations (called the normal equation):

�
��

ΦT
0 .Φ0 . . . ΦT

η .Φ0

...
...

...
ΦT

0
.Φη . . . ΦT

η .Φη

�
Æ
�
��

Δ0

...
Δη

�
Æ�

�
��

Θ̄.Φ0

...
Θ̄.Φη

�
Æ (6)

which can be compacted as:

MD � R (7)

with M �

�
χ̧

j�1

φ
η
l �τj�φ

η
i �τj�

�
, R �

�
χ̧

j�1

Θjφ
η
l �τj�

�
for i, l � 0, . . . , η. If values

are assigned to the τi, Eq. (7) is a classical linear least-squares minimization
that can readily be solved by standard numerical techniques. But if the τi are
unknowns, the problem becomes more difficult. Since the blending functions
φ

η
j �τ� are nonlinear in τ , it is a nonlinear continuous optimization problem. It is

also a multimodal problem, since there might be arguably more than one data
parameterization vector leading to the optimal solution. As a conclusion, solv-
ing the parameterization problem leads to a difficult multimodal, multivariate,
continuous, nonlinear optimization problem.

We solve this general problem by applying the bat algorithm described above
to determine suitable parameter values for the least-squares minimization of
functional Υ according to (5). To this aim, each bat (potential solution) is a para-
metric vector T k � �τk

1 , τk
2 , . . . , τk

χ� � �0, 1�χ, where the �τk
µ�µ�1,...,χ are strictly

increasing parameters. These parametric vectors are initialized with random val-
ues and then sorted. Application of our method yields new bats representing the
potential solutions of this optimization problem. The process is performed it-
eratively for a given number of generations Gmax, until the convergence of the
minimization of the error is eventually achieved. The bat with the best global
value for our fitness function is taken as the final solution of our problem.

A critical issue for bat algorithm is the parameter tuning, which is well-
known to be problem-dependent. Our choice has been fully empirical. We set
the population size to 100 bats, as larger values increase the computational
time without any significant improvement of the fitness function. The initial
and minimum loudness, fmax, and parameter α are set to 0.5, 0, 2, and 0.6,
respectively. We also set the initial pulse rate and parameter γ to 0.5 and 0.4,
respectively. However, our results do not change significantly when varying these
values slightly. All executions are performed for a total of 10,000 iterations.
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Fig. 1. Dermoscopy images of skin lesions used in this paper.

Fig. 2. Automatic fitting of the feature points for border detection for the examples in
Figure 1: feature points (red empty circles), best fitting Bézier curve (solid blue line)
and reconstructed feature points (blue stars).

5 Experimental Results

Our method has been applied to several examples of skin lesion images obtained
from a digital image archive of the University Medical Center of Groningen, The
Netherlands. In this paper we analyze only two of them because of limitations
of space. They are displayed in Figure 1 and correspond to two dermoscopy
images from which a collection of 162 and 220 feature points respectively have
been marked by a specialist. They are displayed as red empty circles in Figure
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Fig. 3. Convergence diagrams for the examples in Figure 2.

2 for both cases. We applied our method to these examples by using Bézier
curves of different degrees, and then selecting those minimizing the least-squares
functional in Eq. (5). The best fitting Bézier curves obtained by our method,
corresponding to n � 55 and n � 40 respectively, are displayed as a blue solid line
in Fig. 2 left and right, respectively. The figure also displays the feature points
reconstructed by our method as blue stars. As the reader can see, the method
obtains a very good fitting of the data points. This observation is confirmed
by our numerical results, where we obtain a value of Υ � 1.72959 for the first
example and Υ � 1.80875 for the second one. We also computed the RMSE (root-
mean square error), given by: RMSE �

a
Υ �χ and obtained a value of 1.0321�

10�1 and 9.0672� 10�2, respectively. We also noticed that the approximation is
not optimal yet, as expected from an approximation method. In particular, the
original data seems to be slightly more oscillating than the reconstructed curve
in both cases. We remark, however, that a perfect matching between the original
and the reconstructed features points is not actually required for clinical practice;
the accuracy of our results (even if not totally optimal) is generally considered
adequate for early diagnosis purposes. Figure 3 shows the convergence diagram
of our method (i.e. the fitness function value Υ vs. the number of iterations) for
both examples. All the computational work in this paper has been performed on
a personal PC with a 2.6 GHz. Intel Core i7 processor and 8 GB. of RAM. The
source code has been implemented by the authors in the programming language
of the popular numerical program Matlab, version 2015b.

The present method can be improved in some ways. We plan to extend this
approach by using piecewise polynomial schemes for better accuracy. We also
plan to include some recent methods based on fusion thresholding to obtain the
initial feature points without (or with minimal) human intervention to the aim
to perform image segmentation in a more automatic way. We also plan to apply
this technique to other interesting problems in other fields of medical imaging,
not only dermoscopy images.
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