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Abstract—This paper addresses the problem of obtaining
automatically a good approximation of the outline curve of skin
lesions from dermoscopy images. This problem appears as a
critical step in machine-driven segmentation of dermoscopy images for semi-automatic early diagnosis of cutaneous melanoma.
Given a set of feature points selected by a specialist, the method
applies a powerful nature-inspired metaheuristic optimization
method called cuckoo search algorithm (CSA) to obtain the freeform parametric Bézier curve that ﬁts the points better in the
least-squares sense. Two illustrative examples of a benign and a
malignant skin lesions (a naevus and a melanoma, respectively)
are used to evaluate the performance of the method. Our
experimental results show that the method performs very well
and can be applied as a intermediate step of semi-automatic
image segmentation for early diagnosis of cutaneous melanoma.
Index Terms—computational intelligence, artiﬁcial intelligence
for cognitive health, cuckoo search algorithm, machine-driven
segmentation, outline curves, cutaneous melanoma

I. I NTRODUCTION
Malignant melanoma is the most frequent and most dangerous type of skin cancer. It is also one of the most
rapidly increasing types of cancer in the world. As a result,
melanoma has become one of the biggest health concerns all
over the world. An important feature of melanoma is that
early detection is critical for survival. Early diagnosis is also
important because early-stage melanoma can be cured by a
simple clinical procedure (e.g., a simple excision).
Visual inspection by a specialist is the most common
diagnostic procedure. However, it is difﬁcult to distinguish
visually the melanoma from other skin features. Other diagnosis procedures include the ABCDE method, the Menzies
scale, the 7-point checklist, and different types of biopsy.
These procedures rely heavily on human intervention, leading to varying diagnostic results. Other procedures involve
imaging tests. Among them, dermoscopy is the most precise
and reduces screening errors as it enhances discrimination
between real melanoma and other skin lesions [3]. However,
dermoscopy is also prone to errors due to the subjectivity of
visual interpretation of images. Nowadays, there is a strong
demand for automated procedures to reduce the human part
in some critical steps. This is the main motivation of this paper.
First step in melanoma diagnosis is to classify the skin
lesion as benign or malignant. To this purpose, analysis of dermoscopy images is carried out involving image segmentation,

to distinguish the foreground (the lesion) from the background
(the skin). Several methods have been applied to this problem,
including: thresholding methods [6], edge-based methods [2],
clustering methods [37], gradient vector ﬂow snakes [9], level
set methods [24] and active contours [23].
A key task in this segmentation step is the border detection,
i.e., the determination of the outline curve of the skin lesion
from the image. Until recently, the border detection was handled manually by dermatologists, by clicking with the mouse
on different points of the picture to get an initial collection
of data points joined with segments to cover the region of the
lesion. This manual procedure is time consuming and prone
to errors. Also, the polyline is not the best graphical primitive
for this process, as the border of skin lesions rarely happens
to be piecewise linear, but smooth. Since the input data is a
collection of 2D points, automated parametric approximation
schemes are better suited for this task.
This paper addresses the problem of obtaining automatically
a good approximation of the outline curve 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 cuckoo search algorithm to obtain an accurate approximation by using free-form
parametric curves (in particular, polynomial Bézier curves).
The structure of this paper is as follows: Section II describes
the previous work on free-form parametric curve approximation. Section III describes the cuckoo search algorithm. Our
proposed method is described in detail in Section IV. Our
results and conclusions are discussed in Sections V and VI.
II. P REVIOUS W ORK
Data approximation with free-form parametric curves has
been studied for decades. First approaches relied on numerical
procedures [7], [10]. Subsequent attempts provided only partial solutions [5]. Mathematically, this issue can be formulated
as an optimization problem [21]. Some approaches in this
line use error bounds [26], curvature-based squared distance
minimization [30], or dominant points [27]. In general, they
perform well but require some particular constraints (high
differentiability, noiseless data) which are not common in realworld applications. Recently, artiﬁcial intelligence has been
applied to this problem, such as standard neural networks [17]

or self-organizing maps nets [18]. This neural approach is
combined with partial differential equations in [4]. Generalization of these methods to functional networks is analyzed
in [19], and in combination with genetic algorithms in [16].
Application of support vector machines is reported in [20].
Other approaches are based on the application of natureinspired metaheuristic techniques [8], [22], [31], [32]. Genetic
algorithms have been applied to this problem in [35], [36].
Other approaches include the use of the popular particle swarm
optimization [11], artiﬁcial immune systems [15], [29], ﬁreﬂy
algorithm [12], [13] and memetic approaches [14]. However,
these methods are designed for explicit curves and are not
applicable to the parametric case.
III. T HE C UCKOO S EARCH A LGORITHM
The Cuckoo search algorithm (CSA) is a nature-inspired
population-based metaheuristic algorithm for optimization
proposed in [33]. It is inspired by the obligate interspeciﬁc
brood-parasitism of some cuckoo species that lay their eggs
in the nests of host birds of other species for raising their
offspring. This interesting and surprising breeding behavioral
pattern is the metaphor of the CSA, where the eggs in the
nest are interpreted as a pool of candidate solutions of an
optimization problem while the cuckoo egg represents a new
coming solution. The cuckoo search algorithm is based on
three idealized rules [33], [34]:
1) Each cuckoo lays one egg at a time, and dumps it in a
randomly chosen nest;
2) The best nests with high quality of eggs (solutions) will
be carried over to the next generations;
3) The number of available host nests is ﬁxed, and a host
can discover an alien egg with a probability pa P r0, 1s.
For simplicity, the third assumption is approximated by a
fraction pa of the P nests being replaced by new nests (with
new random solutions at new locations). For a minimization
problem, the quality or ﬁtness of a solution can simply be
proportional to the objective function. Based on these rules,
the CSA can be summarized in the pseudo-code in Table I.
Basically, it starts with an initial population of P host nests
and it is performed iteratively. The initial values of the jth
component of the ith nest are determined by the expression
xji p0q  rand.pupji  lowij q lowij , where upji and lowij
represent the upper and lower bounds of that jth component,
respectively, and rand represents a standard uniform random
number on the interval p0, 1q. This choice ensures that the
variables are within the search space domain. These boundary
conditions are also controlled in each iteration step.
For each iteration g, a cuckoo egg i is selected randomly and
new solutions xi pg 1q are generated by using the Lévy ﬂight,
a random walk in which the steps are deﬁned in terms of the
step-lengths, with the directions of the steps being isotropic
and random. The use of Lévy ﬂights is preferred over other
random walks because it leads to better overall performance
of the CSA. The general equation for the Lévy ﬂight is:
xi pg

1q  xi pg q

α ` levy pλq

(1)

TABLE I: Cuckoo Search Algorithm (CSA) via Lévy ﬂights.
Algorithm: Cuckoo Search Algorithm (CSA) via Lévy Flights
begin
Objective function f x , x
x 1 , . . . , xD T
Generate initial population of p host nests xi i 1, 2, . . . , P
while t M axGeneration or (stop criterion)
Get a cuckoo (say, i) randomly by Lévy ﬂights
Evaluate its ﬁtness Fi
Choose a nest among P (say, j) randomly
if (Fi Fj
Replace j by the new solution
end
A fraction (pa ) of worse nests are abandoned and new
ones are built via Lévy ﬂights
Keep the best solutions (or nests with quality solutions)
Rank the solutions and ﬁnd the current best
end while
Postprocess results and visualization
end
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p
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where g indicates the number of the current generation, and
α ¡ 0 indicates the step size, related to the scale of the
problem under study. The symbol ` indicates the entry-wise
multiplication. Eq. (1) is essentially a Markov chain, since
next location at generation g 1 only depends on the current
location at generation g and a transition probability, given
by the ﬁrst and second terms of Eq. (1), respectively. This
transition probability is modulated by the Lévy distribution:
levy pλq  g λ ,

p1

λ ¤ 3q

(2)

which has an inﬁnite variance and inﬁnite mean. Computationally, the generation of random numbers with Lévy ﬂights is
comprised of two steps: ﬁrstly, a random direction according
to a uniform distribution is chosen; then, the generation of
steps following the chosen Lévy distribution is carried out.
We use the Mantegna’s algorithm for symmetric distributions:



Γp1 β̂ q.sin π.2β̂
φ̂   
β̂ 1
Γ

1 β̂
2

.β̂.2

1
β̂

(3)

2

where Γ denotes the Gamma function and β̂  3{2 as in
[34]. This factor is used to compute the step length ς  u1 ,

|v| β̂

where u and v follow the normal distribution of zero mean and
deviation σu2 and σv2 , respectively, where σu obeys the Lévy
distribution given by Eq. (3) and σv  1. Then, the stepsize ζ
is computed as ζ  0.01 ς px  xbest q. Finally, x is modiﬁed
as: x  x ζ.Ψ where Ψ is a random vector following
the normal distribution N p0, 1q. The CSA then evaluates the
ﬁtness of the new solution Also, a fraction of the worse nests
(according to the ﬁtness) are abandoned and replaced by new
solutions to increase exploration of the search space looking
for more promising solutions. The rate of replacement is given
by pa , a parameter of the model that has to be tuned for
better performance. For each iteration, all current solutions
are ranked according to their ﬁtness and best solution so far is

stored as the vector xbest . This algorithm is applied iteratively
until a ﬁxed number of generations has been reached.
IV. T HE P ROPOSED M ETHOD
A. Problem to be solved

A free-form parametric Bézier curve Cptq of degree n is
deﬁned as:
ņ
Cptq 



Pj Bjn ptq

(4)

j 0

where Pj are vector coefﬁcients called control points, Bjn ptq
are the Bernstein polynomials of index j and degree n, given
by:

n j
n
Bj ptq 
t p1  tqnj
j
and t is the curve parameter, deﬁned on a ﬁnite interval r0, 1s.
In this paper, 0!  1 and vectors are denoted in bold.
Suppose now a given set of data points tQi ui1,...,m in R2 .
Our goal is to obtain the free-form parametric Bézier curve
Cptq that ﬁts these data points better in the discrete leastsquares sense. To do so, we have to compute the control points
Pj pj  0, ..., nq of Cptq by minimizing the least-squares
error, E, deﬁned as the sum of squares of the residuals:
E
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j 0

where we need the parameter value ti associated with each
Qi , i  1, . . . , m. Considering the column vectors Bj 
pBjn pt1 q, . . . , Bjn ptm qqT , j  0, . . . , n, where p.qT means
transposition, and Q̄  pQ1 , . . . , Qm q, Eq. (5) becomes the
following system of equations (called the normal equation):

parameterization problem is the key to obtain an optimal
Bézier ﬁtting curve of data, but it also leads to a very difﬁcult
multimodal, multivariate, continuous, nonlinear optimization
problem. In this work, we seek to solve this general problem.
In our approach we make no assumption about the values of
data parameters; instead, we compute them at full extent.
B. Our Approach
In this paper we are provided with a set of data points
selected by a trained dermatologist from dermoscopy images as belonging to the border between a skin
lesion and the background. The list tΘµ u is always sorted and
deﬁnes an outline curve enclosing a region containing the skin
lesion under analysis. Our goal is to compute a Bézier curve
approximating the data points accurately. The approach is
particularly adequate for this problem because it describes the
border of the lesion through a smooth mathematical equation
instead of a list of data points connected by straight lines.
Our method consists of applying the CSA described above
to determine suitable parameter values for the least-squares
minimization in (5). To this aim, each host nest, representing a potential solution, corresponds to a parametric vector
T k  ptk1 , tk2 , . . . , tkη q P r0, 1sη , (k  1, . . . , P) where the
ttkµuµ1,...,η are strictly increasing parameters. These parametric vectors are initialized with random values and then sorted.
Application of our method yields new nests representing the
potential solutions of this problem. The process is performed
iteratively for a given number of generations Niter . The nest
with the best global value for our ﬁtness function is taken as
the ﬁnal solution of our minimization problem.

tΘµuµ1,...,η

C. Parameter tuning
A major limitation of all nature-inspired metaheuristic op-

timization techniques is that they depend on a number of
 T
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for

i, l  0, . . . , n.
If values are assigned to the ti , our problem is a classical
linear least-squares minimization, with the tPi u as unknowns.
It can readily be solved by standard numerical techniques. On
the contrary, if the ti are unknowns, the problem becomes
much more difﬁcult. Since the blending functions Bjn ptq
are nonlinear in t, it is a nonlinear continuous optimization
problem. In many cases the number of data points can be
extremely large, so we have to deal with a large number of
unknowns. In other words, we are also confronted with a
high-dimensional problem. It is also a multimodal problem,
since there might be several data parameterization vectors
leading to the optimal solution. As a conclusion, solving the
j 1

j 1

sufﬁcient theoretical studies about this problem; on the other
hand, the optimal choice of parameter values is problemdependent, so good values for a particular problem might be
no longer adequate for other problems. In this sense, the CSA
is particularly favorable because of its simplicity. In contrast
to other metaheuristic methods that need a large number of
parameters, the CSA only requires three parameters:
the number of iterations, Niter ,
the population size P, and
the probability pa .
We carried out several hundreds of executions to determine
good values for these parameters empirically. From them, we
concluded that Niter  10, 000 are more than enough to
reach convergence for our ﬁnal choice of the other parameters.
We also observed that a population of P  100 host nests,
representing the number of candidate solutions for the method,
is adequate for this problem in terms of the quality of the
solutions and the CPU time. Regarding the parameter pa , our
choice is completely empirical: we carried out some simulations for different values of this parameter, and found that the
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Fig. 1: Example of a benign skin lesion (a naveus): (top)
dermoscopy image with feature points (red empty circles);
(middle) feature points (in red), best ﬁtting Bézier curve
(solid blue line) and reconstructed feature points (blue stars);
(bottom) convergence diagram.

results do not change signiﬁcantly in any case. However, we
observed that values around pa  0.25 reduce the number of
iterations required for convergence, so this is the value taken
in this paper.
D. Implementation issues
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
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Fig. 2: Example of a malignant skin lesion (a melanoma):
(top) dermoscopy image along with feature points (red empty
circles); (middle) feature points (in red), best ﬁtting Bézier
curve (solid blue line) and reconstructed feature points (blue
stars); (bottom) convergence diagram.

numerical program Matlab, version 2015b. We remark that an
implementation of the cuckoo search algorithm was already
presented in [33]. However, our implementation follows a
(more efﬁcient) vectorized implementation freely available in
[25], but adapted to the problem in this paper.

V. E XPERIMENTAL R ESULTS
Our method has been applied to several examples of skin
lesion images. In this paper we analyze only two of them
because of limitations of space. The two examples correspond
to a benign (a naveus) and a malignant (melanoma) skin
lesions, respectively. They were obtained from the digital
image archive of the Department of Dermatology of the
University Medical Center of Groningen (The Netherlands).
First example is displayed in Figure 1: it corresponds to a
dermoscopy image of a naevus (top), from which a collection
of 223 feature points have been marked by a specialist. They
are displayed as red empty circles superposed on the image for
better visualization. We applied our method to this example
by using Bézier curves of different degrees ranging from n 
20 to n  70 with step-size 2, and then selecting the one
minimizing the least-squares functional in Eq. (5). The best
ﬁtting Bézier curve obtained by our method, corresponding to
n  56, is displayed as a blue solid line in Fig. 1 (middle).
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 E  5.4792. We also computed the RMSE (root-mean
square error), as:
RM SE



d
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(8)

and obtained a value of 1.5674  101 . 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 (see, for instance, the mid region
of the bottom part of the curve). 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 adequate
for early diagnosis purposes. Figure 1(bottom) shows the
convergence diagram of our method (i.e. the ﬁtness function
value E vs. the number of iterations) for this example.
Second example, corresponding to a real melanoma, is
displayed in Figure 2. The interpretation of the ﬁgure is
similar to Fig. 1 and hence omitted here to avoid redundancy.
Geometrically, this example is simpler and only 77 feature
points have been marked, as the skin lesion is smaller and with
a smoother outline curve. The best ﬁtting curve is obtained
for n  25 with an error value E  1.2213 and RMSE of
1.2594  101. Once again, the ﬁtting curve approximates the
data points with very good accuracy.
We carried out a comparison of our method with two
classical techniques in the ﬁeld: clustering [6] and thresholding
[28]. The corresponding results are graphically shown in Fig.
3. The output of both methods is a polyline with a less
smoother shape and several changes of concavity. As shown
in Table II, they have a larger perimeter while covering a
smaller area. We remark that a smooth large area (even in
excess but not dramatically) is usually preferred in medical

Fig. 3: Outine curve reconstruction of the lesion in Fig. 1
though two techniques: (top) clustering; (bottom) thresholding.
TABLE II: Comparative results for the example in Fig. 1.
Method

Perimeter

Area

Clustering
Thresholding
Our method

32.051
35.514
29.497

59.706
57.762
63.128

RMSE error
1.9739
2.1615
1.5674

 1011
 101
 10

CPU time (s.)
686
833
931

settings to ensure that it encloses the lesion at full extent. They
also have a worse ﬁtting error compared to our method. We
can conclude that our method outperforms both approaches
in terms of smoothness and ﬁtting error. Furthermore, this
improvement is not at the expense of the computation time.
Although our method takes longer than the other two methods,
the CPU times are still of the same order, indicating that our
method is quite competitive with two of the most classical
state-of-the-art approaches.
VI. C ONCLUSIONS

AND

F UTURE W ORK

This paper computes a good approximation of the outline
curve 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 cuckoo search algorithm to obtain the free-form
parametric Bézier curve that ﬁts the points better in the leastsquares sense. The method has been tested on two dermoscopy
images of skin lesions with good results. Comparative analysis
with two classical methods in the ﬁeld show that our method

outperforms them in terms of smoothness and ﬁtting error with
no dramatic increase of the CPU times.
Main limitations of this method are related to the degree n
of the ﬁtting curve. A ﬁrst problem is to determine the best
value of n. Currently, we execute the algorithm for different
values of n within a range and then select that minimizing
either (5) or (8). However, we noticed that this process can
lead to local self-intersecting shapes (loops) due to over-ﬁtting,
so we ﬁnally imposed the additional constraint of yielding
a smooth shape with no loops. This process performs well
but it is obviously time-consuming. On the other hand, the
resulting Bézier curves tend to have a high degree, which is
undesirable in practice. Finally, we rely on human intervention
to determine the feature points by an expert dermatologist.
The present method can be improved in some ways. We plan
to extend this approach to the cases of rational curves (which
provide higher ﬂexibility for shape reconstruction by involving
extra degrees of freedom, the weights), and piecewise curves
(e.g., cubic splines and B-splines), thus allowing us to select a
low degree for the curve, a very desirable feature in practical
applications. We also plan to analyze recent methods based
on fusion thresholding [1] to obtain the feature points without
human intervention to automate the whole process.
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