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Abstract—Computerized analysis of skin lesions is an important issue in information retrieval for medical imaging, as it
helps human specialists to improve their decision-making for
prompt and accurate diagnosis of melanoma and other skin
diseases. A relevant task in this regard is border detection,
which gives valuable information about some clinical features
of skin lesions. This task is typically carried out manually
by the dermatologists, leading to errors inherent to subjective
diagnosis. In this paper, we address this problem by applying
a modiﬁcation of a powerful evolutionary computation method,
the ﬁreﬂy algorithm. The modiﬁed algorithm is hybridized with
a local search procedure for better performance. Experimental
results on a benchmark of medical images of skin lesions show
that this method outperforms classical mathematical methods
for the instances in the benchmark and is very competitive and
often superior to state-of-the-art techniques in the ﬁeld in terms
of numerical accuracy. We conclude that the approach is very
promising and can be useful in real-world medical applications
where speed is not a critical factor.
Index Terms—medical imaging, ﬁreﬂy algorithm, local search,
border detection, skin lesions

I. I NTRODUCTION
A. Motivation
As the number of cases of skin cancer and other skin diseases is dramatically increasing in recent years, the diagnosis
and treatment of skin lesions has become a major source of
concern in current public and private medical and healthcare
systems worldwide. Time is a key factor in this process: it
is well-known that early detection is critical for an efﬁcient
treatment of melanoma and other malignant skin lesions, as
it can reduce the mortality and morbidity of patients. Just for
illustration, the ﬁve-year survival rate is about 99% for stage 0
melanoma (in situ), when the malignant tumor is still conﬁned
to the upper layers of the skin (epidermis), while it is only
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7% ∼ 20% for stage 4 melanoma, when the cancer has spread
to other parts of the body. These ﬁgures are a clear evidence of
the important role of prompt detection and accurate diagnosis.
There are several diagnostic procedures for skin lesions, the
most common ones being the self-examination and the visual
inspection by a specialist. However, some forms of skin cancer
such as melanoma are difﬁcult to distinguish visually 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 [9], [16]. Unfortunately, these procedures still rely on
the clinical experience of the specialists, leading to diagnostic
results that are somewhat subjective and can vary signiﬁcantly
even among experienced dermatologists.
These limitations can be alleviated by using non-invasive
skin imaging techniques such as dermoscopy. These methods
reduce screening errors and enhance discrimination between
melanoma and other skin lesions [3]. However, they are
also prone to errors due to the difﬁculty and subjectivity
of visual perception of images, making it dependent on the
proﬁciency of the specialist. In this sense, the use of advanced
computer-aided image processing techniques is very useful
as a second independent diagnosis to improve the biopsy
decision-making by clinicians and for other purposes. As a
consequence, computerized analysis of skin lesions is now a
very active area of research in the biomedical and healthcare
ﬁelds, particularly in information retrieval of medical images.
The ultimate goal is to develop reliable automatic computer
tools for accurate identiﬁcation and classiﬁcation of different
skin lesions. This is also the motivation of this work. Because
of limitations of space, this paper will be restricted to a
particular step of the full image processing pipeline. The
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interested readers are kindly referred to [13], [17] for two
interesting reviews on techniques and algorithms for general
computer-aided diagnosis of pigmented skin lesions covering
all steps in detail.
B. Image Segmentation and Border Detection
The standard approach in automatic medical image processing of skin lesions consists of three stages: 1) image segmentation; 2) feature extraction and feature selection; and 3) lesion
classiﬁcation. Image segmentation aims to identify the ROI
(region of interest) of the skin lesion and separate it from the
background. The segmentation stage is very important, not
only because it is the starting point for the whole process
but also because it affects the accuracy of the subsequent
steps. Popular segmentation approaches include thresholding
methods [5], [10], edge-based methods [2], clustering methods
[19], [24], level set methods [15] and active contours [14],
among others.
An important task in image segmentation is border detection, i.e., the determination of the boundary between the skin
lesion and the surrounding healthy skin areas. This is a valuable input for diagnosis, as the lesion border gives information
about some clinical features (for instance, irregular borders are
a good indicator of possible malignant tumors). Usually, the
border detection is performed manually by the dermatologists,
leading to a border polyline obtained by joining consecutive
feature points (acquired by visual inspection) through straight
segments. This output does not represent well the real process,
as the border of skin lesions rarely happens to be piecewise
linear. In addition, interpolation schemes that enforces the
border to pass through all feature points are typically affected
by artifacts inherent to manual processes, such as outliers and
noise in data. Under such conditions, approximation schemes
(that only require the border to pass near the feature points)
are better suited for this problem. Furthermore, approximation
schemes are more advantageous in terms of accuracy, computer memory, and data storage capacity, as the border can
be accurately described by a few tens of parameters even for
very large collections of feature points. This is the problem
addressed in this paper, explained in detail in Section II.

dermatologist from given medical images. These feature points
{∆η } deﬁne a border between a skin lesion and the skin
background,s enclosing the ROI containing the skin lesion for
diagnosis. We seek to compute a model function Φ(ξ) deﬁned
on a ﬁnite interval domain [ν1 , ν2 ] and approximating the data
points better in the least-squares sense. Note that in this paper
vectors are denoted in bold. This approximation scheme is
generally more suitable for border detection by using a smooth
mathematical equation than a polyline connecting the feature
points through simple straight lines. We assume that Φ(ξ) can
be mathematically represented as a linear combination of the
so-called blending functions:

Φ(ξ) =

δ
X

II. P ROBLEM

TO BE

which is usually called the Bernstein polynomial basis. Our
goal is to obtain the global-support approximating curve that
best ﬁts these data points while keeping the number of degrees
of freedom as low as possible. This leads to a difﬁcult
minimization problem involving two different (and competing)
factors: the ﬁtting error at the data points, and the number of
free parameters of the model function. In this paper, the ﬁtting
error is given by the weighted least-squares functional:

E=

ζ
X

η=1

"

Ωη ∆ η −

δ
X

#2

Θα ψα (ρη )

α=0

(3)

where we need a parameter value ρη to be associated with
each data point ∆η . Since this functional does not consider
the number of data points, we also consider the RMSE (rootmean-square error) of functional E, given by:
RM SE(E) =

S OLVED

In this paper we assume that we are provided with a collection of feature points {∆η }η=1,...,ζ in R2 obtained by a trained

(1)

The family of blending functions {ψα (ξ)}α in Eq. (1) is assumed to be linearly independent and form a basis of the vector
space of functions of degree up to δ on [ν1 , ν2 ]. In this paper
we consider the case in which all functions {ψα (ξ)}α have
their support on the whole domain [ν1 , ν2 ] (these functions
are usually referred to as global-support functions). In practical
terms, this means that the blending functions provide a global
control of the shape of the approximating curve. Without loss
of generality, we can assume that [ν1 , ν2 ] is the unit interval
[0, 1]. Then, we consider the case of blending functions given
by:
 
δ α
ψα (ξ) =
ξ (1 − ξ)δ−α
(2)
α

C. Structure of this Paper
This paper is organized as follows: Section II describes the
problem to be solved, which is formulated as a continuous
nonlinear optimization problem. Then, Section III describes
the ﬁreﬂy algorithm, the evolutionary computation approach
used in this work. The methodology proposed in this paper
is described in detail in Section IV. Section V reports our
experimental results. A comparative analysis of our method
with other alternatives in the ﬁeld is also discussed in that
section. The paper closes with the main conclusions and some
ideas for future work in the ﬁeld.

ξ ∈ [ν1 , ν2 ].

Θα ψα (ξ)

α=0

s

E
ζ

(4)

The number of free parameters is computed by following a
Bayesian approach (see [20] for further details). Therefore,
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our optimization problem consists of minimizing the following
weighted Bayesian energy functional L:

"
#2 
ζ
δ
X
X
ζ
log 
Ωη ∆ η −
Θα ψα (ρη )  +
L =
2
η=1
α=0
(5)


ζ.µ 2δ − 1
log(ζ).
2
2

metaphor inspired by the social ﬂashing behavior of ﬁreﬂies in
nature. The basic components of the method are the variation
of light intensity and the concept of attractiveness, assumed to
be proportional to the brightness, associated in turn with the
objective function of the given optimization problem.

(8)

where sti,k is the k-th component of the spatial coordinate sti
of the i-th ﬁreﬂy and d is the number of dimensions.
In the ﬁreﬂy algorithm, the attractiveness function of a
ﬁreﬂy j might be any monotonically decreasing function of
the distance between the i ﬁrely and the chosen j ﬁreﬂy. For
instance, the exponential function:

A. Original Fireﬂy Algorithm

The original ﬁreﬂy algorithm is based on three particular
idealized rules, which account for some of the major ﬂashing
Eq. (5) is comprised of two terms: the ﬁrst one computes the characteristics of real ﬁreﬂies [22]. They are:
ﬁtting error to the data points, while the second one plays
1) All ﬁreﬂies are unisex, so that one ﬁreﬂy will be
the role of a penalty term in order to reduce the degrees of
attracted to other ﬁreﬂies regardless of their sex;
freedom of the model. The penalty term also includes a real
2) The degree of attractiveness of a ﬁreﬂy is proportional to
positive multiplicative factor µ used to modulate how much
its brightness, which decreases as the distance from the
this term will affect the whole energy functional.
other ﬁreﬂy increases due to the fact that the air absorbs
Considering the vectors Ξα = (ψα (ρ1 ), . . . , ψα (ρζ ))T ,
light. For any two ﬂashing ﬁreﬂies, the less brighter one
with α = 0, . . . , δ, where (.)T means transposition, Ξ =
will move towards the brighter one. If there is not a
(Ξ0 , . . . , Ξδ ), ∆ = (∆1 , . . . , ∆ζ ), Ω = (Ω1 , . . . , Ωζ ), and
brighter ﬁreﬂy, it will then move randomly;
Θ = (Θ1 , . . . , Θδ )T , Eq. (5) can be written in matricial form
3) The brightness or light intensity of a ﬁreﬂy is determined
as:
by the value of the objective function of a given problem.
T
T
T
T
T
T
For instance, light intensity can simply be proportional
L = Ω.∆ .∆−Ω.Θ .Ξ .∆−Ω.∆ .Ξ.Θ+Ω.Θ .Ξ .Ξ.Θ.
to the value of the objective function of optimization
(6)
problems.
Minimization of L requires to differentiate Eq. (6) with respect
The distance between any two ﬁreﬂies i and j, at positions
to Θ, and making it equal to zero to satisfy the ﬁrst-order
conditions. This leads to the following system of equations si and sj at time instance t, respectively, can be deﬁned as a
Cartesian or Euclidean distance as follows:
(called the normal equations):
v
u d
uX
ΞT .Ξ.Θ = ΞT .∆
(7)
t
t
t
rij = ||si − sj || = t (sti,k − stj,k )2
(9)
which can be compacted as:
k=1
M. Θ = R

with M = ΞT .Ξ being a square matrix, and R = ΞT .∆.
If known values are assigned to the ρη , Eq. (8) is a classical
linear least-squares minimization that can readily be solved by
standard numerical techniques [6]. But if the ρη are free variables, the problem becomes more difﬁcult. Since the blending
functions ψα (ξ) are nonlinear in ρ, 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, solving
the parameterization problem leads to a difﬁcult multimodal,
multivariate, continuous, nonlinear optimization problem. This
problem cannot be solved by using classical mathematical
optimization techniques. In this paper, we will address this
optimization problem by using the ﬁreﬂy algorithm, a powerful
evolutionary computation method that has already been used
for data ﬁtting optimization in some previous works [11],
[12]. In particular, we consider a hybrid approach based on
some modiﬁcations of the original ﬁreﬂy algorithm and its
subsequent combination with a local search method. These
algorithms are described in detail in next section.
III. T HE F IREFLY A LGORITHM
The ﬁreﬂy algorithm (FFA) is a bio-inspired evolutionary
computation algorithm introduced in 2008 to solve optimization problems [22], [23]. The algorithm is a computational

t

β = β0 e−γ(rij )

2

(10)

t
where rij
is the distance deﬁned as in Eq. (9), β0 is the initial
attractiveness at t = 0, and γ is an absorption coefﬁcient at
the source that controls the decrease of the light intensity.
The movement of a ﬁreﬂy i at time t + 1 which is attracted
by a more attractive (i.e., brighter) ﬁreﬂy j is governed by the
following evolution equation:


t 2
1
t+1
t
−γ(rij
)
t
t
(11)
s i = s i + β0 e
(sj − si ) + υ σ −
2

where the ﬁrst term on the right-hand side is the current
position of the ﬁreﬂy, the second term accounts for the
attractiveness of the ﬁreﬂy to light intensity seen by other
ﬁreﬂies, and the third term is used for the random movement
of a ﬁreﬂy in case there is not a brighter one. The coefﬁcient
υ is a randomization parameter, while σ is a random number
uniformly distributed on the interval [0, 1].
Algorithm 1 shows the pseudocode of the original ﬁreﬂy
algorithm. The method considers an initial population P 0 of

113

Require: (Initial Parameters)
Population size: NP
Maximum number of iterations: Tmax
Randomization parameter: υ
// for eq. (11)
Initial attractiveness: β0
// for eq. (10)
Absorption coefﬁcient: γ
// for eq. (10)
Dimension of the problem: d
Fitness function: ϕ(s)
1: t ← 0
2: Initialize the ﬁreﬂy population P 0 = {s0i }i=1,...,NP
3: while t < Tmax do
4:
Generate υ t ← UpsilonNew()
5:
Evaluate sti ← EvaluateFFA(P t, ϕ)
6:
Sort the sti according to ϕ
7:
s∗ ← Best(P t )
8:
Compute st+1
// eqs. (9)-(11)
9:
t←t+1
10: end while
11: return s∗
Algorithm 1: Fireﬂy algorithm pseudocode
NP individuals {s0i }i=1,...,NP initialized randomly. This population size is maintained along the iterations. The ﬁreﬂy search
is performed within the while loop (lines 3-10 in Algorithm
1), with the following steps: ﬁrstly, the function UpsilonNew()
modiﬁes the value of parameter υ (line 4), although this step
is optional in the algorithm, and a constant value can be
considered instead. Then, the function EvaluateFFA evaluates
the quality of the solution (line 5). All solutions at time t
are sorted according to the ﬁtness function (line 6) and the
best value is selected and assigned to the global best s∗ (line
7). The new positions are computed according to the Eqs.
(9)-(11), where the ﬁreﬂies move towards the more attractive
individuals of the swarm (line 8). The process is repeated
iteratively until the maximum number of iterations is reached.
Finally, the best individual at ﬁnal iteration is selected as the
solution of the optimization problem (line 11).
B. Hybrid Modiﬁed Fireﬂy Algorithm
Since its publication, the ﬁreﬂy algorithm has been successfully applied to several engineering and industrial problems.
Also, several modiﬁcations and improvements on the original
version have been developed. Another promising area of
research is given by its hybridization with local search procedures. In this paper, we follow both approaches simultaneously
and enrich the ﬁreﬂy algorithm with three additional features:
the use of adaptation strategies on the control parameters, a
new population model based on elitism, and its hybridization
with a local search heuristics.
The ﬁrst modiﬁcation consists of introducing adaptation
strategies on two control parameters: the randomization parameter υ, and the light absorption coefﬁcient γ. For parameter
υ it is advisable to start with relatively large values with
the aim to promote extensive exploration at earlier stages

of the execution, and gradually decrease it to values near
to 0, so as the system performs intensive exploitation in
the neighborhood of the optima. In this paper, we√consider
an adaptive perturbation driven by: υ t+1 = υ t / t for a
problem-dependent initial parameter value υ 0 to be chosen.
The parameter γ is also modiﬁed according to the law:
γ t+1 = γ t /t2 , for an initial value γ 0 selected to be small,
so that the algorithm quickly reaches the asymptotic behavior
for γ → 0, meaning β → β0 according to Eq. (10); in other
words, the attractiveness remains mostly constant throughout
the search space.
The second modiﬁcation is applied on the population. In
the original ﬁreﬂy algorithm, the initial population P 0 of NP
individuals is entirely replaced in each generation, thus lacking
some valuable features in evolutionary algorithms such as the
selection pressure for survival of individuals. In fact, even the
best ﬁreﬂy in each generation is not necessarily preserved for
the next generation. In our approach, the initial population
of NP individuals is divided into three groups of sizes NPj ,
(j = 1, 2, 3), so that NP1 + NP2 + NP3 = NP . The ﬁrst group
is comprised by the best parents (according to the ﬁtness), so
that the best NP1 individuals are then preserved for the next
generation as members of the ﬁrst group. This group ensures
elitism and selection pressure, since the best individuals are
always preserved over the time and the selection is based on
the survival of the ﬁttest. The second group is obtained by
applying a mutation operator onto the members of the ﬁrst
group, so as to enforce exploitation of current good solutions.
In this work, we consider a single-point, inductive uniform
mutation operator that introduces random perturbations in the
form of an additive Gaussian white noise of mean zero and
variance θ on a randomly chosen coordinate k of the ﬁreﬂy si ,
while all other coordinates remain unaltered. Finally, the third
group consists of new random individuals injected at every
iteration to promote diversity and hence, intensive exploration
of the whole search space. This feature is particularly desirable
at initial stages of the execution, while its relevance decreases
over the iterations. For this reason, the population size of
this group, NP3 , is dynamically
2 modiﬁed over the iterations
t
−
1
as: NPt+1
= NPt 3 1 −
for a given NP0 3 . At each
3
Tmax
iteration t, the three lists are combined altogether and all
individuals are ranked according to the ﬁtness. Then, the three
new groups are generated and the whole process is repeated.
Finally, this modiﬁed scheme is improved by its hybridization with a local search procedure. In this work, we use
a direct local search method called Mesh Adaptive Direct
Search (MADS), originally proposed in [4] for constrained
nonlinear optimization. This method extends the generalized
pattern search (GPS) family of search methods by allowing
local exploration, called polling, in an asymptotically dense
set of directions in the search space. Instead of restricting the
local exploration of the space of variables to a ﬁnite number
of directions, it promotes a broader exploration while also
showing a very good scalability. As a consequence, MADS
performs pretty well in problems where both GPS and Melder-
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Require: (Initial Parameters)
Initial search point: x0
Fitness functions: ϕ
Maximum number of iterations: Kmax
Initial mesh size parameter: ∆m
0
Initial poll size parameter: ∆p0
Positive integer: w+
Negative integer: w−
Fixed rational number: τ
1: k ← 0
2: while k < Kmax do
3:
Perform Search and possibly Poll until an improved
mesh point xk+1 is found on the mesh Mk
4:
Optional Search: evaluate ϕ on a ﬁnite subset of trial
points on the mesh Mk
5:
Local Poll: evaluate ϕ on the frame pk
m
wk m
6:
Update ∆m
∆k where
k+1 as: ∆k+1 = τ
wk ∈ {0, 1, . . . , w+ } if an improved mesh point is
found, and wk ∈ {w− , w− − 1, . . . , −1} otherwise
p
7:
Update ∆pk+1 such that: ∆m
k ≤ ∆k , ∀k
8:
k ←k+1
9: end while
10: return xKmax
Algorithm 2: Mesh adaptive direct search pseudocode

Mead methods are known to stagnate.
MADS operates in iterative fashion: at each iteration a
ﬁnite number of trial points are generated and the infeasible
trial points are discarded. The ﬁtness function values at the
feasible trial points are compared with the current best feasible
objective value obtained so far. Each of these trial points
lies on the current mesh, Mk , formed by the ﬁnite set of
nD directions D ⊂ Rn scaled by a mesh size parameter
∆m
k ∈ R+ . The mesh is formed by adding the current point
to a scalar multiple of a set of vectors called a pattern.
If the pattern search algorithm ﬁnds a point in the mesh
improving the objective function at the current point, the new
point becomes the current one at next step of the algorithm.
Such a trial point is called an improved mesh point, and
the iteration is called a successful iteration. Each iteration
is divided into two steps: the search step and the poll step.
The former allows evaluation of the objective function at any
ﬁnite number of mesh points. The search is called empty when
no trial points are considered. When an improved mesh point
is generated, the iteration may stop, or it may continue if
there is a reasonable chance to ﬁnd a better improved mesh
point. In any case, the iteration starts with the best feasible
solution achieved so far and with a mesh size parameter equal
to or larger than ∆m
k , in order to speed up convergence.
Whenever the search step fails and no improved mesh point
is attained, the second step, called poll step, is invoked. In
this step, the mesh size parameter is reduced to increase the
mesh resolution so that trial points closer to the current best

solution are evaluated. To this aim, MADS includes a new
parameter, ∆pk , called poll size parameter, which deﬁnes the
distance from the trial points generated by the poll step to the
current best solution. The set of trial points considered during
the poll step is called a frame. The MADS frame is constructed
using the current best solution xk (called the frame center)
and the poll and mesh size parameters to obtain a positive
spanning set of directions Dk . Then, at iteration k the MADS
frame is given by: pk = {xk + ∆m
k d; d ∈ Dk } where d is
a nonnegative number combination of the directions Dk , and
p
′
′
n
∆m
k ||d|| ≤ ∆k max{||d ||; d ∈ D}, where D ⊂ R . The
corresponding pseudocode is shown in Algorithm 2.
IV. P ROPOSED M ETHODOLOGY
A. Our Method
Our method consists of applying the hybrid modiﬁed ﬁreﬂy
algorithm described in previous section to the border detection
problem described in Sect. II. Solving this problem requires
to deﬁne some important issues. Firstly, we need an adequate
representation of the problem. Each ﬁrelfy, representing a
potential solution, corresponds to a parametric vector of the
form: si = (ρi1 , ρi2 , . . . , ρiζ ) ∈ [0, 1]ζ , (i = 1, . . . , NP ) where
the {ρik }k=1,...,ζ are strictly increasing parameters. These
parametric vectors are initialized with random values, which
are then sorted in increasing order. Secondly, we consider
the ﬁtness functions described by the error functionals in (3)(5), which represent a trade-off between the conﬂicting goals
of the least-squares minimization of the ﬁtting error at data
points and the minimization of the number of free variables
of the problem. Application of our modiﬁed ﬁreﬂy method
according to Algorithm 1 for a given number of iterations
Tmax yields new ﬁreﬂies representing the potential solutions
of this optimization problem. The method is enhanced by its
hybridization with the MADS local search procedure for a
maximum number of iterations Kmax , according to Algorithm
2. Of course, both methods are applied for a given set of
parameter values (see our discussion on the parameter tuning
below). The ﬁreﬂy with the best global value for our ﬁtness
function is taken as the ﬁnal solution of our minimization
problem. The output of our method is the free-form parametric
curve given by (1)-(2) that approximates the data points better
according to the least-squares error while minimizing the
number of free parameters of the problem.
B. Parameter Tuning and Implementation Details
It is well-known that metaheuristic techniques require
proper parameter tuning for good performance [7]. Unfortunately, the choice of suitable parameter values is also strongly
problem-dependent. Consequently, our choice is mostly based
on empirical results. For the population size we set the value
NP = 100, as larger populations take longer without changing
our results signiﬁcantly. This initial population is distributed
as: NP1 = NP2 = 35 and NP0 3 = 3. The method is
executed for Tmax iterations. In our simulations, we found
that Tmax = 20, 000 is enough to reach convergence in
all cases. The parameters β0 and γ are set to 1 and 0.5,
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Fig. 1. Example III: (top-left) Original lesion image; (top-right) best reconstructed curve and data points; (left-bottom) reconstructed curve and lesion image;
(right-bottom) convergence diagram.
TABLE I
C OMPARATIVE RESULTS OF OUR METHOD WITH STATE - OF - THE - ART APPROACHES IN THE LITERATURE .
Example
I
II
III
IV
V
VI
VII
VIII
IX
X

# Data points
223
77
162
220
149
213
96
113
162
155

Uniform
3.4726E−1
2.3525E−1
3.6322E−1
3.4592E−1
4.3651E−1
3.7615E−1
1.6013E−1
3.0392E−1
2.9667E−1
2.4893E−1

Chord-length
3.4726E−1
2.0219E−1
2.9177E−1
2.5924E−1
4.0547E−1
3.4423E−1
1.2814E−1
2.6322E−1
2.5291E−1
2.1133E−1

Centripetal
3.4726E−1
1.9832E−1
2.8351E−1
2.6102E−1
3.9833E−1
3.4681E−1
1.3207E−1
2.6019E−1
2.5488E−1
2.0426E−1

respectively. Finally, the parameter υ 0 take values within the
interval [0.5, 2], depending on the example. Unfortunately, a
detailed analysis about how all parameters affect the method
is not possible here because of limitations of space.

Thresholding
3.4726E−1
1.6318E−1
2.1166E−1
2.1358E−1
3.6815E−1
3.1244E−1
9.2512E−2
2.3907E−1
2.2904E−1
1.8609E−1

Clustering
3.4726E−1
1.5494E−1
2.1397E−1
2.0709E−1
3.7626E−1
2.9275E−1
9.2753E−2
2.4449E−1
2.5306E−1
1.8214E−1

Our method
3.4726E−1
1.3243E−1
1.8913E−1
1.8215E−1
3.2537E−1
2.9323E−1
8.7354E−2
2.1163E−1
2.3101E−1
1.7558E−1

Regarding the implementation, our computational work has
been performed on a personal PC with a 2.8 GHz Intel Core
i7 processor and 16 GB of RAM. The source code has been
implemented by the authors in the programming language of
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Fig. 2. Example V: (top-left) Original lesion image; (top-right) best reconstructed curve and data points; (left-bottom) reconstructed curve and lesion image;
(right-bottom) convergence diagram.

the popular numerical program Matlab, version 2015b.
V. E XPERIMENTAL R ESULTS
A. Benchmark and Results
Our method has been applied to several examples of skin
lesion images, obtained from the digital image archive of the
Department of Dermatology of the University Medical Center
of Groningen (The Netherlands). In this paper we restrict to
a benchmark of ten medical images, labelled from Example I
to Example X and reported in Table I (see details below).
Only two examples of our benchmark (Examples III and
V) are graphically displayed in this paper owing of space
limitations. They are shown in Figs. 1 and 2, respectively.
Both ﬁgures show the original skin lesion image (top-left), the
best reconstructed border curve along with the original and
the reconstructed data points (top-right), the combination of
the two previous images for better visualization (bottom-left)

and the convergence diagram (bottom-right). From the pictures
we can see that the method obtains a very good ﬁtting of the
data points for both examples. This fact is clearly visible in the
top-right pictures, where the original data points (as red empty
circles) and the reconstructed curve (in blue solid line) with
ﬁlled diamond symbols for the corresponding reconstructed
points are displayed. Note the very good matching between
the original and the reconstructed points for both examples.
Similarly, good visual results have also been obtained for the
other eight examples in the benchmark.
Our visual observations of this good ﬁtting are conﬁrmed by
our numerical results, reported in Table I. For each example in
the benchmark (arranged in rows), the table shows the ﬁtting
error values obtained with our method (last column) for the
number of original data points indicated in the second column.
The main limitation of our method is the computing time.
Although the CPU time depends on the particular example
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under analysis and many other factors, our method is not
really fast, as it requires typically more than 10,000 iterations
to converge, i.e., several minutes for an individual execution.
These CPU times compare well with other approaches in
the ﬁeld, but they become unacceptable for real-time medical
applications or those where speed is a critical factor.
B. Comparative Analysis
We have also carried out a comparative analysis of our
method with other approaches described in the literature. In
particular, we consider three classical data parameterization
schemes (uniform, chord-length and centripetal; see [8], [18]
for details) and two state-of-the-art approaches: thresholding
[21] and clustering [5]. The corresponding ﬁtting error results
are shown in columns 3–7 of Table I. For each example,
the best ﬁtting results are highlighted in bold for easier
identiﬁcation. Our comparative results show that our method
outperforms all alternative methods in our comparison for
most (but not all) of the examples in the benchmark. The
only exceptions are Examples VI and IX, where the clustering
and the thresholding methods prevail, respectively. We remark
however that the ﬁtting errors of our method for those examples, although slightly worse than the best values, are still very
close to them. This means that our method is very competitive
with respect to state-of-the-art techniques in the ﬁeld for all
instances in our benchmark.
VI. C ONCLUSIONS

AND

F UTURE W ORK

In this paper, we applied a new hybrid modiﬁed ﬁreﬂly algorithm to compute the border curve of skin lesions from data
points extracted from medical images. Experimental results on
a benchmark of medical images show that our method outperforms classical mathematical methods and is very competitive
and often superior to state-of-the-art techniques in the ﬁeld
in terms of numerical accuracy. The limiting factor is that the
method is not really fast. We conclude that the approach is very
promising and can be useful in real-world medical applications
where speed is not a critical factor.
As a next step, we plan to analyze recent methods based on
fusion thresholding [1] to obtain the feature points without
human intervention so that our method is integrated in a
fully automatic pipeline. Reducing the computing times of our
method is also part of our plans for future work in the ﬁeld.
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