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ABSTRACT

Image analysis tools are spreading in dermatology since
the introduction of dermoscopy (epiluminescence mi-
croscopy), in the effort of algorithmically reproducing
clinical evaluations. Color-based region segmentation of
skin lesions is one of the key steps for correctly collect-
ing statistics that can help clinicians in their diagnosis.
Nevertheless, an efficient and accurate region segmen-
tation algorithm has not been proposed in the litera-
ture yet. This work proposes an iterative fuzzy c-means
clustering algorithm based on PCA with the Karhunen-
Loève transform of the color space. A topological tree
is provided to store the mutual inclusions of the regions
and then used to summarize the structural properties
of the skin lesion. Preliminary experimental results are
presented and discussed.

1 Introduction

Skin melanoma is a malignant pigmented skin lesion
which needs particular medical attention. Its incidence
as well as its associated mortality rate is rapidly increas-
ing in developed countries. The consequences of a late
diagnosis of malignant melanoma (MM) are very signif-
icant in terms of personal health, medical procedures
and costs. Since it is not always easy for clinicians to
distinguish between benign lesions and early MM, tech-
niques like dermoscopy (DS, also called epiluminescence
microscopy, ELM) have been developed to improve the
diagnosis of pigmented skin lesions. DS is now a well
recognised and established method to improve the clin-
ical diagnosis of MM when used by dermatologists [1].
ELM is a non-invasive, in vivo technique which reveals
features that are not perceivable by the dermatologist
during his clinical observation. It renders the skin par-
tially translucent and reveals the lower layers of the epi-
dermis.
Systems for computer image analysis for melanoma di-
agnosis that use segmentation-based shape features have
been developed [6]. However, as noted in [4], these fea-

tures often do not correspond to known biological phe-
nomena and do not model human interpretation of der-
matoscopic imagery.
Most works in the literature concentrated on the sepa-
ration of lesion from background, since it is obviously
a critical preliminar step in any analytic procedure.
Grayscale thresholding [7], color clustering [13], edge-
finding and non-linear diffusion [4] have been proposed,
while a metric for performance evaluation of the various
techniques has been developed in [8]. Recently, it has
been pointed out [4] that a segmentation stage should
consider not only color similarity, but also spatial infor-
mation.
Feature extraction has mostly focused on geometrical
aspects of the lesion, and only a few works deal with
other characteristics such as pigmented network [4,11]
or border cut-off [3]. Even if color is a key feature in
dermatoscopic diagnosis (the third of the ABCD crite-
ria presented in [1]), not much effort was provided to
adequately exploit color information.
In this paper we aim to provide an analysis of color
regions, focusing our attention on their inclusion prop-
erties as suggested by the dermatologists’ approach, and
organize them in a structured representation based on
a tree whose branches represent the inclusion property
while nodes contain region informations.

2 Method

Our proposal is based on the work of P. Schmid [12] that
proposed a fuzzy c-means segmentation over the two di-
mensional histogram of the first two components of the
Karhunen-Loève transform of the color space. The only
drawback of Schmid’s proposal is that, lacking spatial
information, the number of classes is automatically ob-
tained by a statistical evaluation of the histogram and
fails to identify small color areas in the original image,
being their pixels included in larger surrounding clusters
in the histogram. In this section, we shortly describe the
whole process, focusing on our application.
The algorithm has been tested on ELM images, obtained



by the use of an off-the-shelf dermatoscopic microscope
and directly digitized to 640x480, 16 bit per pixel color
images. The application software was developed with
Microsoft Visual C++ on a standard Windows PC.

2.1 Preprocessing

In order to obtain a smoother outline for regions and to
suppress details that are useless for the color area seg-
mentation and sometimes only introduced by the acqui-
sition process, we first convolve the image with a Gaus-
sian kernel with standard deviation of one pixel. Then,
since we want to obtain results similar to the dermatol-
ogist perception of color, we transform our images from
the original RGB color coordinates into CIE L∗a∗b∗

color coordinates [9], a uniform color space in which
equal distances mean, almost equal perceived chromatic
difference. Working in a uniform color space gives us a
more reliable metric for the clustering phase.

2.2 Karhunen-Loève transform

The diagnosis of pigmented skin lesions, regarding color
properties, relies on no more then a dozen color classes,
and this hints that a color reduction method can be
used having no worries about masking relevant proper-
ties. A common way used for the reduction of data, is
to discard components with less discriminating power
by projecting data onto principal components with the
Karhunen-Loève transform, also called Hotelling trans-
form or Principal Component Analysis [5]. This trans-
form consists of the projection of the vectors to be re-
duced on the eigenvectors of their covariance matrix,
computed using the following equations:
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where M is the number of data samples and mx is the
mean vector of the image. We define a matrix A whose
rows are the eigenvectors of matrix C ordered by de-
creasing eigenvalue. The Karhunen-Loève transform of
vector x is then defined by

y = A · (x−mx) . (3)

In our case the three components (L∗,a∗,b∗) are to be
reduced to just two components and the samples are
the image pixels. Processing with the Karhunen-Loève
transform does not change the uniformity of the chosen
color space [12].
We then discard the third component of the transform
and rescale and quantize the first two components to
256 levels in order to store each transformed pixel in
a byte-type variable. From this two components a 2D
histogram is computed and used for the next steps.

Figure 1: 2D Histogram of the two KL components.
Origin is top-left, the 1st component grows horizontally,
the 2nd vertically. Lighter points are higher values in
the histogram.

2.3 Fuzzy c-means clustering

The fuzzy c-means (FCM) algorithm is a robust cluster-
ing technique, especially efficient for the cluster center
computation. c being the number of classes, we use the
following two recurrent equations [12]:
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where Uik is the fuzzy membership of xkto class i and
vi is the ith class center. The weighting exponent m
defines the fuzziness of the membership values and in
our application has always been set to 3.
Details of characteristics and properties of the FCM al-
gorithm can be found in [10] and in [2].

2.4 Topological tree

The main idea behind structuring the region decompo-
sition of the lesion in a tree derives from the obser-
vation that the pixels group easily into two clusters,
one brighter, corresponding to the healthy skin and the
other darker, corresponding to the lesion. Iterating the
same concept on the lesions’s interior could provide us



(a) Original image (b) Segmentation in six areas with
no spatial constraint

(c) Segmentation with TT construction

Figure 2: Example of multiple-region color segmentation

with an informative view of the internal structure. Color
is evidently the main clinical criterion in this type of
analysis; however, a blind segmentation in multiple, dif-
ferently colored areas could lead to segmentation into
areas of poor interest (see Fig. 2(b), where the area cor-
responding to the healthy skin has been improperly split
into several parts).
We then should formally define two main concepts that
will be used in the rest of the text.

Definition 1 We define skin region of interest (skin
ROI) a set of pixels of the skin image exhibiting three
properties: uniform color, connected pixels and signifi-
cant area.

Given this definition, we must operatively define accep-
tance thresholds for the color uniformity, computed in
the 2D histogram color space, for the area size and also
for the degree of connectivity. About this aspect, some
morphological operations can be exploited in order to
obtain closure of regions with missing pixel and, at the
same time, to disjoint loosely connected regions.

Definition 2 A Topological Tree (TT) is a tree whose
nodes are skin ROIs and arcs represent topological in-
clusion relationships between skin ROIs.

The tree construction follows a recursive procedure that
starts with the analysis of the KL transform components
to compute the 2D histogram relative to the region.
Evaluating the maximum of the fuzzy membership, it
is possible to select two regions and their reciprocal po-
sition in order to select the next step of the algorithm.
If it is possible to select an outer region, its connected
component with maximum extent is added to the tree,
while the other is further processed together with all the
other non assigned components; otherwise, both regions
are further processed. The algorithm stops when the
region to analyze is too small. Two behaviors are de-
fined for regions: merging with ancestor or being a node
on itself, depending on size. By iteratively applying the
recursive procedure, we obtain a topological tree of the

regions, that can be used to summarize the topological
properties of the lesion itself.
A pseudo-code of the algorithm follows:

node AnalyzeRegion (region R, node N)
{
for each C in ConnectedComponents(R) {
if (Area(C)<Tmin) {
Merge (C,N);
return;

}
if (Area(C)<Tsplit) {
AddNodeToTree (C,N);
return;

}
[C1,C2] = FCM (C);
[Cint,Cext] = VerifyInclusion ([C1,C2]);
if (exists([Cint,Cext])) {
Cmax = MaxExtentConnComp (Cext);
Nnew = AddNodeToTree (Cmax,N);
AnalyzeRegion (C-Cmax,Nnew);

}
else {
AnalyzeRegion (C1,N);
AnalyzeRegion (C2,N);

}
}

}

3 Results

To evaluate the performance of our system, we randomly
chose and analyzed 16 lesions taken from a dermatolo-
gists’ database (8 lesions are benign and 8 lesions are
malignant melanoma).
Lesions were automatically segmented with 10 sets of
thresholds for size, fuzzy membership and connectivity
range and the best overall result was selected evaluat-
ing region significance by a dermatologist. Results are
shown in Fig. 3. Overall performance was considered
quite good based on dermatologist’s opinion, finding it
a useful hint about regions of interest. Cases of wrong



Figure 3: Best automatic segmentation results

segmentation were produced by unsatisfactory evalua-
tion of region inclusion, since regions should be consid-
ered included in some cases, even if they’re not perfectly
included from a topological point of view; different topo-
logical criteria are under evaluation. However, minor
manual correction on the selection path often produces
satisfactory results.

4 Conclusions

The main goal of this work was to present an iterative
fuzzy clustering for segmenting significant color regions
in skin lesion images.
The proposed algorithm aims to extract the skin ROIs
by creating a topological tree (TT), whose nodes are skin
ROIs and the arcs are topological inclusion relationships
between skin ROIs.
The proposed technique presents some interesting nov-
elties and is able to provide the user with a view of
the lesion’s structure. However, some preliminary tests
show that the algorithm should still be refined; in partic-
ular, the topological inclusion definition and its use for
building the TT, though flexible and promising, must
be further investigated to prevent erroneous classifica-
tion in some limit cases.
An interesting future direction is the study of a reliable
metric to evaluate the results, starting from the metric
presented in [8] and integrating dermatology’s sugges-
tions and knowledge.
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