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Abstract. The incidence of malignant melanoma, the most lethal form
of skin cancers, has risen rapidly during the last decades. Fortunately,
if detected early, even malignant melanoma can be treated successfully.
Thus, in recent years, methods for automated detection and diagnosis of
skin cancer, particulary malignant melanoma, have elicited much inter-
est. In this paper we present an artificial neural network approach for
the classification of skin lesions. Sophisticated image processing, feature
extraction, pattern recognition and methods from the field of statistics
and artificial neural networks are combined in order to achieve a fast and
reliable diagnosis. With this approach, for reasonably balanced training
and test sets, we are able to obtain above 90% correct classification of
malignant and benign skin lesions coming from the DANAOS data col-
lection.

1 Introduction

1.1 Background

Skin cancer has reached the highest rate of increase among all types of can-
cer. Fortunately, even the deadliest form, malignant melanoma, may be treated
successfully. The key is early detection and the key to early detection is regu-
lar screening. There exists a clear demand to improve both, the quantity and
the quality of skin cancer screening. This requirement, which will increase in
the future, cannot be met to the desired extent by current methods alone. On
one hand, cutaneous melanoma is unique among cancers in the sense that it is
readily accessible and highly contrasted with the surrounding skin. On the other
hand, however, diagnosis of malignant melanoma is a difficult task since other
skin lesions may have similar physical characteristics. In many cases, dermatol-
ogists perform a biopsy to ascertain whether a lesion is malignant or benign.
Since this procedure involves some expense as well as morbidity, particulary in
patients with multiple atypical moles, alternative early detection techniques are
being sought for rapid, convenient skin cancer screening. A first-level screen-
ing may distinguish between benign and suspicious skin lesions. Patients having
only benign lesions may be given a clean bill of health, whereas patients with a
suspicious lesion are referred to a specialized dermatologist or oncologist.



1.2 Objective

In this paper we present a framework for a classification system that can, first,
continuously be trained with new data and, therefore, is able to learn life-long,
and, second, allows a statistical interpretation as well as a validation of its perfor-
mance. Providing a sufficient amount of training data the system’s classification
promises to deliver a robust diagnosis that reaches or even exceeds the reliability
of an experienced dermatologist.

2 Methods

The clinical diagnosis is often based on the mnemonic ABCD rule (asymmetry,
border, color, diameter) [1]. Several approaches aim at standardization and re-
producability of the diagnosis by transferring the criteria of the ABCD rule into
automatically computed quantities [2, 3, 4]. Since melanoma and certain forms
of benign skin tumors differ slightly in their physical characteristics a combina-
tion of features is required for reliable diagnostic decisions. When examining skin
lesions, dermatologists base their decisions on experience, as well as on complex
inferences and extensive knowledge. Such experience cannot be condensed into
a small set of rules or symbolic knowledge bases [5]. In contrast to this neu-
ral networks are capable of experience-based learning which makes them well
suited for this task. In order to train a network well, however, examples from a
broad population with different skin types is required. Such a data collection was
created during the DANAOS study [6] and is used throughout all experiments.

2.1 Feature extraction

After an image of a skin lesion has been taken (and may be cleaned up by
some filtering), its outer border has to be determined. This process is referred
to as boundary detection or segmentation. Several methods are discussed in the
literature [7, 8, 9, 10]. We employ a hybrid method that combines a statistical
clustering of the color space and a hierarchical region-growing algorithm. Once
the lesion has been successfully segmented, the feature extraction process can be
concentrated directly on the lesion and a margin area around it. The asymmetry
percentage of a tumor is estimated by first finding the principal axes of inertia of
the tumor shape in the image [2] and, second, by computing the nonoverlapping
areas after an imaginary ”folding” operation along these axes divided by the
total area of the tumor. The border irregularity is expressed by the irregularity
index [5] as well as by fractal features of the boundary [11]. One of the most
predictive features in identification of malignant melanoma is variegated color [5].
Dermatologists define variegated coloring as the swirling together of tan, brown,
red and black. The variegation in color is expressed by the variance in red, green
and blue color components. Tezture also represents an important feature and has
been considered in literature [12]. Since the position and orientation of a skin
lesion as well as the magnification varies the used features have to be invariant
against these variations. Some proposed features are either invariant against
translation [13], or rotation [14]. We employ features based on specialized Gabor
wavelets which are scale, translation and rotation invariant.



2.2 Mixture-of-Experts architectures

In recent years, artificial neural networks have elicited much interest in the field
of cancer diagnosis [5, 3, 15, 16]. Altough fully-connected networks are capable
in principle of representing complex nonlinear functions, the time required to
train a complex network does not always scale well with problem size and the
solution obtained does not always reveal the structure in the problem. More-
over, it is difficult to express prior knowledge in the language of fully-connected
networks. Achieving better scaling behavior, better interpretability of solutions
and better ways of incoporating prior knowledge may require a more modular
approach in which the learning problem is decomposed into sub-problems. A
general strategy follows the principle of divide-and-conquer where the problem
is treated as one of combining multiple models, each of which is defined over a
local region of the input space. An application of the divide-and-conquer prin-
ciple is the mizture of experts architecture [17] which involves a set of function
approximators (ezpert networks) that are combined by a classifier (gating net-
work). These networks are trained simultaneously so as to split the input space
into regions where particular experts can specialize, see Fig. 1. The problem of
training mixtures of experts can be treated as a maximum likelihood estimation
problem. A general technique for this task is the EM that often yields simple
and elegant algorithms [18]. For mixtures of experts the EM decouples the es-
timation process in a manner that fits well with the modular structure of this
architecture. It has been empirically shown that the EM for mixture of experts
architectures yields significantly faster convergence than gradient ascent [19]. In
order to increase the specialization of the experts, optimization criteria have to
be employed that introduce competition between the experts. Several criteria
have been discussed [17]. We use a criterion that weights the adaptation rate of
each experts with its relative performance.
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Fig. 1. The mizture of experts architecture. The total output is the weighted sum of
the expert network outputs, where the weights are the gating network outputs.



3 Results

For the classification of malignant melanoma two different percentages are of
interest: sensitivity, the rate of malignant melanoma recognized as malignant,
and specifity, the rate of benign lesions recognized as benign. For a first level
screening a high sensitivity is needed in order to not miss any malignant lesion.
For a significant reduction of unnecessary extrusions, in addition to that, a high
specifity is required. In our study we aimed at the first task. Two statistically
independent, disjoint sets are used for the training and test sets to allow unbiased
results to be obtained on the test set. The networks were trained with a balanced
mixture of inputs from each diagnostic class. The data set comprises 423 different
cases of skin lesions. Classification results are shown in Tab. 1.

Table 1. Percentages of right classification of mizture of ezperts (MOE) compared
with fully-connected multi-layer perceptrons (MLP). The rows show the responses of
the networks and the columns the true class.

MOE |malignant benign| MLP |malignant benign

malignant 99.2 0 malignant 98.7 0
benign 0 79.4 benign 0 76.5

The results show that for the task of a binary decision “benign or suspi-
cious” a mixture of experts does not outperform a fully-connected multi-layer
perceptron. A statistical interpretation, however, is still possible. For more than
two output classes no significant improvement could be observed. However, the
tendency to overfit was a little bit lower in this case. Overall, the mixture of
experts tend less to overfitting than the multi-layer perceptrons since they are
inherently able to estimate a local variance for each experts and, therefore, to
adjust the mixture perfectly to the variance of the input space.

4 Discussion

Fast and effective methods to separate malignant melanoma from benign tumors
are becoming more and more important due to the fact that the incidence of
malignant melanoma has risen dramatically in recent years. In this study, we em-
ployed a specialized artificial neural network for the classification and diagnosis
of melanoma from digitized images of skin lesions. The mizture of experts archi-
tecture gives two advantages over traditional nonlinear function approximators
such as multi-layer perceptrons: a statistical understanding of the operation of
the classifier and provision of information about the performance in the form of
likelihood information and local error bars. Incorporating ideas from the fields
of statistics and artificial neural networks represents a significant step towards
interpretable learning systems. Overall, experimental evidence is given for the
strength of the chosen approach and the classification results obtained on real-
world data were found to be very promising.
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