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ABSTRACT
Malignant melanoma, a skin cancer, manifests itself as a
dark lesion, most often with an irregular boundary. The
degree of irregularity is an important diagnostic indica-
tor. This paper presents a new measure of irregularity us-
ing Hidden Markov Models (HMMs) based on the Weibull
probability distribution. The measure was tested on 98 skin
lesions of which 16 were malignant melanoma. The ROC
analysis showed that the measure is 82% sensitive and 82%
specific in discriminating the malignant and benign lesions.
These results compare favourably with other measures and
indicate that HMM captures some distinguishing features
in the boundary of malignant lesions.
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1 Introduction

Melanoma is a malignant tumour of melanocytes. The tu-
mour initially starts from the upper skin layer (epidermis)
and later invades the dermis below. The survival rate for pa-
tients is inversely proportional to the depth of the tumour.
Early detection of melanoma is the most important factor
affecting the survival of a patient.

Malignant melanoma can be characterised using some
physical features such as shape, edge, colour and surface
texture. The border irregularity of pigmented skin lesions
was identified by Keefe et al.[1] as the most significant
diagnostic factor in clinical diagnosis of melanoma. Re-
search by Morris Smith [2] revealed that “irregularity” is
one of the major vocabulary terms used for describing bor-
der of the malignant melanoma in medical textbooks. The
same research also showed that the clinicians place a sig-
nificant emphasis on border irregularity when describing
malignant melanoma. These findings coupled with the fact
that border irregularity is one of the major features in the
seven point checklist used for computing a “suspicious-
ness” score for skin lesions [3] indicate that border irreg-
ularity is a very important factor in the diagnosis of malig-
nant melanoma.
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It has been empirically discovered that clinicians have
difficulties in visually assessing border irregularity of skin
lesion outlines and that their assessments are not invari-
ant to reflection and rotation [2, 4]. Much research on
quantitative measures of irregularity has been carried out
to overcome these shortcomings[2]. The most common ap-
proaches include the Compactness Index (e.g. [5]), Fractal
Dimension (e.g. [6]) and measures based on radial distance
(e.g. [7]). These methods are critically reviewed in a recent
paper by Lee et al [8].

Claridge et al. [4, 9] proposed the use of fractal
dimension (FD) and a modified fractal dimension called
Structural Fractal Dimension( SFD). FD is not sensitive to
the structural features such as indentations and protrusions
[8]. SFD was designed to remove this drawback but its re-
sponse to single indentations and protrusions, which can
be indicative or early melanomas, was too week to enable
reliable classification. [8, 10].

Sigma Ratio and Indentation Irregularity Index, pro-
posed by Lee and Atkins [8, 10], are non-linear measures
derived by a curvature-scale filtering. They have been
shown to be successful in detection of indentations and pro-
trusions in the lesion border and have been the most suc-
cessful algorithm to date for classifying skin lesions on the
basis of their border irregularity.

The term “Irregularity” is intuitive and can express
different meanings. If irregularity is to be quantified, it is
necessary first to develop its formal definition, or at least
provide its formal description. Five attributes of irregular-
ity have been proposed [11]. One of these attributes which
is of interest here is lack of predictability. The elements of
a sequence corresponding to a regular shape or pattern are
predictable, whereas in an irregular sequence they cannot
be easily predicted. That is, the extent to which a sequence
can be predicted may help us to determine how regular the
sequence is.

In this paper we present a new measure of irregularity
based on Hidden Markov Model. In contrast to the existing
measures, the proposed measure is based on a formal cri-
terion of irregularity outlined above. The model is trained
on idealised regular lesion shapes represented as ellipses.
If a given lesion is regular, its shape will be represented by
the model. The degree to which a given lesion boundary
conforms to the model is evaluated by computing the log-
likelihood of the outline given the model. This measure



estimates the extent to which a boundary sequence can be
predicted by the model. This paper suggests that the log-
likelihood value can be used to estimate border irregularity
of skin lesions.

Section 2 presents a brief description of the Hidden
Markov Models while section 3 presents the Markov Model
for skin lesions. Section 4 describes the experiments on
real lesion outlines. Results and discussion are in section
6. Finally, section 6 presents the conclusion.

2 Hidden Markov Model

A Markov model can be defined as a process that consists
of a finite number of states N, and an N x N stochastic ma-
trix with elements ��� which gives the probabilities of tran-
sition from states i to j. A Hidden Markov Model (HMM)
is a ”composite” Markov model where each state has an
associated probability density function ������ which gives
the probability of the state j emitting a particular observa-
tion �� at time t. The states are hidden and can only be
observed through the emissions.

Let us denote a sequence of hidden states by ���� and
the associated sequence of observation by ���� t=1, ..., T
where T is the sequence length. HMM assumes that �� de-
pends only on ���� and that the observation�� is indepen-
dent of any other observations. This conditional indepen-
dence permits us to define the joint probability distribution
of the sequence of states and observations as

� ���� � � � � �� � ��� � � � � �� � �

� ����� �������
��

���

� ���������� ������� (1)

An HMM assumes that the state variables are discrete-
valued, whereas the observation variables can be either
discrete-valued or real-valued (continuous HMM). In this
paper, we only consider a continuous HMM. In this in-
stance HMM � ������� can be modelled using different
probability distributions such as Gaussian, Gamma, expo-
nential or Weibull, or even mixture of probability distribu-
tions such as mixture of Gaussian (MOG). In this paper we
model the observation sequence using Weibull distribution
(see 3.2).

An HMM can be explicitly specified by using five pa-
rameters: N, M, A, B and � where N is the number of hid-
den states, M is the number of distinct observations, A=
��� is the transition probability distribution, B= ������ is
the observation probability distribution matrix and � = � �

is the initial state distribution.
HMM has proved very useful in pattern recognition

and pattern classification problems, for example in speech
recognition [12, 13], handwriting recognition [14, 15], ges-
ture classification [16], music classification [17] and EEG
classification [18]. For further information on HMM see
[12, 19, 20]

3 Skin Lesion Shape Model

3.1 Data Description and Problem Definition

Medical experts regard a skin lesion that is nearly circular
or elliptical in overall shape as more likely to be normal
than not [4]. In view of this we have taken the ellipse to
be a shape model for a normal skin lesion and to represent
the most regular instance of the lesion shape. The more
irregular the lesion border, the less likely it is to conform
to the model. Figure (1) shows examples of lesion outlines,
(a) regular and (b) irregular.

Figure 1. Examples of Lesion Outlines: (a) regular
(b) irregular

A “distance” between the model and a given lesion
data is a measure of the lesion’s irregularity. If irregularity
is framed as a lack of predictability (see section 1), it is easy
to see that the points on the circumference of an ellipse can
be easily predicted whereas points belonging to an irregular
shape are not easily predictable.

The lesion border is represented as a sequence of (1D)
radial coordinates in a polar coordinate system centred at
the centre of gravity of the lesion. The coordinates consti-
tute an observation sequence � � ��� ��� 			� �� where
��, i=1, ..., M is an i-
� boundary point. A model � de-
scribes a set of ellipses representing a normal skin lesion.
Given the observation sequence � and the model � we
compute the probability P(O/ �) which is the probability
of the observation sequence � given the model �. P(O/ �)
can equally be interpreted as the likelihood of generating
the observation � when given the knowledge of model �.
Our hypothesis is that 
���� ������(log-likelihood) should
decrease with increase in border irregularity.

3.2 Choice of Probability Distribution for
the Observation Sequence

In order to model the observation sequence we investigated
the suitability of different probability distributions such as
Gaussian, Gamma, Uniform, log-normal, exponential and
Weibull (equation (2)) . The investigation was carried out
using a theoretical quantile-quantile (Q-Q) plot method



[21]. A Q-Q plot can be obtained by plotting the quan-
tiles of a given sample data against the corresponding the-
oretical quantiles of a given probability distribution. The
result of Q-Q plot is interpreted by examining the shape
of the plot and the closeness of the plot to its best lin-
ear fit [21, 22]. Figures (2, 3 and 4) show the Q-Q plots
for a typical skin lesion using Weibull distribution, Gaus-
sian distribution and Gamma distribution respectively. Fig-
ure (2) shows that there are some outliers at the beginning
of the plot, Figure (3) shows that there are outliers at the
beginning and the end of the plot while Figure (4) shows
that the plot skews to the left. These indicate that Gamma
distribution does not represent the data well, and that the
Gaussian distribution has more outliers than the Weibull
distribution. These qualitative indicators were further con-
firmed by computing linear correlation coefficients for the
three distributions and for all the lesion data. The mean and
standard deviations were 0.977 (0.023) for Weibull distri-
bution, 0.975 (0.025) for Gaussian distribution and 0.876
(0.066) for Gamma distribution.

As the Weibull distribution fits the data better than any
of the two distributions, we have used it to model the ob-
servation sequence of the HMM for the skin lesions. The
parameter � affects the shape of the distribution and pa-
rameter � modifies its scale.
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4 Experiments

Experimental data consisted of 98 skin lesions of which of
16 were histologically confirmed cases of melanoma and
the remaining 82 were benign lesions [23]. The radial co-
ordinates corresponding to lesion boundary were extracted
using a boundary modelling technique [24]. The data was
normalised by subtracting the mean and dividing by stan-
dard deviation to make it scale invariant.

A Hidden Markov Model of the regular (elliptical)
boundary was trained on a small set of ellipses, each rep-
resented by a sequence � � ��� ��� 			� �� of normalised
radial coordinates. The ratio of the major to minor radii of
all the ellipses used is one. A model � developed through
this training is assumed to capture the essential charac-
teristics of all similar �-s. Training employed an expec-
tation maximisation method based on Baum-Welch algo-
rithm [12, 19, 20]. The algorithm estimates the optimum
values of the shape parameter � and scale parameter � of
the Weibull distribution (equation (2)) by adjusting and re-
estimating the parameters of HMM such that likelihood
P(M/y) is maximised. A fully connected HMM structure
with 3 hidden states was used throughout.

Once the model has been trained, the testing proce-
dure was carried out by computing log(P(O/ �)) which
gives the log-likelihood (probability) of generating the ob-
servation sequence� given the model �. This was done for
all the 98 cases considered. In order to further investigate

the appropriateness of the use of Weibull distribution in
modelling the lesion boundary data, the experiments were
repeated with the HMM trained using Gaussian probability
distribution in place of Weibull distribution.

To assess the discriminatory power of the log-
likelihood measure as a melanoma classifier, the ROC anal-
ysis [25] was performed for both HMMs (i.e Weibull and
Gaussian distribution trained).

One interesting question, not answered through the
above experiments, was whether any of the computed mea-
sures corresponds to the human perception of the border
irregularity in the skin lesions. To this end an experimental
survey was carried out. 20 skin lesion outlines randomly
selected from the full data set were given to 23 subjects,
none of whom had medical training. The subjects were
asked to rank the outlines based on their degree of irreg-
ularity. The level of agreement among the subjects was
evaluated using rank correlation �� based on Kendall coef-
ficient of concordance W [26]. The value of �� ranges from
0 (no agreement) to 1 (perfect agreement).

To test a “default” hypothesis, that irregularity simply
depends on the magnitude of variations along the bound-
ary, the standard deviation was computed for all the lesion
outlines.

The results were analysed as follows. The Spearman
coefficient of correlation was determined for each pair of
the three irregularity estimations: the log-likelihood mea-
sure, the visual assessment (using the average ranking from
the 23 subjects), and the standard deviation for the selected
20 lesions. Finally, the relationship between all three es-
timations was examined using multiple linear regression
analysis.

Figure 2. Quantile-Quantile plot for pigmented skin lesion
data using Weibull distribution

5 Results and Discussion

The ROC analysis of the log-likelihood measure as a
melanoma classifier showed 75% sensitivity and 76%
specificity when the observation sequence was modelled
using Gaussian probability distribution and 82% sensitivity
with 82% specificity when using Weibull probability dis-
tribution. Standard deviation gave sensitivity of 77% and
specificity of 78 %. Figure (5) shows the ROC plots for



Figure 3. Quantile-Quantile plot for pigmented skin lesion
data using Gaussian distribution

Figure 4. Quantile-Quantile plot for pigmented skin lesion
data using Gamma distribution

Figure 5. ROC curves for the log-likelihood measure us-
ing Gaussian distribution in the HMM (solid line), using
Weibull distribution in the HMM (dashed line); and for the
standard deviation (asterisks) - as melanoma predictor

all three cases. On the basis of these results we have con-
cluded that boundary sequences corresponding to abnor-
mal lesions are less predictable (i.e. more irregular) when
assessed using the Weibull probability distribution model
than when using the Gaussian model of a regular (assumed
normal) boundary. The departure from the Gaussian model
of the regular lesion as measured by log-likelihood is no
more discriminatory than a simple standard deviation of the

boundary data.

In the experiments examining the perception of irreg-
ularity, the coefficient of concordance W was 0.886, indi-
cating good agreement between all 23 subjects. The as-
sessment of irregularity by the subjects correlated relatively
poorly with both the Weibull based irregularity measure
(Spearman correlation coefficient of 0.568) and standard
deviation (0.466). Correlation was very poor between the
Weibull based irregularity measure and standard deviation
(0.229). The multiple linear regression analysis for all three
tests showed equally poor correspondence (0.228). These
results suggest that humans have similar way of assessing
shape irregularity, but the human notion of irregularity may
not be the same as measured by the indicators investigated
in this paper. One possible interpretation of these results
is that the features of a lesion boundary which makes it
look irregular are not necessarily those associated with the
irregularities present in abnormal lesions. A suitable com-
putational irregularity measure may thus be a better abnor-
mality predictor. This interpretation is only tentative be-
cause, first, the assessment of irregularity by clinicians is
most likely to be different than those with no medical train-
ing; and second, they are drawn based on a small number
of subjects (23). However, they are suggestive enough to
encourage further work on this problem.

We have compared the result of the proposed mea-
sure with one of the best published melanoma predictors
based on irregularity, the Indentation Irregularity Index
(III) [23, 27]. The comparison used the area under the ROC
curve, which is a global measure commonly used to assess
the overall predictive power of classification schemes. The
III computed for a superset of the set of lesions used in our
experiments has the area under ROC curve of 0.73 [23],
whereas for the HMM based measure the area is 0.81. This
indicates that the HMM-derived measure has a greater dis-
criminatory power than the III index.

6 Conclusion

In this paper we have proposed a new measure of border
irregularity for pigmented skin lesions based on Hidden
Markov Models. The measure has been devised to quan-
tify one of the attributes of irregularity, namely a lack of
predictability. We have demonstrated that regular lesion
boundaries can be modelled using a Hidden Markov Model
assuming Weibull distribution. Irregular boundaries do not
conform to this model, which results in the decrease of
the log-likelihood of the boundary being represented by the
model. ROC analysis of the log-likelihood as a malignancy
predictor gave 82% of both sensitivity and specificity. This
result shows that the model captures some distinguishing
features in the boundary of malignant lesions and thus can
contribute to lesion classification.
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