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Abstract

One of the important clinical features that differentiates benign melanocytic nevi from malignant melanomas is the irregularity of the
lesion border. There are two types of border irregularities: texture irregularities, the small variations along the border, and structure
irregularities, the global indentations and protrusions. Texture irregularities are subject to noise, whereas structure irregularities may
suggest excessive cell growth or regression of a melanoma. We have designed a new algorithm for measuring the structure irregularities ir
the border. Our algorithm first locates all the local and global indentations and protrusions and organizes them in a hierarchical structure.
Then an area-based index, called the irregularity index, is computed for each indentation and protrusion along the border. From the
individual irregularity indices, two important new measures, the most significant irregularity index and the overall irregularity index are
derived. These two new indices provide a measure of the degree of irregularity along the lesion border. A double-blinded test was
performed to examine the effectiveness of these two new indices. Fourteen experienced dermatologists were asked to evaluate the borde
of 40 pigmented lesions. The clinical evaluation result was then compared with the two new indices and other published shape
measurements. The user study showed that both of the new indices vastly outperformed the other shape descriptors. Moreover, ou
algorithm captured the knowledge of expert dermatologists in analysing malignancy of a lesion based on its shape alone, indicating that
the new measures may be useful for diagnosing melanomas.
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1. Introduction medically known as melanocytic nevi; however, some of
the lesions are malignant, medically known as cutaneous
Cutaneous melanocytic lesions are the common brown malignant melanomas. Early diagnosis of malignant
pigmented skin lesions known as moles. These lesions are melanomas is crucial to treatment processes because ti
formed by nests of specialized cells called melanocytes in survival rate is inversely proportional to the thickness of
the outer layer of the skin. Melanocytes produce a pigment the lesion (Balch et al., 1989). Due to the increasing
called melanin, which protects the body from harmful incidence rate in the last three decades (Armstrong and
ultraviolet radiation. When melanocytes proliferate, a skin English, 1996), many dermatologists are searching for
lesion is formed and a pigmented mark appears. The non-invasive computer-aided diagnostic systems which can
majority of such pigmented skin lesions are benign, help health care providers to diagnose early lesions and to

improve diagnostic accuracy and consistency. Furthermore,
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Studies have been conducted to investigate the possi- (a)) &nd amalignant melanoma (Fig. 1(b)). Among these

bility of detecting melanomas using image analysis tech-
nigues. The clinical surface view features (border irregu-
larity, asymmetry, texture, colour and lesion size) and
clinical subsurface view features (pigment networks,
brown globules, black dots, radial streaming and pseu-
dopods) have been extracted and analysed (Cascinelli et
al.,, 1987; White et al., 1991, 1992; Schindewolf et al.,
1992; Binder et al., 1994; Ercal et al., 1994; Hall et al.,
1995; Seidenari et al.,, 1995; Gutkowicz-Krusin et al.,
1997; Menzies et al., 1997; Colot et al., 1998; Fleming,
2000). These features were often extracted from colour
images, but wide spectrum images including invisible

melanoma features, border irregularity has been reported
as the most significant factor in clinical diagnosis (Keefe et
al., 1990). Histologically, protrusions along the lesion
border may suggest abnormality and excessive cell growth

in a sub-population of the melanocytes, while indentations

may suggest an occurrence of regression in the melanom:
Therefore, marked border irregularities may be indicative
of malignancy of a pigmented skin lesion. In this paper, we
concentrate on how to measure border irregularity effec-
tively so that the measurement can be used as an input
feature by a classifier for malignant melanomas.

wavelengths have also been investigated (Cotton et al.,1.1. Types of border irregularities

1999; Bono et al.,, 1999; Elbaum, 2000). Based on an
optical model of skin, Cotton et al. (1999) was able to
derive features such as the amount of dermal blood and
epidermal melanin from colour and near-infrared images.
Although the above features (surface view or subsurface
view, structure-based or texture-based) provide important
evidence for melanoma, none of them can provide a proper
diagnosis by itself. A classifier is required to analyske
features to generate a diagnosis.

Among all features, lesion shape is one of the important
symptoms for diagnosing melanoma. Clinically, benign
nevi are often described as small skin lesions with uniform
colour. They usually have a round or oval shape border.
On the other hand, malignant melanomas usually appear as
enlarged nevi with multiple shades of colours, and their
borders tend to be irregular and asymmetric with protru-
sions and indentations (Maize and Ackerman, 1987;
Rivers, 1996). Fig. 1 shows a typical benign nevus (Fig.

When a lesion border is studied carefully, we notice two
types of irregularities: texture and structure irregularities
(Claridge et al., 1992). Texture irregularities are the fine
variations along the lesion border. Detecting and measur-
ing texture irregularities may be subject to noise from the
hardware imaging devices and/or software programs. On

the contrary, structure irregularities, which are general

undulations of the perimeter, may infer the abnormal
histological signs discussed in the previous section, and
have a higher correlation with melanomas (Claridge et al.,
1992). Therefore, measuring structure irregularities accu-
rately is important for diagnosing melanomas. Fig. 2 shows
both types of irregularities with three border outlines
extracted from pigmented skin lesions. Lesion border A
has no structure protrusion and indentation, but a lot of
texture irregularities. Lesion border B has a structure
protrusion at the top of the border but has less texture

(a)

(b)

Fig. 1. Melanocytic lesions: (a) Benign nevus; (b) Malignant melanoma.
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the lesion border. We showed that this simple index is
more sensitive to structure indentation and protrusion than
the CI, FD and SFD. However, there are some short-
comings of the SR measure. First, the SR measure is
non-linear. Second, the SR measure is sensitive to a long
and narrow indentation such as the one shown in Fig. 3(a).
When an occluding hair of a skin lesion is misinterpreted
(A) (B) © as a long and narrow indentation by a pre-processing
Fig. 2. Three lesion borders. segmentation program, the lesion border has a high SR,
which can be similar to the SR of a much larger indenta-
tion as shown in Fig. 3(b). Hence, using the SR measure

irregularity than the other two borders, while lesion border requires all hairs to be removed carefully either by
C has a prominent structure protrusion and indentation at shaving, or by using a pre-processing program such as
the bottom of the border. DullRazor (Lee et al., 1997).
1.2. Previous work 1.3. Sructure of the paper

Most previous studies used some common shape de- In this paper, we extend the SR measure to two new
scriptors such as the compactness index (CI) (White et al., area-based measurements, called the most significant ir
1992; Golston et al., 1992; Ercal et al., 1994; Stoecker et regularity index (MSII) and the overall irregularity index
al., 1995; Colot et al., 1998) or the fractal dimension (FD) (Oll), by directly locating and measuring indentations and
(Claridge et al., 1992, 1998; Hall et al., 1995; Ng and Lee, protrusions along the lesion border so that the resulting
1996) to measure border irregularity. Unfortunately, the ClI measure is sensitive to structure irregularities. To examine
is sensitive to noise along the border. Alternatively, the effectiveness of these new measurements, we per-
Mandelbrot's FD (Mandelbrot, 1982) has been used exten- formed a user study with fourteen experienced dermato-
sively to measure the roughness (jaggedness) of a border logists by comparing their clinical evaluations of forty
or a surface for many applications (Pentland, 1984; lesion borders against the MSII, Oll, Cl, FD and SFD.
MacAulay, 1989; Caldwell et al., 1990; Chaudhuri and In Section 2, we describe the algorithm for our new
Sarkar, 1995). However, the FD does not measure struc- measures in detail. Section 3 describes our user study witt
ture irregularities. In an attempt to capture major structural expert dermatologists. Section 4 discusses the results anc
features, Claridge et al. (1992) designed a measure called Section 5 concludes with a summary and further work.

Structure Fractal Dimension (SFD), where the lesion
border is smoothed slightly before the FD is computed.
There are problems with this measure which we discuss 2. Algorithm for irregularity index
later in Section 4.2.
In our earlier work, we reported a new measure for 2.1. Preprocessing lesion images
border irregularity, called Sigma-Ratio (SR) (Lee et al.,
1999), which is based on the number of Gaussian smooth- The original skin lesion images are automatically pre-
ing iterations required for eliminating all concavities along processed by two programs to extract the lesion border

original phantom sigma = 10 sigma=60 sigma=110 sigma= 160

clelelele

original phantom sigma = 10 sigma=60 sigma= 110 sigma= 160

BETRTT

Fig. 3. Phantoms for the sigma-ratio: (@) A small indentation that is long and narrow; (b) a large indentation. Both phantoms are smoothed by Gaussian
kernels with an increasing Gaussianwhich is reported at the top of the smoothed border. Since both phantoms require a similar amount of smoothing, in
term of Gaussiamw, to eliminate all concavities on the border, they have a similar sigma-ratio in spite of the different indentation sizes.
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contour. First, the skin image is screened for dark thick
hairs. These hairs are removed by a software program
called DullRazor (Lee et al., 1997) to reduce hair interfer-

ence on the subsequent automated segmentation program.

Then the lesion border contour is extracted automatically
(Lee et al.,, 1995). Fig. 2 shows three of the extracted
lesion borders.

2.2. Abstraction of lesion border

In order to analyse indentations and protrusions along a
lesion border, we abstract the border as a planar clgve
Further simplification can be made by parameterization of
the x andy coordinates into two linear functiongt) and
y(t), where O<t=<1 is the path length variable along the
planar curve,

Lo = (x(®), y(1))- (1)

The initial point of the parameterizatiort,= 0, can be
selected arbitrarily; however, the border is traced in the
counterclockwise direction so that the interior of the lesion
is in the left-hand side of the border during the tracking
process. Furthermord, (X(0), y(0)) = L,(x(1), y(1)), be-
cause the border forms a closed contour.

2.3. Partition border into indentation and protrusion
segments

A simple method to measure irregularities (indentations
and protrusions) along a curve is to compute the corre-
sponding curvature function. For any curiéx(t), y(t)),
the curvature functioK(t) can be computed as (Greenspan
and Benney, 1973)

dx d’y dy d*
dt g2 dt g2

dX 2 dy 2\ 2/3
(@) (&)
With our convention, using counterclockwise tracing along
the border and image coordinate system , positive curva-
ture values imply concavity, while negative curvature
values imply convexity. Local curvature extrema, located
by the zero-crossings of the first derivative Kft), mark

the tip points of concave and convex segments. These tip
points are considered to have high information content
(Attneave, 1954) and have been frequently used to parti-
tion border contours into parts. Hoffman and Richards
(Hoffman and Richards, 1985; Richards and Hoffman,
1985; Richards et al., 1986) partitioned object borders at
concave tips and their part primitives, codons, are consti-
tuted of curve segments with 0, 1 or 2 curvature extrema.
Siddigi and Kimia’s (Siddigi and Kimia, 1995) neck-based

K(t) = (2)

“The original is in the top-left corner.
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and limb-based approach for object decomposition also put
the terminals of part-lines at the concave tips. These

partition rules produce only protrusion segments.

tive local curvature extrema [, tJ], wheret, t,andt ,
are specified by the path length variables of the curve. The
middle curvature extremunt, denotes the segment tip
point and the segment type. For example, wherns a
concave curvature extremurk(t,)>0, the corresponding
segment is an indentation segment. Otherwise, a convex
curvature extremunt,, K(t,) <0, specifies a protrusion
segment. The local curvature extremaand t, delineate
the extent of the segment and they have a different sign
from curvature extremun,,

signi(t,)) = signKit.)), 3)
signK(t,)) # signK(t,)).

In other words, an indentation segment is defined as a
curve segment that begins with a convex curvature ex-
tremum, followed by a concave curvature extremum and a
convex curvature extremum. Similarly, a protrusion seg-
ment, defined as a dual of an indentation, is a curve
segment that begins with a concave curvature extremum,
followed by a convex curvature extremum and a concave
extremum. In Fig. 4, a curve segment with overlapping
protrusions and indentations is shown. The points B, D and
F specify the tips of the protrusion segments and the points
A, C, E and G specify the tip of the indentation segments.
The corresponding curvature function is also plotted. The
local curvature extrema, points A to G, are determined by
the zero-crossings of the first derivative of the curvature
function, dK)/dt. By applying the definition of indenta-
tion/protrusion segments, we can locate the indentation
segments as the curve segments [B, C, D] and [D, E, F]
and the protrusion segments as [A, B, C], [C, D, E] and [E,

border L(t)

curvature K(r)

Fig. 4. Definition for indentations and protrusions. The bordét)

depicts a portion of the object border. The interior of the object is below

the line. The curvatur&(t) shows the corresponding curvature function.

The points A, C, E and G are the concave curvature extrema, while the
points B, D and F are the convex curvature extrema.

We too exploit local curvature extrema to divide the
border into a set of indentation/protrusion segments which
are defined as curve segments composed of three consecu
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F, G]. Therefore, a lesion border can be decomposed into a = (X(t, o), Y(t, 0)), (5)
set of indentation/protrusion segments by scanning the
corresponding curvature function for three consecutive
curvature extrema with alternating signs.

whereL(t, o) is the smoothed border ar® denotes the
convolution operator and

Xt o) =x{t) ® gt,0), Yt 0)=y1)®g( 0) (6)

2.4. Extract structure indentation and protrusion and

segments

1 7t2/20,2
gto)=—7-¢ : (7)

2.4.1. Scale dependence of irregularity segments ovam

Computing indentation/protrusion segments using the The Gaussian standard deviationcontrols the amount of
method described in Section 2.3 is scale dependent andsmoothing and the smoothing process is terminated,aj
brings up a question: what is the optimal scale for when all concavities of the border are removed. The
structural indentation/protrusion segments? One answer issmoothing process is demonstrated in both Figs. 3 and 5.
to use several pre-defined scales. However, this approachin Fig. 5, using the lesion border C of Fig. 2, the
has problems of selecting appropriate scales and relatingsmoothing process terminates at,,, = 129.
information found among scales. We use a well-known The scale-space filtering technique proposes a binary 2D
method called the scale-space filtering technique, which scale-space image to record the zero curvature locations
provides a solution for scale selection and information for the entire smoothing process (see Fi@)p Theclassic
passing in a multi-scale environment (Witkin, 1983; Asada curvature scale-space image is often referred to as a binary
and Brady, 1983; Richards et al., 1986; Lindeberg, 1993, image, because only two values are needed to display the
1994; Mokhtarian and Mackworth, 1986; Mokhtarian and zero curvature points in contrast to the background. The

Suomela, 1998). y-axis of the image represents the smoothing scale, de-
noted by Gaussiam, while the x-axis represents the path
2.4.2. Classic curvature scale-space filtering length variablet, which specifies the spatial positions of

The idea of classic curvature scale-space filtering (Mok- Z€70 curvature points satisfying((t, o) =0 and JK(t,
htarian and Mackworth, 1986; Mokhtarian and Suomela, a)/ot#0.
1998) is based on the smoothing process of the original o
border functionL,(x(t), y(t)) by convolving x(t) and y(t) 2.4.3. Extended curvature scale-space filtering

with a Gaussian kernej(t, r) of increasing width, The classic curvature scale-space filtering has been used
successfully to represent the shape of planar curves in
L(t, o) = Ly(x(t), y(©)) @ a(t, o), (4) object recognition systems; however, the technique was

original border  sigma = 8 sigma = 16 sigma = 24 sigma = 32

slereele

sigma = 40 sigma = 48 sigma = 56 sigma = 64 sigma =72

eierexe

sigma = 80 sigma = 88 sigma=96 sigma= 102 sigma= 129

OO

Fig. 5. Gaussian smoothing process of the lesion border C shown in Fig. 2. Only some of the smoothing levels, specified at the top of each subfigure, are
plotted. The parameterization of the closed curves begins at the point marked as ‘x’ and the parameterization is done in the counterclockwis&tdirecti

o =40, all points with zero curvature value are marked as *’ and also shown in Fig. 6(a). The protrusion segment [Hgl=3atand the indentation

segments [B, C, D] and [B1, C1, F] at= 48 and 102, respectively, are also shown in Fig. 6(b). The segment [H, I, J] wraps around the initial point of the
parameterization process.
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{a) Classic curvature scale space image
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Fig. 6. The classic (a) and extended (b) curvature scale-space images for the Gaussian smoothing process shown in Fig. 5. (c) The overlay of (a) and (b)

not designed to analyse indentation and protrusion seg- scale-space image for the smoothing process shown in Fig
ments as defined in Section 2.3. We modified the classic 5. The curvature extrema B, C anc=3&tn Fig. 5
technique, in order to investigate the locations of curvature are recorded as points B, C and D in Fig. 6(b). The
extrema, which are the zero-crossings of the partial concavity property of C (in shaded thick point or in red for
derivative ofK(t, r) with respect ta, i.e., the colour version) and the convexity property of B and D
(in black solid points) are also marked accordingly. In
oK(t, o) d%K(t, o) other words, the extended scale-space image captures all
at 0, at2 . (8) indentation/protrusion segments for the entire smoothing
process. To reveal these segments at each smoothing level,
Because we keep track of the locations of the convex and we scan for three consecutive curvature extrema with
concave curvature extrema, our extended curvature scale- alternating signs (colours) sequentiatly, frane-=0,
space image is considered as a 3-valued irfage. To the original non-smoothed curve.
construct such an extended image, the zero-crossings of the There are similarities and differences between the
first derivative of the curvature function for each smooth- classic and our extended curvature scale-space images. A
ing scales are determined and their positions are recorded comparison of the mathematical properties of both scale-
on the image along with their concavity or convexity space images is summarized in Appendix A and is detailed

property. For example, Fig. 6(b) depicts the extended with proofs in (Lee et al., 2001). Both images show many
contour arcs formed by the loci of the respective investi-

- _ ' _ gated features, which are selected based on the purpose of

The extended curvature scale-space image is considered as a threethe process: the classic process is designed to represent the

valued image because it requires 3 values to encode the concave biect sh hile th tended is desi dt
curvature extrema, the convex curvature extrema and the background,,0 ject shape, while the extended process IS designed 1o

whereas classic curvature scale-space images are often referred as binarfjivestigate all indentation and protrusion segments along
images. the border. Mathematically, these loci are related and form
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a dual space. Graphically, the comparison can be made by detected. Each point forms a new line. Then the points in

overlaying the images as in Fig. 6(c). Oierm— 1 are examined and matched with the points in
Because the initial bordegr=0, is sampled and repre- o, based on the shortest distance. Any unmatched point

sented in discrete space, the curvature value computation o,.jnp— 1 forms a new extreme line. The procedure is

for the initial border is not very accurate. However, we are repeated until0 is reached. Even though there are
interested in only the curvature extrema locations, whose many pointsonedr and they are close to each other,
estimation should be reasonably accurate. Furthermore, the they can always match up with the points at a higher
length of the border shrinks during the smoothing process. smoothing level or they form a new line. With this
The border is no longer represented by discrete values after procedure, the corresponding looatidhan always
a few iterations. Hence, the concern of computational be discovered. Therefore, we deting thasition of a
accuracy for derivatives and curvature values is eliminated. seghenift,, t,, t;] at the smoothing leveb by its

For some extreme shapes, such as a comb-like shape Fowehich specifies the corresponding position at the
with long narrow teeth (Fig. 7), the curve may self- zero-scale as

intersect during the smoothing process. Parameterizing the,~ _
e I, = [u,, u,], (9)
smoothed border by arc-length at each iteration overcomes
this problem (Gage and Hamilton, 1986; Grayson, 1987; where u, and u, are the path length variables for the
ter Haar Romeny, 1994). However, the re-sampling de- beginning and ending positions of the segment. Further-
emphasizes the shape differences at fine scales (Mok-more, matching segments found in different scales can be
htarian and Mackworth, 1992). For our practical applica- done by comparing their corresponding covers. For any
tion of analysing skin lesion border, lesion borders are two segmentd) andV at the levelso;, and oy, respective-
most unlikely to have such an extreme shape. Furthermore,ly, where g, # o;,, segmentd) andV are considered the
the border is most likely to have uniform noise, so we same segment i, = I,
followed the recommendation of Mokhtarian and Mack- Identifying the span of a segment in the smoothing scale
worth (1992) and we did not opt for arc length evolution. axis reveals the evolution of the segment. There are two
During our experiments with lesion borders described in important properties for a segment evolution: the formation
detail in the next section, we did not observe the self- level and the smooth-out level. The formation level

intersection problem with any of our lesion borders. indicates when the segment first appears, i.e., the smallest
o for the segment, while the smooth-out level indicates
2.4.4. Evolution of indentation/protrusion segments when the segment is smoothed-out and disappears, i.e., the

As an indentation/protrusion segment evolves through largesto +1 for the segment. For example, the indentation
the smoothing process, the segment may span severasegment [B, C, D] emerges at=44 in Fig. 6(b) when all
scales. Unfortunately, Gaussian smoothing distorts the nested smaller irregularities have been smoothed out, and
contour length and, hence, the location of indentation/ it ends ato=102 when the convex curvature line D closes
protrusion segments shifts from scale to scale. Matching off at the top, pointA..
up the segments between scales becomes a difficult task.

The extended scale-space image facilitates the matching by2.4.5. Hierarchical structures for indentation/protrusion
analysing the loci formed by the curvature extrema points. segments

For example, tracking the convex extrema lines B and D of The extended scale-space image not only illustrates the
the indentation segment [B, C, D] at= 48 of Fig. 6(b) evolution of the indentation/protrusion segments; it also
toward the zero-scale reveals tlieue position of the helps organize segments into a hierarchical structure.
segment of the original non-smoothed curvesat 0. The Because of the causality property of Gaussian smoothing
tracking of extrema lines is achieved in the following (Lindeberg, 1994), segments are smoothed out in a ‘prop-
manner. Points, the curvature extrema,oat , are first er’ order: small ones disappear before larger ones. Now

when some smaller segments are smoothed out, larger
segments may emerge at the same locations. The larger
segments are considered as the ‘global’ segments to the
smaller ‘local’ ones. Hence, a hierarchical structure of
indentation/protrusion segments is formed.

As illustrated by Fig. 4, indentation and protrusion
segments may overlap at a smoothing level. To avoid the
i complexity of oygrlapping segments within a hierarchic_al
\‘/ i structure, we divide indentation segments and protrusion
| segments into two separate hierarchies, which are con-
Fig. 7. The comb shape can cause self-intersection if the GaussianStrUCted by examining the inclusion property of the

smoothing process is not ‘normalised’ by its arc-length at each smoothing S€gMent covers. For a segméhwith the coverl|, = [u,,
step. u,] and the smooth-out levek, and a segment with the
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coverl}, = [v,, v,] and the smooth-out levet,, segment) Kt,)|<e or max|K(t,)| Kt} < e, (11)
is a local segment for the global segm¥nif oy, < o, and
I}, is included insidel. The inclusion ofl, inside I, where € is the threshold, which is set to 0.01. All flat
denoted byl, C I, is expressed as segments are removed from further computation.

In summary, by analyzing the extended scale-space
u,=v, and u,<v, (10) image, we can track the evolution of all irregularity

segments for the entire smoothing process. These segments
may span multiple smoothing levels and they are organized
separately in two hierarchical structures. Furthermore, the
smooth-out level for each segment is an important piece of
information that will be used in the computation of the
border irregularity.

The segmentd) andV form a hierarchical tree structure
because a global segment can nest one or more local
segments. For instance, the indentation segments [B, C, D]
and [D, K, L] are local indentation segments for the global
segment [B1, C1, F] shown in Fig. 6(b). (These segments
are also shown in Fig. 5 at=48 and 102, respectively.)
By analysing the inclusion property of all indentation and
protrusion segments, we obtain two hierarchical structures,
one for indentation segments and the other for protrusion
segments. Each hierarchical structure consists of a forest of . . .
tree structures, where the root of a tree structure is a global. Each .detected mdentatlon/prot.rusmn s_,egment-has an
irregularity measure. From our sigma-ratio experiments,

segment and its corresponding local segments are in thewe learned that the measure should be area-based so that a
leaves of the tree.

Note that all contours are periodic. Special care has to ler segment as shown in Fig. 3(a) has a proportllonal
measure (based on area) to flaeger segment shown in

be taken when a ;egr_nent wraps around the begl_nnlng pc.)'mFig. 3(b). An area-based measure also implies the method
of the parameterization process such as the indentation,

segment [H, 1. J] shown in Fig. 6(%) (aso in Fig. 5, 2 5220 Bf T CA0es (0o e fect on the area of
o=32). The hierarchical relation between this segment pp 9

. an indentation or a protrusion segment. When an indenta-
and its local segments needed to be checked carefully. . . . . .
tion (or a protrusion) is smoothed-out, the indentation (or

protrusion) is partially filled (or removed). For example,

2.5. Calculate irregularity index

2.4.6. Flat irregularity segments Fig. 8(a) shows a lesion border and the smoothed contour

As local segments smooth into global segments and the at the smooth-out level for the largest indentation at the
border turns into an oval shape, the overall curvature of the bottom of the figure. The shaded area indicates the filling
curve is reduced. Global segments tend to be flatter than done by the smoothing process. (Likewise, Fig. 8(b) shows
their counter local segments. Without a restriction on the the same lesion border and the smoothed border for the
formation of a segment, sometimes a flat segment, which is most prominent protrusion at the bottom of the border. The
a slightly bent indentation/protrusion segment, can be shaded area represents the area removed by the smoothin
formed. This kind of flat segment often occurs near the process.) The size of the filled (or removed) area, termed

root position of a tree structure in a segment hierarchy. For
example, when the indentation segment [B, C, D] in Fig. 5
is smoothed out atoc=102 and turns into a larger
indentation segment [B1, C1, F], the new global segment
[B1, C1, F] is a flat segment with a hardly noticeable
indentation in the middle of the segment. (The indentation
segments [B, C, D] and [B1, C1, F] are also labelled in the
extended scale-space image in Fig. 6(b).) In order to
control the formation of such a ‘flat’ irregularity segment,
the three curvature extrema are checked at the formation
level for every new segmeht = [t,, t,, tJ]. If the absolute
magnitude of the middle curvature extremuty, or the
maximum absolute magnitude of the first and the last
curvature extremaf,, and t,, are smaller than certain (a) (b)

threshold and very close to zero, the newly formed Fig. 8. smoothing effect on indentation and protrusion. (a) A lesion
segment is considered as an insignificant ‘flat’ indentation/ border is shown by the solid line, while the smoothed curve corre-

protrusion segment. Mathematically, the criteria for a flat sponding to the smooth-out level for the largest indentation is shown
segment can be written as by the dashed line. The shaded area denotes the irregularity area filled by
the smoothing process. (b) The smoothed curve corresponding to the
_ smooth-outo level for the largest protrusion is shown by the dashed line.
®Actually, the indentation segment [D, K L] is best illustratedrat 32 The irregularity area removed by the smoothing process is marked by the
as it is almost smoothed out at= 48. shaded area.
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irregularity area, is used to determine the irregularity gure depicts the largest irregularity segment, a protrusion,
index. with MSII=4.2, while the next subfigure illustrates the

The index for an indentation/protrusion segment must largest indentation segment with an index of 2.4. Note that
be normalized so that it can be used for comparison among the indentation segment overlaps partially with the largest
irregularities in different lesion borders. Normalization is protrusion segment of the border. The third largest irregu-
achieved by dividing the irregularity area by the smoothed larity segment is another protrusion with an index of 1.9.
contour at the corresponding smooth-out level. Therefore, The OIl for this lesion border is 15.1.

the irregularity index (ll) of an indentation/protrusion
segmentJ, denoted by, is defined as

4, 3. User study
ly =g X 100%, (12)

0 _ _ . . We designed a user study to test the new measures, the
where4,, is the irregularity area for segmettandR, is MSII and Oll, with other common shape descriptors,
the area of the smoothed contour at the smooth-out level.namely the CI, FD and SFD, using 40 lesion borders which

The hierarchical structures described in Section 2.4.5 were selected from our pigmented lesion image database.

organize all indentation and protrusion segments of the These tested measurements were compared statistically
entire smoothing process into two forests of tree structures.jth 14 dermatologists’ clinical evaluations.

In particular, the set of root segments in the tree structures

of both hierarchies represents all global irregular segments,

which fully describe the complexity of the lesion border. 3.1. Method
Let us assume the root segmentsayeU,, ...,U,. Their

corresponding lls, denoted Wy, I,, ..., |, respectively, 3.1.1. Preparation of test data
provide a rich set of descriptions of the border. From this .T.h.e 40 pigmented lesions were selected from our skin

set of indices, many important parameters labout a IeSionimage database, which was collected from patients who
bor.der can be mfer_red... In p_arﬂcular,_ tvyo important de- were referred to the Pigmented Lesion Clinics of the
scriptors, the most significant irregularity index (MSll) and Division of Dermatology in Vancouver, BC, Canada.
the overall ir_regularity index (O”)_’ can be Qer_ived. The Before the colour images could be used for the study, they
_l\/lSII of a lesion bordlerL rank.s all |nd|V|d_uaI indices and were pre-processed by two automatic programs as de-
indicates the largest indentation/protrusion segment of theScribed in Section 2.1. The extracted lesion border for the
border, 40 lesions are shown in Fig. 10.

MSI = maxl,, 1,, ... 1.} (13)

The Oll represents the entire lesion shape, and is calcu-3.1.2. Compactness index .
lated by summing up all individual indices as The CI for these 40 lesion borders was computed
according to the equation

ol =21, (14) 2
j=1 _ 4aP
Cl= A (15)
Fig. 9 plots ten largest indentation/protrusion segments
for the lesion border C shown in Fig. 2. The segments are wikens the perimeter of the border and is the
sorted by their corresponding Il. The top left-hand subfi- corresponding area.
4.2423 2.4171 1.8949 1.8152 1.5512
0.94416 0.57523 0.34099 0.23445 0.18572

(¢

Fig. 9. Indentation/protrusion segments. Ten largest global indentation and protrusion segments for the lesion border C of Fig. 2 are plajteénihe se
are sorted by their irregularity indices, which are shown at the top of each subfigure.
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Fig. 10. Forty tested lesion borders.

3.1.3. Fractal dimension
The FD of a lesion bordel, denoted byD, was

estimated using the box counting method (Chaudhuri and

Sarkar, 1995; Ng and Lee, 1996), which counted the
number of boxes required to cover the bordeNarious
sizes ofr Xr grids (boxes) were placed over the lesion and
the number of grids containing the bordédX(r), was
counted. The relationship betwee¥(r) and D can be
expressed as

N(r) = Ar~°, (16)
Expanding the equation, we have

1
IogW =D Xlog(r) — log(4), (17)

whereA is a constant. Thug) is the slope of the linear Eq.
(17), which can be computed by the least square fitting of
the log(1N(r)) versus log() plot. (Fig. 11 shows the
log—log plot for the lesion border C of Fig. 2.)

As mentioned in Section 1.2, Claridge et al. (1992)

TK. Lee et al. / Medical Image Analysis 7 (2003) 47-64

recognized that there were two types of fractal dimensions,
structure and texture fractal dimension, associated with a
lesion border. Furthermore, the SFD had a higher correla-
tion with melanomas. When we examined the log—log

plots for the fractal dimension (see Fig. 11 as an example
for the log—log plot), we found that there was evidence to

support the idea of two fractals. The breakpoint for these
two fractals was estimated to be located between the fourth
and fifth data points in the log—log plot. Therefore, we

divided the data points at the breakpoint and used the
upper half of data, from the fifth data point, to compute the

SFD of the lesion bordér.

3.1.4. Irregularity index

The methodological development described in Section 2
has been implemented in Matlab, running on a Pentium
700 MHz computer. The computation is extensive while
no optimization has yet been implemented. The execution
time usually takes less than a minute, depending on the
border length. For each tested lesion border, the MSII and
Oll were computed.

3.1.5. Clinical evaluation
Fourteen experienced dermatologists were asked to
visually evaluate the 40 tested lesion borders using a scale
of 1 to 4. The scale 1 denoted the most benign looking
lesion border, while the scale 4 denoted a border which has
the highest probability of being a melanoma. A user study
package was prepared by plotting the lesion borders into 4
pages, 10 borders per page. Because the size of a lesion is
itself a marker of risks, all lesion sizes were standardized
to an equal area so that the evaluation was based solely on
the border features. To avoid all lesion borders with high
(or low) Oll values clustering into one page, the following
placement scheme was employed. The four lesion borders
associated with the highest Oll values were placed separ-
ately, one in a page. The rest of the 36 lesion borders were
divided into 4 groups according to their OIl values and
each group was randomized and distributed evenly in the
four pages. Furthermore, within a page, the placement of a
lesion border was randomized. The dermatologists were
informed only that there was at least one border in the
scale category 1 and at least one border in the scale
category 4 in each page. However, the number of lesions
in each of the 4 scale categories in a page and in the entire
study was not mentioned. The dermatologists could freely
assign a lesion border into any scale category and any
number of borders into a category. A user consent form

“*We tested our implementation of FD and SFD using a circle, a Koch
snowflake and a Koch square flake, whose theoretical fractal dimensions
are 1, 1.262 and 1.5, respectively (Peitgen et al., 1992). The computed
FD values for the above objects were 0.985 (1.5% error), 1.286 (1.9%
error) and 1.502 (0.13% error), respectively. Although the SFD uses only
the upper half of data points for estimation, the computation was stable
and the corresponding values were 1.051 (5.1% error), 1.293 (2.46%
error) and 1.500 (0% error).
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log-log plot

-1 T T T

log(1/N)

-8 1 1 1

0 1 2 3

log(r)

Fig. 11. The log—log plot of the fractal dimension. This plot is constructed using the lesion border C in Fig. 2. The fractal dimension is the slope of the
solid line, which is estimated by all the data points. The structure fractal dimension is the slope of the dashed line (=), which is estimated hytthe fifth
ninth data points. The fractal dimension for this lesion border is 1.115, while the structure fractal dimension is 1.207.

and an information sheet were also included in the
package. The information sheet described the study and
provided evaluation instructions. The dermatologists were
asked to read over the instructions and complete the
evaluation. Other than the study package, there was no
further communication with the dermatologists.

This was a double-blinded test because all program
development and calculations were done before the clinical
evaluation and the dermatologists did not know the results
of the tested measurements prior to the evaluation. The

SFD, Oll and MSII. Based on the rank of the measure, the
Spearman coefficient can properly determine the correla-
tion between measures of different scales. Its value ranges
froh to +1, where —1 (+1) implies a perfect
negative (positive) correlation between the rank of two

measurements, and 0 implies there is no linear correlation

between the rank of two measurements (Norusis, 1988)

computed measurements were then compared statisticallyd. Results and discussion

against the average dermatologists’ evaluation, which was
considered as the gold standard.

3.1.6. SKatistical methods

The user study results were tested by statistical methods
using SPSS. First the KendallV, the coefficient of
concordance, was computed for the dermatologists’

evaluation to ensure a reasonable agreement among the

dermatologists so that the gold standard can be formed.
The value ofW ranges from 0 to 1, where 0 implies there

is no agreement among the dermatologists and 1 implies a
perfect agreement (Norusis, 1988). The gold standard was
obtained by averaging the clinical evaluation for each

tested lesion. Because we have to compare the gold
standard and the computed measures, which were in
different scales, we selected the Spearman’s rank correla-
tion to determine the correlation coefficient for each pair of

measurements, the average clinical evaluation, CI, FD,

4.1. Results

The clinical evaluation results of 14 dermatologists are
reported in columns ‘Cl to ‘Cl4’ in Table 1. The

coefficient of concordance, Kérfdalbll 14 clinical

evaluations was then determined\&s 0.77 (p = 0.00).

The clinical evaluations were averaged for each lesion
border and listed in column ‘Avg’ of Table 2. The tested
measurements (CI, FD, SFD, OIl and MSII) were also

computed and presented in Table 2. The most significant

indentation/protrusion segment for each tested border is
plotted in Fig. 12. The Spearman coefficients, shown in the
second column of Table 3, were calculated for each pair of
the average clinical evaluation and the tested measuremen
Furthermore, to expose the relationship between the aver:
age clinical evaluation and the tested measurements, w
plot the average clinical evaluation against each tested
measurement separately in Fig. 13.
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Table 1
Clinical evaluation of the lesion borders shown in Fig. 10 for all fourteen experienced dermatologists

Border C1 C2 C3 C4 C5 C6 Cc7 C8 C9 C10 Ci1 C12 C13 Ci4

3
PNDBMRPNNONRPRPORPANWONRPNRPONAMDAMNRPPRPONRPNOWOWONWREDMDNDNWN
PWBRARPNNWWWRNRPARNRPNONDROADRMRNPRPWOOMRPRNANRPOREDONERE
PWBRNNNDODAWONPANNNWOWONDRDREARADMRPNWONNNWAWERDANRPWANN
PNRARPPPNNNRPRPPARPEPEPNNRPOMNPMPORPNEPNRPPPMAMNORPBARPREPANEREEPR
PNRARPRPNWWONNNRPANNNONWWRARADRMRNPRPWONNNRAONDANREDDWONDN
NWBARPNPEPNRPPPNNNBARPNWONNNWORARWWRNPONNNAEANNONEDWONN
NNBRPNNOWWWNNPRPANNNONNOODNWORNNNNRERPNNONNONEDNONNN
PWRARRPPEPNMNNNNRPNRPARPNNNONWODNAORRPPONRPRPRPANPONRPONRPR
PNBRARPPRPNNMNNMNNRPRPRPARPRPPEPEPNNWONDAMORRPEPNNRPPONPOREPEDWOWRPR
NNBRPNNONWOWONNPRPARNNNONDMOADMRPRPRPONRPNANEPENREDWOWRPR
PNBRRPPPRPONNNNPARNNNONDONWORPEPNNNRPONPONEDONN
PWOBRRPNNWONNRPRPPARPNWOWWOWWONWO®DAMADMRNRPANRPPRPONPWOREDWONERE
PRARMPRPEPNDMNOWORNPARPRPNNANAADAEMDMNPRPPEPNWONPFPODMNORPANEMAPMODN
PNBRARPRPPPONNRPRPPARPPOONNNONDMRPREPNRPPPORPEPNNEDONDN

4.2. Discussion than the most benign looking contour group (score value 1)
and the most malignant looking contour group (score value

Clinical evaluation of border irregularity is a difficult 4), there were only two intermediate groups. Dermato-
task for dermatologists as they are trained to diagnose logists could confidently assign a score value to a tested
pigmented skin lesions using not only border features, but lesion border based on their own subjective cut points
also other symptoms. Even experienced dermatologists between groups. Judging from the clinical evaluation
have difficulty to interpret the lesion border as the sole results in Table 1, this score scale worked well and the
feature. Claridge et al. (1998) reported a low agreement fourteen dermatologists achieved a good agreement.
(coefficient of concordanc@/= 0.47) among 20 clinicians, Among the 40 lesion borders, 32 of them had a majority
when they were asked to sort 20 lesion borders contours in agreement, i.e. agreed by at least 8 dermatologists. More
the order of increasing border irregularity. Such a low importantly, 39 lesion borders had the scores difference at
agreement casts a doubt on the possibility of forming a most by 2. This implied that the dermatologists’ cut points
valid gold standard. Therefore, forming the gold standard woboee to each other. The high KendalW statistic,
becomes an issue. W=0.77 (p=0.00), further confirmed the good agree-

In order to achieve a reliable gold standard for our user ment among the clinical evaluations. With the assurance of
study, we asked dermatologists to classify a lesion border a good agreement, we set up the gold standard by
outline into a small score scale, ranging from 1 to 4. Other averaging the clinical evaluations for each lesion border.
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Table 2
Average clinical evaluation and tested measurements for lesion borders shown in Fig. 10
Border Avg Cl FD SFD oll MSiII Histology
1 1.6 3.44 1.184 1.349 5.7 11 -
2 1.9 3.75 1.117 1.217 55 0.6 -
3 2.9 2.30 1.080 1.202 8.7 1.4 -
4 3.9 3.44 1.118 1.208 17.1 3.2 Melanoma
5 1.0 1.69 1.096 1.236 2.8 0.4 -
6 1.6 1.90 1.092 1.256 3.5 0.4 Melanoma
7 3.1 3.72 1.153 1.242 5.4 11 -
8 1.3 3.07 1.101 1.124 3.4 0.2 -
9 2.3 2.13 1.083 1.224 5.7 1.0 -
10 3.6 3.90 1.126 1.247 8.2 2.2 -
11 1.7 2.32 1.083 1.124 5.1 0.7 -
12 1.4 2.05 1.081 1.183 5.2 1.3 -
13 1.9 3.19 1.128 1.221 5.0 0.7 -
14 2.6 4.95 1.176 1.284 9.4 14 -
15 1.3 1.49 1.110 1.404 3.4 0.8 -
16 1.5 2.26 1.112 1.264 5.7 1.7 -
17 1.1 3.02 1.183 1.348 3.3 0.3 -
18 3.6 4.50 1.131 1.216 8.4 15 -
19 3.8 6.18 1.181 1.245 10.8 3.6 -
20 3.2 2.81 1.118 1.230 9.2 2.8 -
21 3.3 4.22 1.127 1.148 8.9 15 -
22 1.9 1.93 1.089 1.350 5.7 1.3 -
23 2.6 1.91 1.112 1.585 9.0 2.2 -
24 2.2 3.49 1.106 1.176 5.1 0.5 -
25 2.0 3.52 1.161 1.301 5.3 0.6 -
26 1.8 3.91 1.117 1.180 5.7 0.5 -
27 1.3 2.42 1.085 1.154 3.0 0.4 -
28 4.0 3.43 1.123 1.298 22.7 7.2 Melanoma
29 1.1 2.77 1.076 1.100 3.5 0.3 -
30 1.8 3.43 1.163 1.263 5.1 0.7 -
31 1.4 2.63 1.094 1.179 3.4 0.6 -
32 2.3 1.75 1.063 1.230 5.6 1.3 Melanoma
33 2.3 2.05 1.076 1.213 8.4 2.4 -
34 2.9 3.12 1.135 1.240 8.3 3.0 -
35 1.6 2.60 1.110 1.183 5.5 0.5 -
36 15 2.39 1.170 1.447 5.4 0.9 -
37 1.1 2.53 1.146 1.322 3.5 0.6 -
38 4.0 5.39 1.124 1.243 18.9 4.1 -
39 25 2.68 1.141 1.296 8.3 1.1 -
40 1.2 2.61 1.147 1.291 3.1 0.5 -

In Fig. 13, the plots of the tested measurements against
the average clinical evaluation showed that no tested
measurement achieved a perfect correlation with the gold
standard. However, the OIl and MSII had a better linear
relationship with the average clinical evaluation than the
other three tested measurements. Similarly, from the
Spearman coefficients (Table 3), the Oll had the highest
correlation coefficient, 0.88, against the clinical evaluation.
The closest second was the MSII, 0.81. The CI, FD and
SFD achieved much lower correlation coefficients, 0.51,
0.19 and 0.00, respectively. These three measures had
problems in detecting large structure indentations and
protrusions. For example, they failed to properly measure
the prominent structure irregularities in the tested border
28 (Cl=3.43, FD=1.12, SFD=1.30). These three tested
measurements were very close to the border 4G=&61,
FD=1.15, SFD=1.29), which had no structure irregulari-

ty, but only texture irregularities. Furthermore, it was
surprising to discover that the SFD performed poorer than
the FD. The SFDs of lesion border 5 (1.24), border 6
(1.26), border 15 (1.40), border 17 (1.35), border 37
(1.32) and border 40 (1.29) were too high for the benign
looking borders in the test set. The problem was caused by
applying a wrong model to a border that had only small
texture variations. This type of border should have only
one overall fractal dimension. When the data points of the
log—log plot were separated into two groups, the SFD
estimation was incorrect due to the misplacement of the
breakpoint. Removing these six lesion borders, the Spear-
man’s coefficient for the SFD and the average clinical
evaluation improved to 0.31.
According to Fig. 13, there are some outliers, three in

the overall irregularity index subfigure, one in the most
significant irregularity index subfigure and one in the
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Fig. 12. The most significant indentation/protrusion segment of the
tested lesion borders. The corresponding Most Significant Irregularity
Index is listed in Table 2.

structure fractal dimension subfigure. These outliers (bor-
ders 4, 19, 23 and 28) were actually caused by the high
response of the overall irregularity index, most significant
irregularity index and structure fractal dimension to the
most irregular borders. Although Spearman’s coefficient is

based on the rank of the measure and is not affected by the

outliers, we repeated the Spearman’s coefficient analysis
with the outliers removed. The results are listed in the last
column of Table 3 and shows there was no significant
change from the analysis using all the borders.

Table 3

TK. Lee et al. / Medical Image Analysis 7 (2003) 47-64

The CI and FD are well-known shape descriptors for the
overall border roughness. Both methods compute a single
point estimation without actually identifying the indenta-
tions and protrusions on the lesion border. A higher value
implies a rougher border with the existence of indentations
and protrusions. However, a single point estimation can be
easily skewed if the variance of the border ruggedness is
large. For example, a lesion with a large protrusion on a
relatively smooth border, such as lesion border 20, may
have the single point estimation dampened by the
smoothed portion. Its low responses for the CI (2.81) and
FD (1.12) were mainly caused by the smooth border that
had few texture irregularities.

On the other hand, our method of measuring the Il
identifies all indentations and protrusions on the lesion
border. Because each irregularity is carefully analyzed
independently, this method not only returns a more accur-
ate overall measurement, which represents the roughness
for the entire border, but also gives a set of measurements
for all global irregularities (see Fig. 9) that fully describes
the complexity of the lesion border. In particular, combin-
ing the Oll and MSII may deduce many interesting
properties of the lesion borders. For example, the Oll (5.5)
and MSII (0.5) of lesion border 35 indicated that it had no
structure irregularity, but a lot of texture irregularities. A
similar situation holds for lesion border 2 (GibB.5,
MSII=0.6). However, lesion border 32 with G#5.6 and
MSII=1.3 implied that the lesion border had a larger
irregularity, but less texture irregularities than lesion
borders 35 and 2. On the other hand, the OIll (22.7) and
MSII (7.2) for lesion border 28 suggested the border had
some major indentations and protrusions. Furthermore, the
rich set of measurements for the global irregularities can
be used to infer other border properties such as enumerat-
ing the number ofarge or medium irregularities.

Our new area-based method overcomes the non-linearity
and the long-and-narrow indentation problems with our
earlier SR method. For example, the MSII and Oll for the
phantom in Fig. 14(a) are 0.3 and 0.4, respectively. They
differ significantly from the MSII (7.4) and Oll (7.5) for

the phantom in Fig. 14(b). The small MSII for Fig. 14(a)

reflect the small area of the indentation and imply that the

new algorithm is less sensitive to the hair problem.

*The small texture irregularity, 0.1, is due to discretization error.

Spearman coefficients for the average clinical evaluation and tested measurements

Average clinical evaluation
for all lesion borders

Average clinical evaluation
with outliers removed

Compactness Index (ClI) 0.51
Fractal Dimension (FD) 0.19
Structure Fractal Dimension (SFD) 0.00
Overall Irregularity Index (OIl) 0.88
Most Significant Irregularity Index (MSII) 0.81

0.49
0.16
—0.06
0.85
0.76
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Fig. 13. Plotting the tested measurements (Compactness Index, Structure Fractal Dimension, Overall Irregularity Index and Most Signifiagtyt Irregu
Index) against the average clinical evaluation separately. The average clinical evaluation is-Haxteewhile the tested measurement is in yhaxis.

Missing a hair by the preprocessor DullRazor or a small

change on the border does not cause a large change in

values for MSII and OIl.

Another advantage of obtaining this set of measurements
is that the algorithm can pinpoint and highlight a potential
problematic area, such as the most significant irregular
segments, and can explain the Oll by its individual sub-
components. Therefore, physicians can verify the high-
lighted irregular segments and their indices before making
the final diagnosis. The detailed information provided by
the new indices may be useful for a computer-aided
diagnostic device.

4.3. Overall irregularity index and histology

One of the considerations for designing the user study
was the gold standard selection for the validation process.
Should it be the clinical evaluation or histology status?
Because border irregularity is a clinical diagnosis feature
defined by dermatologists, making dermatologist’s clinical

evaluation as the gold standard was the most appropriate

0.33856 7.3863

(a) (b)

Fig. 14. The most significant indentations for the phantoms showed in
Fig. 3 are highlighted. The associated MSII is shown at the top of each
phantom.

choice. In other words, when dermatologists had concerns

on an irregular border, the new measures should similarly

reflect these concerns. A computer program encoding such
knowledge could be used by other non-dermatologists suct
as health practitioners or the general public. Also it could
be used as an objective alternative for dermatologists.

In spite of the above philosophical arguments, it is
interesting to compare the new measures, in particular the
Oll, with the histological results of the lesions. Unfor-
tunately, our data were not optimized for the histological
analysis because there were only 4 melanomas based or

histological reports. (The 4 melanomas corresponded to
lesion borders 4, 6, 28 and 32 of Fig. 10 and Table 2). The
other 36 lesions were non-melanomas. Furthermore, the
histology analyses were performed by different hospitals
over a lengthy period.

To assess the discriminatory power of the Oll, we had to
classify the lesions into melanoma and non-melanoma
groups based on the OIl values. The selection of a
classification method became critical. A simple objective

classification method assumes all melanomas would have
most irregular border and all non-melanomas would have
most regular border (Claridge et al., 1992). Therefore, the
4 lesions with the highest Oll values (lesion borders 28,
38, 4 and 19 in Table 2) were classified as melanomas and
all other lesions were classified as non-melanomas. With
this classification method for melanomas, there were 2 true
positives, 2 false positives, 34 true negatives and 2 false
negatives. The sensitivity of detecting melanomas (Grin et
al., 1990) was determined as 50% and the specificity of
detecting melanomas (Grin et al., 1990) was determined as
94%.

The above discriminatory analysis suggested that border
shape information had excellent power to screen out non-
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melanomas, but moderate power to detect melanomas. The Margesson, Dr. Francisco Paschoal, Dr. Jason Rivers, D
analysis result confirmed our knowledge that melanomas Jerry Shapiro, Dr. Cecil Sigal, and Dr. David Zloty for
cannot be diagnosed properly by a single clinical feature. their assistance in evaluation the lesion borders and Dr.
In particular, some melanomas may have regular borders Andy Coldman and Dr. John Spinelli for their advice on
and some non-melanomas may have irregular borders. the statistical analysis of the experiment data. Furthermore
Based on a sole clinical feature, there is a high probability this work was supported in part by a BC Health Research
of misclassification. To properly diagnose melanomas, we Foundation gbd2(97-2).

have to incorporate the OIll with other melanoma features
in a classifier.
In order to verify the actual performance of the Oll, we
also need to compare the average clinical evaluations andAppendix A. Classic and extended curvature scale-
the histological results (Table 2). Once again, the simple space images
objective classification method was applied. The average
clinical evaluations were ranked and the 4 lesions with the  The classic and the extended curvature scale-space
highest scores (lesion border 28, 38, 4 and 19) wereimages form a dual space because these two images are
classified as melanomas and the rest as non-melanomasconstructed by different feature points of the smoothed
With this classification method, we found that the 40 borders. In Appendix A, we state the parallel mathematical
lesions were classified the same as the Oll classification properties and the differences for these two images. The
method, i.e., the same 4 lesions were classified asproofs of the properties have been published elsewhere
melanomas and the same 36 lesions were classified agLee et al., 2001).
non-melanomas. The dermatologists would misclassify the
same two pathological melanomas as non-melanomasProperty 1(a). In classic curvature scale-space images,
(false negative) and the same two pathological non- the apex of a contour arc is the point (7, £) such that K(z,
melanomas as melanomas (false positive). Therefore, weg) =0 and K(r, £)/at=0.
confirmed that our algorithm indeed captured the knowl-
edge of expert dermatologists on analysing border shape. Property 1(b). In extended curvature scale-space images,
the apex of a contour arc is the point (, £) such that oK(r,
£)lot=0 and 9°K(r, £)/at*>=0.
5. Conclusion and future work
Property 2(a). In classic curvature scale-space images,
We have designed and implemented a new measureexcluding the apex point, one side of a contour arc has the

called theirregularity index (Il) for estimating the border  property 9K/at >0 and the other side of the contour arc
irregularity of melanocytic lesions. The advantage of the has the property 9K/at < 0.

new measure is that it directly locates indentations and

protrusions along the lesion border. Extending scale-spaceproperty 2(b). In extended curvature scale-space images,
images to analyse curve segments, we enumerate all globagyc|uding the apex point, one side of a contour arc has the

irregular segments and compute their associated indices.property 92K /dt?> 0 and the other side of the contour arc
This set of measurements provides a rich description for has the property 9°K/at?< 0.

the lesion border that is sensitive to structure irregularities.
We further examined two measurements derived from the prgperty 3. In the contours of an extended curvature

set, the Oll and MSII, and compared them with other gc3je-space image, the points where the concave extrema
common shape descriptors, namely, the Cl, FD and SFD. ang convex extrema meet are the zero curvature points.
In a double-blinded user study with 40 lesion borders and

14 dermatologists, we discovered that our new indices hadproperty 4(a). In classic curvature scale-space images, all
the highest correlation with clinical evaluations. The cyrvature zero-crossings disappear at ;.

algorithm seemed to capture the knowledge of expert

dermatologists in evaluating lesion border. In future work, property 4(h). In extended curvature scale-space images
we will investigate the full potential and stability of the Il 4| cyrvature extrema may disappear (a special case of a
in a larger study with more observers. circle) or at least 4 curvature extrema remain at o,
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