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Segmentation of skin cancer images
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Abstract

An automatic method for segmentation of images of skin cancer and other pigmented lesions is presented. This method first reduces a cc
image into an intensity image and approximately segments the image by intensity thresholding. Then, it refines the segmentation using ima
edges. Double thresholding is used to focus on an image area where a lesion boundary potentially exists. Image edges are then use
localize the boundary in that area. A closed elastic curve is fitted to the initial boundary, and is locally shrunk or expanded to approximat
edges in its neighborhood in the area of focus. Segmentation results from 20 randomly selected images show an average error that is abouf
same as that obtained by four experts manually segmenting the intdad899 Elsevier Science B.V. All rights reserved.
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1. Introduction maximum diameter, asymmetry, irregularity of the bound-
ary, and color characteristics can be accurately computed.
Skin cancers are the most common form of cancers in For delineating lesion boundaries, various image segmenta-
humans [1]. The American Cancer Society estimates thattion methods have been developed. These methods use color
more than 700 000 new skin cancers are diagnosed annuallyand texture information in an image to find the lesion
in the United States alone [2]. Skin cancers can be classifiedboundaries.
into melanoma and non-melanoma. Although melanomas To segment a skin image into lesions, Umbaugh et al. [7]
are much less common than non-melanomas, they accountransformed the RGB color space into a spherical color
for most of the mortality from skin cancers [2]. Detection of space with coordinates defined hy=+/R?+ G?+B?, A
malignant melanoma in its early stages considerably = cos*(B/L) and B = cos (R/L sin(d)). By quantizing
reduces morbidity and mortality. Early detection also the AB space into four colors, they were then able to parti-
saves hundreds of millions of dollars that otherwise would tion a color image into different regions and isolate lesions
be spent on the treatment of advanced diseases [3]. from the background. In a separate study, Umbaugh et al.
If cutaneous melanoma is detected in its early stages and[8] developed a principal-components transform in a user-
removed, there is a very high likelihood that the patient will selected color space to segment skin cancer images. Green
survive [4,5]. Clinical features of pigmented lesions sugges- et al. [9] segmented a color image by first finding the aver-
tive of melanoma are what are known as the ABCDs of age color of a small area of a lesion and the average color of
melanoma [3]: asymmetry, border irregularity, color varie- a small area of the background interactively. Then, by
gation, and diameter greater than 6 mm. Image analysismapping the image colors to the vector connecting the
techniques for measuring these features have been develtwo average colors, they obtained a histogram. The color
oped [6]. Measurement of image features for diagnosis of corresponding to the valley between the two peaks in the
melanoma requires that first the lesions be detected andhistogram was then used as the threshold value to segment
localized in an image. It is essential that lesion boundaries the image. Dhawan and Sicsu [10] used image gray values
are determined accurately so that measurements, e.gand textures separately to segment skin images. They then
combined the results to obtain the lesion boundaries. Hance
* Corresponding author. et al. [11] compared the accuracy of six different color
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segmentation techniques, and found that when two or more  background (its surrounding healthy skin) are similarly

of the techniques are combined, an accuracy that is consid- observed in all images; therefore, changes in color can be

erably higher than the accuracy of any one of the individual ~ used to effectively segment images.

techniques will be obtained. 2. When segmenting a skin image, significant color varia-
Image segmentation is perhaps the most studied area in tions may exist within a lesion or in the background.

computer vision, with numerous methods reported [12,13].  Such variations should be suppressed since our interest

A segmentation method is usually designed taking into con-  is in color changes from the background to a lesion or

sideration the properties of a particular class of images. In  from a lesion to the background.

this paper, we develop a three-step segmentation method

using the properties of skin cancer images. The steps of Observation 1 suggests that we should use changes in
our method are as follows: color rather than absolute colors to segment images. There-

fore, we transform pixel colors that are vector quantities into

1. Preprocessing: a color image is first transformed into an jntensities that are scalars and represent color differences.

intensity image in such a way that the intensity at a pixel gpservation 2 states that, among the color changes, only

shows the color distance of that pixel with the color of hose belonging to a lesion boundary are important in

the background. The color of the background is taken to image segmentation, and color changes inside a lesion or

be the median color of pixels in small windows in the jn the background should be ignored.

four corners of the image. We transform our images that are in RGB color coordi-
2. Initial segmentation: a threshold value is determined pates into images that are in CIELAB or CIE 1976a* b*

from the average intensity of high gradient pixels in  color coordinates [14]. CIELAB is a color space standar-

the obtained intensity image. This threshold value is gjzed by the CIE (Commission Internationale deds-

used to find approximate lesion boundaries. rage) in 1976 to measure color differences. This is a
3. Region refinement: a region boundary is refined using yniform color space defined in such a way that Euclidean

edge information in the image. This involves initializing  yistance between two colors (definedAds is proportional

a closed elastic curve at the approximate boundary, andyg their visual difference. Color in the CIELAB space can be

shrinking and expanding it to fit to the edges in its gescribed with less redundancy than in the RGB space. RGB

neighborhood. color coordinates can be transformed iritba*b* color
In the following, the details of the steps of our method are coordinates using the following formulae [14]:
provided. L* =1160Y/Yn¥® — 16, (Y/Yr) > 0.008856

L* =9033(Y/Yn), (Y/Yr) = 0.008856
2. Preprocessing

a* =50qf (X/Xn) — f(Y/Yn)]
The first step in our image segmentation method can be
considered a preprocessing operation that transforms a colob” = 20qf (Y/Yn) — f(Z/Zn)]
image into an intensity image. This operation is motivated wheref (t) = t“3whent > 0.008856 and(t) = 7.78% + 16/

by two observations: 116 whent = 0.008856 Xn, YnandZn are the coordinates

1. Skin lesions come in a variety of colors; therefore, of the CIELAB reference white, which are usually chosen to
absolute colors are not very useful in segmenting images.be 0.9642, 1.0 and 0.8249, respectively.
However, changes in color from a lesion to its If we require that the images be taken such that lesions do

(a) (b) (©)

Fig. 1. (a) A color image showing an atypical lesion. (b) Image obtained after mapping colors into intensities in such a way that the intensityigt a pixel
proportional to the CIELAB color distance of the pixel to the color of the background. (c) Gradient magnitudes of (b) obtained by the Sobel opgeator. La
gradients are shown brighter.
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not fall on image corners, we can then use colors in the four
corners of an image to estimate the color of the background. {
We take small windows, typically 1& 10 pixels in size, P
from the four corners of an image and determine the median*
L*, a* and b* of the pixels. We use this median color as an
estimate to the color of the background. We use median
color rather than average color because image averaging

uses the hair colors as well as the skin colors to estimate |Back-

AN

Bound-

the color of the background. Since the number of hair pixels | 5o ary beston 0
is usually much smaller than the number of skin pixels in an Input ° i 255
image, when the median color is used, the color of a pixel (a) (b)

. Lo - Fig. 2. (a) A desirable function for mapping color distances to image inten-
belonging to the hair will not be used and the color of a pixel =~ (b) Approximation of function (a) y— 1/y/2mo(1 — expi%/20%).

belonging to the skin will be used to estimate the color of the ;06 show the input and output image intensities, respectively.
background.

If AL*, Aa*, Ab*, correspondingly, show the differences packground. Mapping intensities in this manner facilitates
of L*, a* b* color components of an image pixel and its getection of lesion boundaries.
background, the color distance between the pixel and back- \We use a Gaussian function to achieve the property

ground can be computed from [15]: demonstrated in  Fig. 2(a). If we letG(x)=
1/ 2roexp ¥"?", we see in Fig. 2(b) that~(x)=
AE=V/AL*2 + Aa*2 + Ab 1/\/276 — G(x)has a shape similar to that in Fig. 2(a).

The standard deviation of this Gaussiaf) (lepends on

If the intensities assigned to pixels are proportional to color jntensity variations in the background. An image containing
distances of the pixels to the color of the background, we |3rge intensity variations in the background requires a larger
will obtain an image that has high values in lesions and standard deviation than an image containing small intensity
small values in the background. An image generated in ygariations. Since windows in the four corners of an image
this manner will, therefore, show lesions as bright spots. gre used to characterize the background, we use the standard
This is demonstrated in Fig. 1. Fig. 1(a) shows an image geviation of intensities in the four windows as the standard
of a skin lesion, and (b) shows the image representing the deviation in functionF. The more detailed the background,
distances of pixel colors to the color of the background. This e larger the standard deviation needed to suppress
mapping not only transforms a color image into an intensity intensity variations in the background.
image, it assigns intensities to the pixels in such a way that a Fig. 3(a) shows mapping of the intensities of Fig. 1(b)
lesion can be distinguished from the background. according to the function shown in Fig. 2(b). As can be

The image of Fig. 1(b) is obtained from the image of opserved, most details within the lesion and some details
Fig. 1(a) after implementing observation 1. Note that higher i the background have been suppressed, while variations
intensity pixels in Fig. 1(b) correspond to pixels in Fig. 1(a) from the lesion to the background and from the background
whose colors are more dissimilar to the color of the back- tg the lesion have been enhanced. We segment the image of
ground. Therefore, they are more likely to belong to a Fig, 3(a) instead of the image of Fig. 1(a) to isolate lesion
lesion. boundaries. Note that the preprocessing operation not only

Image gradients have been used in the past to determingequces a color image into an intensity image, it enhances

region boundaries [16]. However, as Fig. 1(c) shows, detec- the houndary of a lesion while suppressing details inside and
tion of lesion boundaries using pure image gradients is a gytside a lesion.

difficult task. We need to include observation 2 in the
preprocessing operation so that edges on lesion boundaries
are distinguished from edges inside a lesion or in the
background.

To implement observation 2, we will need a function that
provides the property shown in Fig. 2(a). For a wide range of
intensities in the background, this function produces very &
similar intensities. Therefore, the function reduces image F&s
gradients in the input corresponding to details in the back- S
ground. Similarly, it reduces image gradients belonging to a [
lesion. For intensities falling on lesion boundaries, however, &8 :
we see that gradients are increased. Therefore, if we map (a) (b)

'mage 'menSItI.eS. according to_ the fU”Ct'Q” depICted. In Fig. 3. (a) Transforming intensities of Fig. 1(b) according to the function of
Fig. 2(a), we will increase gradients on lesion boundaries, Fig. 2(b). (b) Smoothing of (a) with a 2D Gaussian kernel of standard
while decreasing gradients inside a lesion or in the deviation 2 pixels.
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from intensity variations in the lesion or background will
be obtained. If there were no details from hair or skin tex-
M ture, or if there were no intensity variations inside a lesion, a
i 1z ! single threshold valu& would have been sufficient to iso-
“ [ late a lesion from its background. However, since image
lﬁ t LI variations from hair and skin texture usually exist in an
ﬂlh it T, Amll image, a single threshold value may dgtect noisy regions
Uw lml 11 from hair and skin texture. If such regions are close to
each other, they may merge and create larger regions. By
increasing the threshold value, we will observe that the
number and size of noisy regions in the background will
decrease. If we decrease the threshold value, we will see
that the number and size of noisy regions in the lesion will
decrease. The use of two threshold values will, therefore,
Flg 4. Intensities along an image scanline, and the relation between the j15ke it possible to obtain rather noise-free regions for both
initial threshold valueT and the double threshold valugg and T. the lesion and background. Double thresholding will pro-
duce a segmentation that either will be free of noisy regions,
3. Initial segmentation or will contain fewer and smaller noisy regions than when a
single threshold value is used. Double thresholding, how-
To reduce the effect of image noise and intensity varia- ever, requires the use of an initial threshold value.
tions due to skin’s repetitive texture and hair, an image is  To determine an initial threshold value automatically, we
first low-pass filtered before being segmented. Fig. 3(b) observe that gradients of pixels on lesion boundaries are
shows the image of Fig. 3(a) after being smoothed with a generally higher than gradients of pixels inside or outside
2D Gaussian kernel of standard deviation 2 pixels. As can lesions. We will, therefore, use the average intensity of the
be observed, although smoothing reduce details in thetop p% highest gradient pixels in the image to compute the
image, the smoothed image still contains information threshold value.p is typically a small number, e.g. 5.
about the lesion, which is brighter than the background. Because noise and details from skin texture and hair could
The objective in the initial segmentation is to determine also result in high gradients, this process may detect details
the approximate position and shape of a lesion, and thenfrom noise, skin texture and hair. Such regions, however, are
use double thresholding to narrow in on an image area often small and can be removed. In Fig. 4, the average
where the optimal lesion boundary exists. Since the optimal intensity of the top% highest gradient pixels in an image
threshold value at one boundary point may differ from that is denoted byT.
at another boundary point, the objective in double thresh- The choice ofp depends on the given image. For an
olding is to select a range of threshold values that includesimage containing a large lesion, this percentile should be
the optimal threshold value at every boundary point. taken larger than for an image containing a small lesion.
Double thresholding also reduces the number of noisy Since we do not know the size of a lesion ahead of time,
regions obtained as a result of intensity thresholding. Con- we cannot select the best percentile for every image. The
sider an image scanline, shown in Fig. 4. The horizontal axis threshold values computed under variations of this percen-
shows pixels in the scanline, while the vertical axis shows tile tend to change very little though. If we compute the
the intensities of the pixels. As can be observed, if the average intensities of the 3, 6, 10 and 15% highest gradient
threshold value is not selected properly, noisy regions pixels in Fig. 3(b), we find threshold values equal to 124,

(a) (b) (c) (d)

Fig. 5. (a)—(d) Thresholding the image of Fig. 3(b) at intensities equal to the average intensities of the 3, 6, 10 and 15% highest gradient pireigen the
respectively.
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125, 131 and 148, respectively. The results of segmenting
Fig. 3(b) with these threshold values are shown in Fig. 5(a)—
(d). As can be observed, because of the considerable inten-
sity differences between the lesion and background obtained
after the intensity transformation, the regions obtained at
various threshold values are about the same shape and
size. Any error made in this initial segmentation will be (@ (®) ©
corrected later when the regions are refined.

For a noise-free image, the threshold valuebtained in
this manner will represent the average intensity of pixels
with locally maximum gradients. Due to noise and image
details from skin texture and hair, this threshold value may
not detect the optimal lesion boundary, and points in the
detected boundary may be displaced from their true posi-
tion. If we assume that the threshold valliapproximately Fig. 6. (a), (b) Thresholding the image of Fig. 3(b) with threshold values
determines the boundary of a lesion, and an optimal bound-T: = 131 andT, = 195, respectivelyT; and T, were obtained by setting
ary point is in the neighborhood of the estimated one, we parameted = 10. (c) Mask obtained by Exclusive—Oring images_ (a) and
can then refine the obtained boundary using image edges. ®- (@ (¢) Same as (c), except titatas set to 5 and 15, respectively.

Assuming that a point on the lesion boundary obtained by
intensity thresholding needs to be displaceddqyixels to displacements needed at the approximate boundary points
fall on the optimal boundary pixel, parametédepends on  to obtain the optimal boundary points. If this parameter is
the gradient at the pixel. If the boundary pixel has a high too small, some parts of the optimal boundary may be
gradient, a smalll would be sufficient, while if the pixel has  missed, while if it is too large, detection of the optimal
a low gradient, a larged would be necessary. This is boundary may become difficult, and a suboptimal boundary
because when the gradient is low, by changing the thresholdmay be found as a result. This parameter is image-dependent
value slightly, the boundary point will move more than and has to be selected using experimental results. Fig. 6(d)
when the gradient is high. Suppose that the average move-and (e) shows the masks obtained wides 5 andd = 15,
ment cannot exceatlpixels. We will then determine thresh-  respectively. We will investigate the dependency of the
old valuesT; andT, as follows: Ifh[i] denotes the number  segmentation result on this parameter later in this paper.
of pixels in an image with intensity fori =0, ..., 255, and
if T is the threshold value determined by the average inten-
sity of thep% highest gradient pixels in the image, we will 4. Region refinement
determine intensitie$; andT, in such a way that

(d) (e)

_— I ' The d'ouble thregholding' process described in the preced-
dxn= Z h[i] = Z hi] ing section determines an image area where a lesion bound-

: ary obtained from a range of threshold values will exist.
Since the best threshold value in one local area may be
where n is the number of pixels in the region different from the best threshold value in another local
boundaries obtained by thresholding the image at intensity area, this range of threshold values is expected to include
T. If there are fewer thand X n pixels in the image with  the best threshold value for all boundary pixels. We will

i=Ty i=T+1

intensities smaller thafT, we will let T, = 0, while if assume that an optimal threshold value produces a boundary
fewer thand X n pixels exist in the image with inten-  pixel that has a locally maximum gradient magnitude.
sities larger thanT, we will let T, = 255. Note that is Therefore, we will move an initial boundary pixel to the
the average correction anticipated of boundary pixels pixel in its neighborhood having a locally maximum
obtained by thresholding the image at intensily gradient magnitude.
Parameterd will be one of the input parameters of the Region boundaries in an image are best described by
proposed method. pixels with locally maximum gradient magnitudes [17—
Fig. 6 demonstrates the use of double threshdldsdT, 20]. Pixels with locally maximum gradient magnitudes

in defining a mask inside which the optimal lesion boundary can be determined without any user interaction; therefore,
is expected to exist. Fig. 6(a) and (b) shows regions obtainedthe process is automatic. Locally maximum gradients in an
by thresholding the image of Fig. 3(b) Bf = 131 andT, = image, however, not only represent lesion boundaries, they
195. By Exclusive—Oring Fig. 6(a) and (b), we obtain the also represent small details inside and outside a lesion. In
image of (c), which defines a mask inside which the optimal addition, an obtained boundary may merge with another
lesion boundary should be found. We will use this mask as boundary due to image noise and produce a false lesion
our search area to find the optimal lesion boundary using boundary. Therefore, although detected edges from locally
the image edges. Parametdr shows the average of maximum gradient magnitudes show sharp changes in
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Fig. 7. (a) Authentic edges [18] of Fig. 3(b). (b) Edges of (a) corresponding to the top 10% highest gradients in the image. (c) Edges of (a) faltiasiiothe
Fig. 6(c). (d) Initial boundary shown in Fig. 5(c) when overlaid with (c). (e) Edges in (d) obtained by expanding or shrinking the initial contoatigf)ah
Gaussian curve fitting the points in (e). (g) Overlaying the curve obtained in (f) with the original image shown in Fig. 1(a). This is the final segme=ntiti
when usingp = 8%, d = 10 pixels ands = 2 pixels. Increasing to 3 pixels, we obtain the segmentation result shown in (h).

image intensities, the obtained edges by themselves do noexpand or shrink locally to fit to the edges and form a lesion
always represent true region boundaries. boundary. Fig. 7(d) shows the lesion boundary obtained by

The locally maximum gradient pixels of Fig. 3(b) are intensity thresholding [Fig. 5(c)] when initialized at the
shown in Fig. 7(a). Although many of the noisy contours edges of Fig. 7(c). For each point in the initial contour,
can be eliminated by removing the small magnitude edgesthe edge point closest to it in the direction normal to the
[19], the obtained result may not represent a closed lesioninitial contour is determined. If for a point on the initial
boundary, as shown in Fig. 7(b). Since we know the approx- contour an edge point in the direction normal to the contour
imate position of a lesion boundary from double threshold- is not found, the closest edge point is selected. The edges
ing, we can filter out the edge points that do not contribute to obtained in this manner are shown in Fig. 7(e). These edges
the lesion boundary and eliminate them. Fig. 6(c) shows the will be the only ones used to obtain the final curve. The
image area obtained by two threshold valuess= 131 and entire set of edges in the mask area is not used in curve
T, =195. We use Fig. 6(c) as a mask to select from among fitting, because in some areas in the mask a large number
all locally maximum gradient pixels those that potentially of edges may be obtained, pulling the curve unnecessarily
contribute to the lesion boundary. Fig. 7(c) shows such towards themselves. When a closed elastic curve [21] is
edges. Although many points on the lesion boundary have fitted to points in Fig. 7(e), we obtain the boundary contour
been detected, we see that the boundary is disconnected anshown in Fig. 7(f). Fig. 7(g) shows the curve of Fig. 7(f)
that some points not belonging to the boundary have alsowhen overlaid with the image of Fig. 1(a). This is the final
been detected. By combining double thresholding and segmentation result. The elasticity of the curve may be
edge detection, we have been able to focus on a small frac-varied to obtain boundaries with different smoothnesses.
tion of image edges that lie on or near the initial lesion Fig. 7(h) shows a smoother lesion boundary obtained by
boundary. decreasing the elasticity of the curve.

From obtained edges in Fig. 7(c), we must determine The elastic curve model used here is based on the rational
those that belong to the lesion boundary. Since the obtainedGaussian formulation [21]. Given a set of poinig;{i = 1,
edges may not form a closed contour, the contour segments.., n} along a contour, the rational Gaussian curve that fits
must be connected to construct a closed boundary. Thethe points is defined by
approach we choose uses a closed elastic curve [21]. n
When the curve is initialized at the boundary obtained by P(u) = Z V,gi(w), u€[0,1]
segmenting the image with threshold the curve will i=1



whereg;(u) is theith basis function of the curve given by

gi(u) =

andG;(u) is a Gaussian:
Gi(u)=

u; is theith node of a curve determined from

whereV,,; = V; and IV; — V.4 are the Euclidean dis-
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Gi(u)
> Gi(u)
=1

e~ (u- u)?/202

270

Vi =V .
nl—l+,|e[lyn]
Z|VJ~—V]+1|

ji=1

tances between points; andV ;. ¢ is the standard devia-

tion of Gaussians in a curve and shows the smoothness

Fig. 8. Twenty images of skin lesions. Images 1-6, 7—13 and 14—-20 show
atypical, benign and malignant lesions, respectively. These images are

(inverse elasticity) of the curve. The larger the standard gigitized clinical photographs from our database of skin lesions.
deviation, the smoother the curve. The standard deviation

used in curve fitting should be equal to or greater than the deviation used in image smoothing will not make the bound-
standard deviation used in image smoothing. When an ary contour more detailed. To obtain a more detailed bound-
image is smoothed, both the boundary obtained from inten- ary contour, the standard deviation used in both image
sity thresholding and the contours obtained from image smoothing and curve fitting should be reduced.

edges will be smoothed. Reducing the standard deviation The curve obtained in this manner will pass near locally
in curve fitting to a value that is smaller than the standard maximum gradients and will connect edge fragments

Table 1
Segmentation errors obtained by varying input parametegpsandd
o p d Expert 1 Expert 2 Expert 3 Expert 4
2 3 3 0.0694 0.0819 0.0964 0.0989
5 0.0687 0.0812 0.0966 0.0982
7 0.0656 0.0814 0.0977 0.0982
6 3 0.0694 0.0815 0.0966 0.0984
5 0.0733 0.0835 0.1002 0.0989
7 0.0655 0.0810 0.0979 0.0976
10 3 0.0694 0.0821 0.0974 0.0986
5 0.0700 0.0796 0.0970 0.0979
7 0.0655 0.0817 0.0988 0.0978
3 3 3 0.0727 0.0845 0.0978 0.1021
5 0.0717 0.0833 0.0981 0.1008
7 0.0714 0.0830 0.0981 0.1004
6 3 0.0721 0.0840 0.0974 0.1014
5 0.0712 0.0829 0.0978 0.1001
7 0.0707 0.0824 0.0977 0.0996
10 3 0.0717 0.0837 0.0980 0.1105
5 0.0708 0.0825 0.0982 0.0992
7 0.0703 0.0821 0.0981 0.0988
4 3 3 0.0744 0.0864 0.0990 0.1041
5 0.0732 0.0852 0.0990 0.1028
7 0.0729 0.0849 0.0989 0.1025
6 3 0.0738 0.0856 0.0985 0.1030
5 0.0725 0.0844 0.0986 0.1018
7 0.0721 0.0841 0.0984 0.1014
10 3 0.0729 0.0846 0.0984 0.1017
5 0.0716 0.0835 0.0986 0.1004
7 0.0714 0.0832 0.0986 0.1002

A table entry under a particular expert was obtained by overlaying an automatically segmented lesion with the lesion manually traced by tha¢ expert. T

ratio of the sum of the lesion areas that did not overlap and the sum of the lesion areas were then computed, and the average of such ratios for the 20 ime
found. Experts 1 and 2 were surgeons, Expert 3 was a dermatologist, and Expert 4 was a bioengineer.
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obtained in the lesion boundary. This refinement step is method to its input parameters, we use 20 representative skin
completely automatic and does not require any user inter-lesions, as shown in Fig. 8. Images 1-6 are atypical lesions,
action. However, the user is required to provide valuesfor images 7—13 are benign lesions and images 14—20 are mel-
the standard deviation of the Gaussian used in imageanoma lesions. The boundaries of some of the lesions are not
smoothing and curve fitting, p6b the percentile highest well defined, and some images contain hair and details from
%gradient pixels used in determining the initial threshold skin texture. Fig. 9 shows the lesion boundaries manually
valueT, andd: the average displacement anticipated of the traced by four experts. Fig. 9(a) and (b) were traced by two
boundary points obtained from threshdldto obtain the surgeons, and Fig. 9(c) and (d) were traced by a dermatologist
optimal boundary pointsd(is used to determind; and and bioengineer, respectively. It is interesting to note that the
T,). These parameters are image dependent, and have texperts have segmented the images differently, and most
be selected based on the properties of the class of imagedlifferences exist in segmenting the atypical lesions [image
used in the segmentation. In the following, the sensitivity of 2 of Fig. 9(a) and (c), image 4 of Fig. 9(c) and (d), and image
the proposed segmentation to its parameters is investigated5 of Fig. 9(c) and (d)]. This raises the question as to where the
actual boundaries are, and it appears that different experts use
different rules to segment an image. Some set the boundary at
5. Sensitivity of the segmentation to input parameters the junction of the lesion with normal skin, while others set it
at the junction of darker pigmentation with lighter pigmen-
To determine the sensitivity of the proposed segmentation tation, even though the lighter areas were clearly not normal

() (d)

Fig. 9. Lesion boundaries of images of Fig. 8 manually traced by (a), (b) two surgeons, (c) a dermatologist, and (d) a bioengineer.



L. Xu et al. / Image and Vision Computing 17 (1999) 65-74 73

skin. The observer variation in placing boundaries may well
reflect the fact that for some lesions the real boundary is not
perfectly vertical and may therefore have some width. We
found that variation of lesion boundaries were the smallest
among benign lesions where lesion boundaries were the least
fuzzy.

Segmenting these images with our segmentation program
with parameters = 2, 3, 4,p= 3, 6, 10 andd = 5, 10, 15,
and comparing our results with those obtained manually by
the experts, we get the results shown in Table 1. To obtain a
table entry, first the boundary automatically determined for
theith lesion is overlaid with the corresponding boundary
manually traced by expejt Then the sum of the two areas
that did not overlapa;;, and the sum of the lesion areds,
are determined. Next, the ratio of the two argas- a;/b;; is
computed.rj will be called the error of the automatic
method when segmenting tité lesion and using the result
from thejth expert as the standard. This error measure was
used, because when segmentation results from our program
and from an expert are exactly the same, an error of 0.0 will
be obtained, while when the two segmentation results do not
have any overlap, an error of 1.0 will be obtained. This error
measure is always between 0.0 and 1.0, and is independent
of the size of a lesion. The average of these ratios for the 20
lesions { = 1, ..., 20) was determined for each expert and
entered into Table 1. The errors in Table 1 show that our

segmentation is stable under variations of its parameters and ’

that changing the input parameters slightly will not change
the segmentation result drastically. Segmentation errors
measured with respect to different experts are considerably
different. Errors obtained using results from the two sur-
geons were smaller than those obtained from the dermatol- %
ogist or bioengineer. The overall best and worst _;tg,.
segmentation results obtained by our program according
to Table 1 are shown in Fig. 10. These images show that ()
even with two extreme sets of input parameters, the seg-
mentation results are not very different and the method is Fig. 10. (a) Best automatic segmentation result. (b) Worst automatic seg-
stable under the variation of its parameters. mentation result.
We also determined the variability among experts and
tabulated the results in Table 2. First, tielesion boundary  to accurately locate and isolate the lesions. In this paper, an
segmented by expeitandk was overlaid, and the ratio ofthe  automatic method for segmentation of skin cancer images
sum of areas non-overlapping and sum of lesion areas waswvas presented. The method starts with an initial segmenta-
determined. Then the average of the ratios for all lesipas ( tion and uses edge information in the neighborhood of the
., 20) was determined. The obtained average ratio wasinitial segmentation to refine the results. An elastic curve
then entered into entry, k) of the table as the average of the model is used to represent the final segmentation.
difference between expeltandk when segmenting the 20 Although the method is devised for segmentation of color
images. This shows that, although the variation between theimages, early on in processing, a color image is transformed
two surgeons is small, the overall average variation betweeninto an intensity image where the intensity at a pixel shows
the experts is slightly higher than the average variation the color distance of that pixel to the background. Intensities
between our program and the four experts. in the image obtained in this manner are then transformed
according to a function shown in Fig. 2 to suppress details in
the background and in a lesion while enhancing details
6. Conclusions across lesion boundaries. Transformation of a color image
into an intensity image and mapping of image intensities to
Image segmentation is the first step in many image enhance lesion boundaries are considered to be the main
analysis problems. To analyze skin lesions, it is necessarycontributions of this work.
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Table 2

Variations among experts when segmenting the images of Fig. 8

Kj Expert 1 Expert 2 Expert 3 Expert 4
Expert 1 0 0.0502 0.1023 0.0870
Expert 2 0.0502 0 0.1186 0.0863
Expert 3 0.1023 0.1186 0 0.0976
Expert 4 0.0870 0.0863 0.0976 0

The entry corresponding to expejendk is obtained by computing the sum of non-overlapping areas over the sum of areas manually traced byasxerts
k for each lesion, and finding the average of such ratios for the 20 images. Experts 1 and 2 were surgeons, Expert 3 was a dermatologist, and Expert 4 was a
bioengineer.
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