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ABSTRACT

A novel automatic method of segmenting nevi is explained and analyzed in this paper. Thefirst step in nevi
segmentation isto iteratively apply an adaptive mean shift filter to form clustersin the image and to remove noise. The
goal of this step isto remove differencesin skin intensity and hairs from theimage, while still preserving the shape of
nevi present on the skin. Each iteration of the mean shift filter changes pixel values to be a weighted average of pixels
in itsneighborhood. Some new extensions to the mean shift filter are proposed to allow for better segmentation of nevi
from the skin. Thekernel, that describes how the pixelsin its neighborhood will be averaged, is adaptive; the shape of
the kernd isafunction of thelocal histogram. After initial dustering, a Smple merging of clustersisdone. Finaly,
clustersthat arelocal minima are found and analyzed to determine which clugters are nevi. When this agorithm was
compared to an assessment by an expert dermatologist, it showed a sensitivity rate and diagnostic accuracy of over 95%
on thetest set, for nevi larger than 1.5mm.

1. INTRODUCTION

Nevi density isthe strongest predictor of malignant melanoma, with about 50% of malignant melanoma originating
from pre-existing nevi [1-3]. Therefore, nevus counting is often an integral part of many studies that look at malignant
melanoma [4-7]. Since manual counting is often costly and inaccurate, an automatic method of segmenting and
counting nevi would help standardize studies. An automatic method would also aid in the counting and registration of
patients who are at a high risk of devel oping malignant melanomaand need to get their nevi examined frequently.

Counting nevi accurately and consigtently is a difficult problem, even for trained dermatologists. Nevi are easily missed
if they are small, and other skin conditions such as freckles can be mistaken asnevi. Doing automatic nevi
segmentation is no less difficult, with varying light conditions one cannot rely on color to correctly segment the image.
Different colored lights change the color of the nevi in anon-linear way so that the original color under natural light
cannot be recovered. Another problem isthat nevi can be very large, or be in a non-élliptical shape, such as when two
nevi close to each other merge; therefore shape and size are not rdliable indicatorsaswell. Since thereisno one
measure that can reliably classify nevi, afeature space approach istaken. Each relevant feature, such assize, istaken
into account, and a feature vector is constructed.

The agorithm described in this paper consists of three major steps; the first step isan iterative algorithm that uses an
adaptive mean shift algorithm that removes noise from the image while preserving the nevi. The second stepisasimple
merging algorithm that creates large clusters of pixels and identifies the possible nevi in theimage. Thefinal step
classifies each candidate as nevi or not using feature vectors and a feature space.

The mean shift algorithm used, unlike the original algorithm [8], [9], [10], ishot guaranteed or hecessary to converge.
Each pixe isreplaced with aweighted averaged of pixelswith similar intengity to itself in a small neighborhood. This
averaging is done iteratively, typically 4-6 passes will smooth the image sufficiently, and any additional iteration will
result in small differences only.
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Figure 1. a) origina skin image b) after mean shift ¢) candidates selected

A consistent feature of nevi isthat they always have lower intensity than the surrounding area, so nevi appear as dark
spotsin theimage. Once theimageis smoothed from the mean shift algorithm, any local area minimum in intensity is
marked as possible nevi.

Figure 1a) shows section of a skin patch used, figurelb) shows the same portion of the skin that has been filtered by the

mean shift algorithm. Figure 1c) hasthe areas that are local minima, but not touching the boundary of the image,
highlighted.

2. MEAN SHIFT

In this section the general mean shift algorithm will be discussed [8], as well as common extensions [8][9][10] and our
specific extensions used for the expressed application of nevi segmentation. Mean shift has been used for image
segmentation as well as video tracking [10]. Itisknown asagood clustering algorithm that preserves edge boundaries
aswell keeping arepresentative color or intensity of each cluster.

Let Sbethe set of pixelsin the image to be processed. Let x be the element in Sthat is currently being processed and
[(X) bethe pixel intendty of x. Let K bethekerne of the mean shift filter. A flat kernel isdefined as:

K(Z):{lifzs a. } n

0 otherwise

where aisthe radius of the neighborhood in intensity space. The sample mean is defined as:
3 K(@bs(1 (9= 1 ()1 (9
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where w(s) isaweight function. In the mean shift filter, each pixel valueisreplaced with its sample mean value, with
al pixelsin the image updated s multaneoudly, and the filter is applied several times; so each iteration | (X)=m(x) for
al xgs. Themean shift algorithm isa gradient ascent a gorithm, which converges into stable clusters when using the
flat kernel.

2.1. AdaptiveKerne

Typically, the mean shift kernel in any application is consistent and does not change, as well as having a kernd that
guarantees convergence. Two common kernels are the flat kernel, from equation (1) aswell asthe Gaussian kerndl:

K(2) ={e‘22} €)

For practical uses, the Gaussian kerndl is not used, since each pixel has the whole image as a neighborhood. A mixture
of aflat kernel and Gaussian kernel can be used, called atruncated Gaussian kernel:

—bz* -
K(z):{e ifz< a } 4

0 otherwise

A problem with this kernel isthat it treats everything the same, in that it will preserve all objects within the image if
there are enough pixelsinits neighborhood with similar intensity. If there are some patches of hair in theimage, it
would leave the hair in the image, while averaging the intensity of the hair. We do not want this behavior asit could
produce false positives in theresults. By modifying the kernel to adapt to different local histograms, we get:

-B(Y)Z
k(=S Mfz=2 2
0 otherwise

where Yisthe set of all the pixelsin the neighborhood of x, o Y [J S, where the function B(Y) is defined as:

B(Y) =i} f(abs(I (y) =1 (x))/ Y| (5b)

where c; isacongtant and | Y | isthe number of elementsin the set.

£(2) 1 ifzg a (50
= C
0 otherwise

AsB(Y) decreases, it resembles aflat kernel. Hat kernelstend to smooth out small objects, afew pixelsthat are outliers
but are still within awill push the pixelstoward the intensity of the majority of the pixelsin the neighborhood. A few
pixels of ahair in an image will have alow B(Y) value, sincetypically thereismostly skin in the background. At least a
few pixels of the skin near the hair will be in itsneighborhood and intensity range, so these pixelswill change the
intensity toward the skin intensity on every iteration, merging the hair into the skin.

Nevi usually are composed of many pixelsin asmal area, so B(Y) will be higher since there are many pixelswith
similar intensity close together. A high B(Y) will result in a high standard deviation Gaussian kernel which doesn’t
allow the skin pixelstoinfluence theintensity of the nevi pixels as much, since pixels farther away from the pixel
intensity will be weighted much lower. Figure 2 shows how aflat kernel tendsto merge objects into the background,
while a Gaussian kernel tends to preserve the objects better.
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Figure 2. a) origina skin image b) mean shift —flat kernd ¢) mean shift — Gaussian kernel

2.2. WEIGHTING FUNCTION

The weighting function, w(s) of equation (2) is usually fixed throughout all iterations or set for each iteration. Typically
it isused to increase the speed of convergence, with a higher w(s) the pixel typically moves morein intendty space with
each iteration. It could also be set to decrease with every iteration, to make sureit doesn’t jump over thetrue mean. In
this situation, we are more interested with eliminating hairs and small noise and not speed of convergence. Let the
weight be defined as:

C:

wW(s, X) = R

+C3 (6)

Where c2 and c3 are constants, and D(x,s) be the spatial distance between pixelsx and s. Since nevi are always solid in
shape and without holes, giving pixels nearby higher weight will help the edges of the nevi stay within the nevi cluster.

2.3. ADAPTIVE MEAN SHIFT ALGORITHM

After we include the weighting function, the modified mean shift algorithmiis:

3" K (abs(l () = 1 ())w(s, X1 (S)
m(x) === 7

S K (@bs(1 () = 1 ())W(s, )

The sample mean, m(x), is calculated for each pixel for the wholeimage. Then the pixe intensty value for each pixd is
updated with its sample mean value, |(X)=m(x). It was determined experimentally that after 5 to 6 iterations theresults
of the mean shift did not change the image significantly anymore.
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24. COMPLEXITY

The mean shift algorithm’s speed is dependent on three factors: number of iterations, size of neighborhood and size of
the image being processed. The number of iterations can be set to a small constant, such as Sx, but in sandard practice
is set to iterate until convergence. The size of the neighborhood is difficult to choose, as a small number will create
many small clusters and be subject to noise, snce each cluster has no chance to merge with pixels farther away from the
pixd. If alarge neighborhood is chosen the quality of the resultsincrease, but the run timeincreasesin polynomial time
with the radius of the neighborhood. Asthe size of theimage increases, better results are found, since the nevi will
occupy more pixelsin theimage, as opposed to a smaller, lower resolution image.

The number of calculations for the mean shift istherefore;
Number of Calculations = Iterations* (areaimage)* (area of neighborhood) (8)

We developed a variation of the mean shift algorithm to produce similar results, while reducing the number of iterations
to calculate the sample mean to less than two.

Ingtead of moving the pixel in intensity space, we want to move it spatially first. We use amore basic form of the
sample mean equation:

> K (abs(l (5) = 1 () D(x, 5)
M= S K @bs(1(9-100)

(9)

which isamodified form of equation (2) with the weighting function set to one. Also thekernel used istheflat kernd,
defined in equation (1). The main difference isthat instead of doing the calculationsin intensity space, the cal culations
are done spatidly. So the values of s and x represent the position of the pixels. This must be done in two dimensions,
the X and Y axis. Thealgorithm is asfollows:

For each pixel, calculate the spatial sample mean

For al pixelswith sample mean zero have their intensity sample mean caculated asin equation (7)

For each pixel, while the spatial sample mean isnot zero, current position = current position + sample mean
Set the pixel to theintensity sample mean of the pixd that step 3 ends on

PONPE

The center of clusters should have a spatia sample mean of zero, so all pixelsin the object take on the value of the
intensity sample mean of the center pixel in the cluster.

3. CANDIDATE SELECTION

After theimage has been processed using the mean shift algorithm, an image with many clusters of pixels with the same
value will be produced. Pixel values are then quantized, to form larger clusters. Pixd values can be quantized into 64
or 128 values, from the initial 256, while producing good results. The clusters having alower intendity than any of the
other clusters surrounding it, and that are not against the border of the image, are identified as possible nevi candidates.

The second part of this step isto find the total areathat the nevus occupies. Often in alarge nevus, the center is
significantly darker than the outer areas of the nevi; thisresultsin the cluster only representing part of the nevus. An
iterative procedureis performed to attempt to merge outer nevi clustersto the central cluster, to compensate for
underestimating large nevi..

1734  Proc. of SPIE Vol. 5370



4. FEATURE SPACE

Once the possible nevi are found, statistics for each is generated resulting in an associated feature vector. Based on
label ed data by an expert dermatol ogist, the feature space isdivided into nevus and not nevus. Any candidate found
within the feature space indicating it isanevi isindicated as such, otherwiseit isdiscarded. For each candidate found,
several features are calculated. The most important features are size and contrast. Another supporting featurethat is
used is shape, in terms of how eliptical and dlongated it is. Sizeisdefined asthe area; the number of pixelsin the
candidate. The contrast is defined as the average intensity of the pixelsin the candidate divided by the average intensity
of the pixels neighboring the border of the candidate. The elliptical measureis defined as the number of pixelswithin
its convex hull divided by its size. The elongation istheratio between minor axis and the major axis of the nevus.

The minimum size depends on the resolution of the image as well as the distance of the subject to the camera. A
minimum size of 1.5mm? is enforced, as smaller candidates could simply be noise. Very large nevi are aso unlikely,
but cannot be ruled out. The contragt is avery important feature; the darker it is, the morelikely it isanevus, and not a
dark skin patch. The dliptical measure has a desirable value of one, which could mean a perfect dlipse. But two nevi
that have been merged would also have this measure equal to or closeto one. Asthis measure decreases, it ismore
unlikely to beanevus. The elongation of a perfect circle would be equal to one. Setting alimit on the elongation and
elipticity prevents errors from shadows, which aretypically long, thin and dark which are generated by the shoulder
blades. Our program hypothesizes that a nevusis 2-5mm wide, dark, and a perfect circle. Ascandidates deviate more
from thisideal, they areless likely to be nevi.

Each candidate has an associated feature vector, based on the above features. Feature vectors from expertly labeled
nevi on images forming atraining set from this class of images were found and were analyzed. The feature space was
then divided into two regions, corresponding to nevi or not nevi, with the nevi region enclosed in afour dimensional
sphere in the feature space. When anew candidateisintroduced, it is classified based on what region it fallsinto.

5. RESULTS

Application of the algorithm on atest set of eight images taken from a 1993 nevus counting sudy showed promising
results. Thetest set consisted of large sections of skin from the backs of children taken at aresolution of approximately
16 pixelsymm?. The test set was taken with a standard 35mm camera and digitized for input into the algorithm. All
images were taken in asimilar setting; however, some images were taken where the skin was not perpendicular to the
lens of the camera, causing shadows from the body and shoulder blades. Furthermore, the skin images were taken from
arange of different ethnic groups with varying skin color.

All eight test images were labeled by an expert dermatologist. When compared with the nevi over 2.25mm?in size that
were chosen by the dermatol ogist, the a gorithm found 54 true positives, 1 false positive and 3 fal se negatives which
resultsin a sensitivity rate of 95% and a diagnostic accuracy of 98%. No nevi above 2mm in diameter in size were
missed by the algorithm. The neighborhood used in the tests was eight pixelsin both x and y directions, corresponding
to 4 mm?, with six iterations of the mean shift algorithm. Experimentally, the most reliable measure was the contrast
between theintensity of the nevi and the outer skin area, with the average nevi intensity approximately 20% darker than
the surrounding skin area.

Common false positives were from hair covered areas. These arenot filtered out using the mean shift filter, since they
are clustered together, so if they happen to have asimilar shape as a nevus, hairs would be classified asnevi. Nevi lying
near the border of a shadow or near body folds were particular difficult to find as well, since they contrasted poorly with
the skin area, or the intensity moved toward the color of the shadow.
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Figure 3. Sections of skin with found nevi circled

6. CONCLUSION

A method to automatically segment nevi from skin imagesis presented in this paper, using an adaptive mean shift filter.
Thisfilter has the advantage that no prior knowledge is needed about the number of nevi clusters present on the skin
because decisions are madelocally in asmall area. Another advantage of the algorithm isthat it isrobust in varying
lighting conditions, so it can potentially be used in many different stuations. Results so far are very promising, asthe
mean shift filter merges small objects such ashair into the skin, making nevi easily stand out from the skin. The mean
shift algorithm, unlike many other de-noising algorithms, preserves the shape and intensity of the nevi, allowing for
accurate statigtics to be gathered. Theidentification of nevi also correlates well with the eight images manually labeled
by an expert dermatol ogist.
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