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Abstract

We address the problem of identifying color variation in color skin lesion color. We
adapt a spatial data mining method to this task and integrate with a segmentation
method to identify significant color regions in an image. The resulting regions are
compared with human perception via Kappa statistical test. Evaluation of the results
indicate that the method approximates human judgment well and can be used as an
automatic tool for mining skin lesion images. The approach is applicable to similar
problems such as texture region identification and mining of other types of images.

1 Introduction

Melanoma is a lethal skin-cancer, but curable if detected early enough. Clinical
features of melanoma are summarized as what’'s called ABCD: asymmetry, border
irregularity, color variegation and diameter greater than 6mm. Early recognition of
changes of lesion in terms of the above features provides important diagnostic and
prognostic information.

Computer-aided analysis of the clinical features of skin lesions has been of
significant importance and interest as a useful tool for early detection of the disease.
This has been a very active research topic for decades. This paper will focus on the
detection of color variation within the lesion since varied shades of brown, tan, or black
are often the first signs of melanoma and as melanoma progresses the colors red, white
and blue may appear.



From standard image processing perspective, image segmentation plays an
important role in identifying lesions and sub-regions inside the lesions because accurate
description and measurement of image features cannot be achieved without accurate
image segmentation. A wide range of algorithms have been used for image
segmentation, broadly categorized as pixel-based segmentation, region-based
segmentation and edge detection.

This paper approaches the problem of image segmentation and color variation
analysis of skin lesons from data mining perspective by applying a clustering
techniqgue. We have implemented a clustering technique, DBSCAN (Density Based
Spatia Clustering of Applications with Noise), to segment skin lesion images, identify
sub-regions inside lesions and extract color features.

2 Background

Due to its potential contribution to early detection of skin cancer, researches
have been very active on image analysis of skin lesons in the past decades.
Segmentation is one of the most popular standard image processing methods that are
used for this purpose. The segmentation technique used in skin lesion analysis is built
upon the existing generic image segmentation algorithms with some modifications that
address the specific properties of skin lesion images.

Split-and-merge is a widely used region-based segmentation algorithm. It was
first proposed by Horowitz and Pavlidis in 1976 [1]. Since then, modification and
improvement have been made. Chen and Lin [2] proposed an adaptive split-and merge
algorithm by learning domain-specific knowledge based on characteristic features and a
hypothesis model. To address the problem that the edges of segments can only have
horizontal and vertical orientations Wu's work [3] optimized the split-and-merge
process by piecewise least-square approximation of an image intensity function.
Manousakas et a. [4] made another improvement by applying simulated annealing



principles and controlled boundary elimination to traditional split-and-merge agorithm.
Fuzzy technique is another method that has recelved extensive attention in pattern
recognition and image segmentation. Lim and Lee proposed an agorithm based on the
thresholding and fuzzy c-means techniques [5]. Chun and Yang presented a new and
robust split-and-merge methodology using generic algorithm with a fuzzy measure [6].

Round et a’s work on color segmentation for skin lesions is basically an
application of split-and-merge algorithm [7]. Schmid and Fischer presented a color
segmentation scheme to segment lesion images based on two-dimensional histogram
analysis and fuzzy c-means clustering technique [8]. This scheme is actualy an
extension of Lim and Lee's method described in [5]. Umbaugh et a. transformed the
RGB space to a spherical domain and developed the color image segmentation method
based on a mathematically optimal transformation, the principal components transform
(PCT) [9, 10]. A multi-channel segmentation algorithm was proposed by using both
gray-level intensity and texture-based features [11, 12]. Hance et a. [13] compared six
different color segmentation algorithms and found that PCT/median cut and adaptive
thresholding algorithms provide the lowest average error and show the most promise.
Recently, Xu et a. presented an automatic method for segmentation of skin lesions with
focus on boundary detection [14]. Transformation of a color image into an intensity
image and mapping of image intensities to enhance lesion boundary are reported as the
main contribution of their work.

The reason why the segmentation method is popular is that it is able to partition
the image into segments such that points or small regions inside one segment are
homogeneous based on certain criteria and points or small regions from different
segments are as different as possible, and as a result important properties of images can
be identified. This is eventually in accordance with the basic concepts and principles of
cluster analysis. Intuitively, data mining techniques, especialy spatial clustering
algorithms, are very likely to work fine to identify and extract features and attributes of
images if we consider digital images as a data set of pixels or small regions that are
homogeneous in terms of a certain color feature.



It has been reported that cluster analysis be used in such applications as pattern
recognition, data analysis, image processing, and market research. However, based on
our research, it is unknown to us that clustering techniques have been reported to mine
skin lesion data. Given our problem domain, we are particularly interested in density-
based methods, represented by DBSCAN [15].

DBSCAN is designed to discover clusters and noise in a spatial database [15]. It
has two key parameters: Eps and MinPts. The neighborhood of an object within a radius
Eps is caled the Eps-neighborhood of the object. If the Eps-neighborhood of an object
contains at least MinPts number of objects, then the object is called a core object. To
find a cluster, DBSCAN starts with an arbitrary object o in the database. If the object o
is a core object w.r.t. Eps and MinPts, a new cluster with o as the core object is created.
DBSCAN continues to retrieve al density-reachable objects from the core object and
add them to the cluster.

Two years later, GDBSCAN (Generalized DBSCAN) generdized the two key
parameters of DBSCAN algorithm such that it can cluster point objects and spatialy
extended objects according to both spatial and non-spatial attributes [16]. The
neighborhood of an object now is defined by a binary predicate NPred on a data set that
is reflexive and symmetric. If NPred is true, then the neighborhood of an object is called
NPred-neighborhood of an object. In other words, NPred-neighborhood of an object isa
set of objects, S, which meet the condition that NPred is true. Corresponding to MinPts,
another predicate, MinWeight of the set of objects, S, is defined such that it is true iff
weighted cardinality for the set, wCard(S), is greater or equa to minimum cardinality,
MinCard, i.e. wCard(S) >= MinCard. In search for clusters, GDBSCAN begins from an
arbitrary object o. First, find out NPred-neighborhood of object o. Second, test
MinWeight for the NPred-neighborhood of object o. If it is true, a new cluster with
object 0 as a core object is created w.r.t. NPred and MinWeight. In such a way,
GDBSCAN expands the concepts of the algorithm and broadens the scope of problem
domains. This provides us with a basis on which we specialize the agorithm and apply
it on lesion image segmentation.



Different from the previous image segmentation processing methods that pay
much attention to improvement of accuracy of lesion boundary detection, the approach
adopted in this paper focuses on color region recognition and mines color features of
skin lesions by applying DBSCAN/GDBSCAN technique. It has three features: (1) It
does not stop at recognition of lesions but goes inside lesions for recognition of sub-
regions within lesions. The sub-regions obtained are represented as objects, which
provides convenience for manipulation, retrieval and mining of color information. (2)
Actions were taken to make the output (the number of sub-regions) produced by the
computer program is as close to human perception as possible. (3) The color analysis
processes implemented in this work are unsupervised. The program automatically
chooses and adjusts related processing parameters based on the color information

embedded in the lesion images.

3 Mining Skin Lesion Data with DBSCAN/GDBSCAN Technique

There are two major steps involved. First, the program splits the image into
smaller regions until al the regions meet the homogeneity criteria set by the threshold
for splitting. Second, the program groups the small split regions to form final regions of
interest by DBSCAN algorithm. In other words, the image is segmented into digoint
regions that correspond to background skin and sub-regionsinside lesion.

Euclidean distance in RGB color space is used to measure color distance and
test homogeneity between color regions. There are no color transformations. The
advantage associated with this is that once the objects of interest are identified they are
represented in the original color space and are ready for retrieval and manipulation of
color data.

The image is segmented in iterations. The aim of the first iteration is to identify
the lesion. During the following iterations, the program moves inside the lesion and
identifies sub-regions of the lesion. This approach alows the program to set different



parameters for different stages of segmentation. The program is designed in such a way
that it automatically sets the parameters based on the color information of the whole
image and/or the lesion and dynamically alters the parameters when it proceeds from
one iteration to another.

Each segment identified by the program is an object that consists of a list of
smaller objects (split regions) generated by the process of splitting. This provides us
with an easy way to manipulate the color data of sub-regions inside lesion and produce
guantitative output that characterizes the color variegation features.

Figure 1 shows the flow chart of the whole process of DBSCAN clustering.
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Figure 1. Flow chart of DBSCAN clustering

3.1  Preprocessing

Each image is smoothed before it goes to segmentation. The purpose for
preprocessing is to remove noise such as reflection. Schmid and Fischer’work [8]
reported that median filtering technique produces good smoothing result. We use the
same method with a 5x5 neighborhood chosen. The advantage of median filtering is that
it preserves the edges of color images while smoothing the images.



3.2  Processof Splitting

Splitting is a top-down process. A region is split into four sub-regions if it fails
to pass homogeneity test. We start it from the highest-level region, which is the whole
image we want to segment initially. The colors of a region and its four possible four
sub-regions are represented by their mean color. The Euclidean distances between a
region and each of its possible four child regions are computed. If any of the color
distances obtained is greater than the threshold for splitting, the region will be split.
Otherwise, the region remains unchanged. The process of splitting goes recursively
until all the regions are found homogeneous or are too small to be split.

The threshold for splitting is a very important parameter. If it is set too high the
accuracy of segmentation will decrease. The result will show rectangular borders
around segments. On the other hand, if it is set too low, an image might be over-
segmented and the size of split regions might be as small as just a few pixels. As a
result, it might waste computation time and space since a smaller number of regions
would suffice to produce equally good result. The program automatically determines the
threshold for splitting as follows.

First, we get background color of the image. It is done by selecting four
windows of 4x4 pixels from four corners of the image. We choose the median color of
pixels as the background color. Such a treatment prevents interference of hair.
Secondly, we divide the image into 100 sub-regions and use each of the sub-regions as a
sample of the image. Third, we calculate the color distances between the background
color and each of the samples and sort the color distances obtained. A big increase
indicates a significant gap between two color regions, which the program needs to
recognize and separate. The threshold for splitting is therefore chosen from those
significant increases. Let’s use Figure 2 to demonstrate how the threshold is obtained.
There is a significant increase from sample n to sample n+1. If the increase is the first
one that is greater than a predefined criteria and distance of sample nis aso greater than
a predefined criterion, we let the threshold for splitting to be the average of distances of



sample n and sample n+1. The two predefined criteria are set based on experimental
testing on training image set and are independent of individual images. For an image
that has less obvious color variation we need to choose a smaller threshold in order to
recognize the color difference in the image while for an image that has obvious color
variation a higher threshold will be determined and it would suffice to recognize the

color difference.
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Figure 2. Demonstration on selection of threshold for splitting

Once the process of splitting is completed, a graph is constructed to represent
the split regions and their connectivity. Two sub-regions are considered connected if
they share a common boundary. The graph is implemented by an adjacency matrix.

3.3  DBSCAN Clustering to Form Segments
3.3.1 Sdection of Two Key Parameters for DBSCAN Clustering

While GDBSCAN generalizes DBSCAN to a higher level to be able to deal
with various problems in wider range, we will carry out specialization of GDBSCAN
such that it fits into our domain. In our case, the data set that the algorithmis applied to
is a set of split regions generated in the process of splitting and our objective is to
cluster those split regions to form segments/objects of interest. Since each homogeneous
region has a non-spatia attribute, color mean, and a spatial attribute, location in the
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image, the first predicate NPred is defined as “color distance between two split regions
is smaller than Eps AND the two split regions are connected” where Eps is a threshold
of color distance that is obtained by the experimental testing on the training image set.
For instance, given a split region reg;, another split region reg; is in the set of NPred-
neighborhood of reg; iff the color distance between reg; and reg, is smaller than Eps
AND reg; and reg, are spatialy connected. Function wCard(S) refers to total number of
pixels of split regions involved. MinCard is a threshold of number of pixels, which is
obtained experimentally. The predicate MinWeight is therefore defined as “the totd
number of pixels of split regions in the NPred-neighborhood, wCard(S) is greater than
MinCard.”

3.3.2 Process of DBSCAN Clustering

The program starts from an arbitrary split region regp. First, based on the
predicate NPred defined previously, find out all the connected regions that have a color
distance of less than Eps. These selected regions form NPred-neighborhood of region
rego. Calculate wCard(S), the total number of pixels of NPred-neighborhood. If the total
number of pixels is greater than MinCard, a new cluster with region regp as core object
is created. Second, retrieve and add into the cluster all the possible directly density-
reachable regions of each region selected in the first step. Third, the process goes on
iteratively until no new region satisfies the predicate. This makes sure of the correctness
of application of the agorithm, i.e. (1) for all region p, q, if region p belongs to a cluster
and region q is density-reachable from region p w.r.t. NPred and MinWeight, then
region g belongs to the same cluster; (2) for all region p, g in a cluster, region p is
density-connected to region q w.r.t. NPred and MinWeight.

Let’s use Figure 3 as an example to demonstrate the process. Figure 3 shows a
layout of split regions at the end of the process of splitting. Thick lines indicate the
borders of split regions. Small cells indicate pixels. Clusters obtained are shown in
different colors. Let MinCard be 10 pixels. Suppose we start from regions. It has four

connected regions. region;, regiony, regionyg and regioms. But only region; and regiony
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have a color distance of less than Eps from regions. As aresult, only region; and regiony
are in the NPred-neighborhood. Since the total number of pixels of region; and regiony
is greater than MinCard, 10, a new cluster with regiong as core object is created. Next
repeat the same procedure to find all possible directly density-reachable regions of
region; and region; respectively. Starting from regionl, it has 5 adjacent regions. 2, 4,
6, 7, and 8. Region; and regiong have been visited. Region, and region, have greater
color distance than Eps. Only regions has smaller color distance than Eps and thus
elected as NPred-neighborhood. Since regions has more than 10 pixels, it is directly
density-reachable from region; and is added into the cluster. We cannot find any more
directly density-reachable regions from either region;, or regions, or region;, or regions.
Asaresult, acluster consisting of region;, regions, region; and regiong is formed.

1 2 5
4 5
6 7 8 9 10 11

12 13 14 15

16 17 18 19 20 21

22 23 24 25

Figure 3. Demonstration of DBSCAN process

Figure 4 is a sample lesion image and Figure 5 is the result of initial DBSCAN
process. The dark areas in Figure 5 show noise. They cannot be integrated into any
cluster because they fail the predicate test. Notice that most of noise is along the borders
of segments we want to identify. The explanation about this is that the thin area along
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the borders of segments has much higher color variation. Thus, during the process of
splitting, this area is divided into much smaller sub-areas, and during the process of
clustering, smaller regions with higher color distance from their neighborhood are less

likely to pass the predicate test to form or join a cluster.

Figure 4. Original image Figure 5. Image after theinitial DBSCAN

3.3.3 Postprocessing

DBSCAN is an algorithm designed to discover clusters as well as noise in a
spatial database. But in our case a non-noise label for each object of interest (segment)
is required. Also as seen in Figure 5, the number of the clusters obtained from initial
DBSCAN process is much more than the actual number of the clusters that we are
interested in. Some of the clusters are just too small to be accepted as clusters.
Therefore, postprocessing is necessary.

First, we merge the noise into the connected cluster that has smallest color
distance from it. The noise is unclassified split regions in the implementation. It is likely
that a noise region is surrounded by other noise regions and does not have a direct
connection with any of clusters. These noise regions may not be able to be merged until
some of their surrounding noise regions get merged first. Thus, it may take a few
iterations to have all noise regions merged.
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Second, we merge clusters with the connected cluster that have smallest color
distance from it by a process of refinement. Here we need to set a threshold to control
the process. It can be either a minimal number of clusters that are produced as final
output or a threshold of color distance. Obvioudly, a threshold of color distance is more
appropriate. If the smallest color distance between a cluster and its connected neighbors
is greater than the threshold it won't be merged with any cluster any more.

The threshold for refinement is more relaxed compared with those used in the
processes of gplitting and initial clustering and is set by multiplying the threshold for
splitting by a factor. The factor is dependent upon the significance of color variation
among the initial segments. The latter can be represented by color mean absolute
deviation of the initial segments. Normally the area with less significant color variation
normally has smaller color mean absolute deviation. Thus the threshold for refinement
obtained here is smaller and the criterion for merging becomes stricter. With stricter
threshold the program is able to detect less significant color variation. The threshold
used in process of refinement is automatically determined by the program.

Figure 6 shows the result up to this point.

e o NG :
Figure 6. Image after thefirst iteration
3.3.4 More Iterations of DBSCAN Clustering

Now we have finished the first iteration of DBSCAN clustering and achieved
the first objective that is to identify the lesion from the background skin. Our next goal
isto get inside the lesion to identify sub-regions if they exist.
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We set up three conditions to test whether or not a cluster produced by the first
iteration of clustering needs more iterations of DBSCAN clustering: (1) The size of the
cluster needing second DBSCAN clustering is relatively large. Normally it should be
larger than one tenth of the original image in terms of the number of pixels. (2) The
color distance between the cluster that needs second DBSCAN clustering and the
background color should be large than a threshold. (3) The cluster that needs second
DBSCAN clustering has relatively significant color variation. This is represented by the
color mean absolute deviation of split regions within that cluster. If its color mean
absolute deviation is greater than a threshold, the cluster is seen to have significant
color variation. If a cluster meets any of the three conditions listed above, another
iteration of DBSCAN clustering will apply.

During the second DBSCAN clustering, both Eps and MinCard increase by a
small portion because segment (cluster) generated by the first DBSCAN clustering
normally has less significant color variation than the original image. Stricter criteria
help to recognize less significant difference.

In order to avoid over-segmentation, additional DBSCAN clustering won't
exceed two iterations.

3.3.5 Final Cleaning Process

There are two actions that may be taken at this step.

One of our main goals is that the result produced the computer program is as
close to human perception as possible. Normally it is quite difficult for human eyes to
recognize small color differences. Also human perception tends to favor color regions
with relatively visible size and border. As a result, the number of colors/sub-regions
inside lesion tends to be relatively small. On the other hand, the computer program has
more powerful ability to detect tiny color differences not detected by human eyes.
Therefore, the computer program tends to find larger numbers of colors/sub-regions
inside lesions especidly in the thin band along the border of lesion. It may be necessary
to take an extra merging process with more relaxing threshold to close the gap between
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the computer program and human perception if too many clusters are shown in the final
output.

Another scenario is that sometimes there exist a few tiny segments at the end of
previous processes. We regard segments as noise if they are smaller than two hundredth
of the size of the origina image in terms of number of pixels. Those tiny segments will
be forced to merge with their nearest neighborhood cluster.

Figure 7 shows the output at the end of the whole DBSCAN process.

Figure 7. Image after the second iteration

34  Experimental Results
3.4.1 Lesion Image Segmentation

In order to test the correctness and efficiency of the program and set up values
for related parameters, the program was first applied to 18 images, which were chosen
from a 500-image database. The selection of the 18 images was done in the way that
they could be as representative as possible. It includes images with various sizes, with
various colors, high color variation and low color variation, with lesions having clear
border and blur border, dark and light, with hairs and without hairs, with reflection and
other types of noise, etc.
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As explained earlier, the threshold for splitting is chosen by the program based
on the color information of images. Therefore, the thresholds for splitting are different
from images to images. The actual threshold is a square one. By doing so, we may not
need to calculate square root when we calculate Euclidean distance between tow color
regions. Main parameters are set up as follows.

Eps: thresholdS/ 3, where thresholdS is the threshold for splitting

MinCard: 80 pixels

Experiments show that the program may not work very well if the image is very
hairy, or there is arelatively large area of reflection.

Next, the program was applied to 117 images. The result was shown with more
accurate boundaries and fewer rectangular edges compared with traditional region

merging methods.

3.4.2 Correlation and Agreement between DBSCAN Clustering and Human

Perception

Experiments were carried out to test the correlation and agreement between the
computer program and human perception. 5 observers participated in the experiment.
Each observer independently reviewed the images and no observer had seen the results
produced by the computer program before she/he reviewed the images.

We choose the number of colors/sub-regions inside lesion as the attribute for the
evaluation of computer program and use majority vote of the observations for human
perception. We convert the evaluation originaly represented by the number of
colorg/sub-regions insgde leson into numeric ranks, shown in Table 1. In our
experiments, since no human observation identifies an image with more than 3
colors/sub-regions inside lesion and the computer program only identifies 6 out of 117
images, which have 4 colorg/sub-regions inside leson (no case has more than 4
colors/sub-regions), we rank the result that has equal to or greater than 3 colors/sub-

regions as 3.
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Table 1. Conversion of original evaluation into numeric ranks

Number of Colors/Sub-regions Rank

1 1
2 2
3+ 3

(a) Correlation between the DBSCAN Clustering and human perception

Correlation coefficient is 0.30, indicating a fair but postive correlation.
Hypothesis test (t tests) [17] for the correlation coefficient shows significant positive
correlation with 95% confidence level.

(b) Agreement between the computer program and human perception

Kappa coefficient of Cohen [18] is recommended as an indicator of observer
agreement. If Kappa coefficient is equal to zero, it indicates no agreement. A negative
Kappa coefficient means disagreement whereas a positive one means agreement [19].

We apply Kappa coefficient test on the agreement between the computer
program and human perception.

Table 2 summarizes the results from the computer program and human

perception.

Table 2. Summary of evaluation by DBSCAN and human perception

Human Observation

1 2 3 Total

Computer 1 2 3 1 6
Program 2 3 58 5 66
3 2 28 15 45

Total 7 89 21 117

The result of agreement test: Kappa coefficient is 0.2803, with 95% confidence
interval of [0.1318, 0.4288], showing a significant agreement between the computer

program and human perception.
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4 Conclusion

Image segmentation and color feature analysis of skin lesions is not a new topic.
But this paper adopts a new approach to this problem by combining a cluster analysis
algorithm, DBSCAN, with image processing techniques. The main contribution of this
work is the successful application of the clustering algorithm in skin lesion image
analysis.

The result of segmentation by DBSCAN clustering was shown with more
accurate boundary and fewer rectangular edges compared with traditional split-and-
merge method. Experiments have aso indicated that there are positive and statistically
significant correlation and agreement between the outputs of the computer program and
human perception.

Further work needs to be done to address the influence of noise, such as hairs

and reflection, so as to increase the robustness of the program.
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