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1. Introduction — Malignant melanoma and dermoscopy

The incidence of malighant melanoma has increased gradually in most parts of the world.
There is a report that the incidence of melanoma is now approaching 50 cases per 100,000
population in Australia (Stolz et al., 2002) and another report describes that a total of 62,480
incidence and 8,420 deaths are estimated in United States in 2008 (Jemal et al., 2008).
Although advanced malignant melanoma is often incurable, early-stage melanoma can be
cured in many cases, particularly before the metastasis phase. For example, patients with a
melanoma less than or equal to 0.75 mm in thickness have a good prognosis and their five-
year survival rate is greater than 93% (Meyskens et al., 1998). Therefore, early detection is
crucial for the reduction of melanoma-related deaths. On the other hand, however, it is often
difficult to distinguish between early-stage melanoma and Clark nevus, one of melanocytic
pigmented skin lesion, with the naked eye, especially when small lesions are involved.
Dermoscopy, a non-invasive skin imaging technique, was introduced to improve accuracy
in the diagnosis of melanoma (Soyer et al., 1987). It uses optical magnification and either
liquid immersion and low angle-of-incidence lighting or cross-polarized lighting to make
the contact area translucent, making subsurface structures more easily visible when
compared to conventional macroscopic (clinical) images (Tanaka, 2006). Fig 1 shows
examples of (a) a clinical image of early stage of melanoma and (b) a dermoscopy image of
the same lesion. The dermoscopy image has no defused reflection on the skin surface and
shows the internal structures clearly. In this case, an experienced dermatologist found
regression structures (tint color areas) in the dermoscopy image and concluded that this
lesion should be malignant.

Several diagnostic schemes based on dermoscopy have been proposed and tested in clinical
practice including the ABCD rule (Stolz et al., 1994), Menzies' scoring method (Menzies et al.,
1996), the 7-point checklist (Argenziano et al., 1998), the modified ABC-point list (Blum et al.,
2003), and the 3-point checklist (Soyer et al., 2004). A systematic review covering Medline
entries from 1983 to 1997 revealed that dermoscopy had 10-27% higher sensitivity (Mayer et
al., 1997). However, dermoscopic diagnosis is often subjective and is therefore associated
with poor reproducibility and low accuracy especially in the hands of inexperienced
dermatologists. Despite the use of dermoscopy, the accuracy of expert dermatologists in
diagnosing melanoma is estimated to be about 75-84% (Argenziano et al., 2003).
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184 New Developments in Biomedical Engineering

In order to overcome the above problems, automated and semi-automated procedures for
classification of dermoscopy images and related techniques have been investigated since the
late 1990s. This chapter introduces the recent advancement of those investigations with
Internet based melanoma screening system developed by authors.

The following of the chapter is organized as follows: section 2 describes the diagnostic
scheme of melanomas and outlines computer-based melanoma diagnosis in methodology
and past studies; section 3 introduces an outline of our web-based melanoma screening
system and its architectonics; section 4 explains Asian specific melanomas found in acral
volar regions and their automated method for diagnosis; section 5 describes the remaining
issues needing to be addressed in this field and the conclusion is given in section 6.

(a) clinic-a\i imagé ‘ (b) dermoscopy image
Fig. 1. Sample of (a) clinical image and (b) dermoscopy image of same lesion (malignant
melanoma)

2. Diagnosis of melanoma

This section firstly introduces the diagnosis scheme for melanomas, namely how
dermatologists diagnose melanomas, and then introduces the computer-based diagnosis in
terms of methodological outline and past studies.

2.1 Diagnosis scheme for melanomas

This subsection introduces well-known and commonly-used diagnosis scheme for
dermoscopy images, the ABCD rule (Stolz et al, 1994) and the 7-point checklist
(Argenziano et al., 1998) for further understanding.

2.1.1 ABCD rule

This is one of the most well-known semi-quantitative diagnosis schemes. It quantifies the
asymmetry (A), border sharpness (B), color variation (C) and the number of differential
structures (D) present in a lesion. Table 1 summarizes these definitions and their relative
weights. A describes the degree of asymmetry of the tumor. Assuming a pair of orthogonal
symmetry axes intersecting at the centroid of the tumor, A can be 0 (symmetry along both
axes), 1 (symmetry along one axis), or 2 (no symmetry). B represents the number of border
octants with sharp transitions. C indicates the number of significant colors present in the
tumor, of which six are considered to be significant: white, red, light-brown, dark-brown,
blue-gray, and black. Finally, D represents the number of differential structures (pigment
network, structureless or homogeneous areas, streaks, dots, and globules) present in the
tumor. Using the ABCD rule, the total dermoscopy score (TDS) is calculated as follows:
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TDS = (A x1.3)+ (B X 0.1)+ (C x 0.5)+ (D x 0.5). (1)

TDS below 4.75 indicates benignity, whereas TDS above 5.45 indicates malignancy. A score
between these limits corresponds to a suspicious case that requires clinical follow-up.

Fig.2 shows the sample dermoscopy image. Dermatologists will find no symmetry border
(A=2), more than half of the tumor border has sharp color transition (B=5), four colors
(white, light-brown, dark-brown, blue-gray) in the tumor area (C=4) and five defined
structures (pigment network, structureless or homogeneous areas, streaks, dots, and
globules) (D=5).With these criteria, TDS becomes 7.6 (>5.45) and they can conclude this
tumor is malignant.

Criterion Description score | weight

Asymmetry Number of asymmetry axes 0-2 x 1.3

Border Number of border octants with sharp transition 0-8 x 0.1

Color Number of significant colors from: white, red, light- | 1-6 X 0.5
brown, dark-brown, bule-gray, and black

Differential Number of differential structures from: pigment | 0-5 x 0.5

structures network, structureless, streaks, dots, and globules

Table 1. Brief summary of ABCD rule (Stolz et al., 1994)

Fig. 2. Sample of dermoscopy image (malignant melanoma)

2.1.2 7-point checklist
This is another well-known diagnostic method that requires the identification of seven
dermoscopic structures that are shown in Table 2. The score for a lesion is determined as the
weighted sum of the structures present in it. Using the 7-point checklist, the total score (TS)
is calculated as follows:

TS = (#major X 2) + (#minor)~ (2)

Here #major and #minor are the number of dermoscopic structures (see Table 2) present in the
image. If TS is greater than or equal to 3, then the lesion is considered to be malignant.

In Fig. 2, dermatologists will find "blue-whitish veil”, "irregular streaks”, "irregular
pigmentation”, "irregular dots/globules”, and "regression structures”. Accordingly, TS
becomes 6 (=3) and they consider this tumor to be malignant. Note again that the scores in
the above examples may vary among physicians. See (Argenziano et al., 2003) in detail.
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Major criterion

weight
1. Atypical pigment network X 2
2. Blue-whitish veil X 2
3. Atypical vascular pattern X 2
Minor criterion

weight
4. Irregular streaks x 1
5. Irregular pigmentation X1
6. Irregular dots / globules x 1
7. Regression structures X1

Table 2. Brief summary of 7-point checklist (Argenziano et al., 1998)

2.2 Computer-based diagnosis of melanomas

Several groups have developed automated analysis procedures to overcome the above
mentioned problems - difficulty, subjectivity and low reproducibility of diagnosis, and
reported high levels of diagnostic accuracy. The pioneering study of fully automated
diagnosis of melanoma was conducted by Green et al. (Green et al., 1991). In their study
tumor images were captured using a CCD color video camera.

Table 3 shows the list of recent studies in this topic. The diagnosis process of most
automated diagnosis methods can be divided into three steps:

(1) Determination of tumor area from dermoscopy image,

(2) Extraction of image features from image,

(3) Building of the classification model and evaluation.

In the following section, outline of these steps is described with our Internet-based system
as an example.

Reference Classifier |#Images |SE(%) |SP(%) |comments

Gunster et al., 2001 | k-NN 5363| 73.0 89.0 | (not dermoscopy images)

Elbaum et al., 2001 | Linear 246 100 85.0

Rubegni et al., 2002 | ANN 550 94.3 93.8

Hoffmann et al.,2003 | Logistic 2218 - - | AUC*=0.844

Blum et al., 2003 ANN 837| 823 86.9

Oka et al., 2004 Linear 247 87.0 93.1 | Internet-based

Burroni et al., 2004 Linear 174 71.1 72.1 | Only melanoma in situ

Seidenari et al., 2005 | Linear 459| 875 85.7 | AUC*=0.933

Menzies et al., 2005 | Logistic 2420 91.0 65.0

Celebi et al., 2007b  |SVM 564 | 93.3 92.3

Iyatomi et al., 2008b | ANN 1258 85.9 86.0 | Internet-based
AUC=0.928

* area under the ROC (receiver operating characteristics) curve
Table 3. Recent studies in automated diagnosis for melanomas
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3. Internet-based melanoma screening system

The software-based approaches introduced in the section 2, however, have several problems
or limitations for practical use. For example, results of these studies are not comparable
because of the different image sets used in each one. In addition, these studies were
designed to develop a screening system for new patients using standalone systems and
therefore they have not been opened to the public.

In 2004, authors developed the first Internet-based melanoma screening system and opened
it for public use with the intention to solve abovementioned issues (Oka et al., 2004). The
URL of the site has changed and it is now http://dermoscopy.k.hosei.ac.jp. Here we show
the current top page of the site in Fig.3(a). When one uploads a dermoscopy image, inputs
photographed body region of the tumor and the associated clinical data (Fig. 3(b)), the
system extracts the tumor area, calculates the tumor characteristics and reports a diagnosis
based on the output of built linear or artificial neural network classifier (Fig. 3(c)). Collecting
many dermoscopy images for building a classifier is the most important issue to ensure
system accuracy and generality. However, this is not a trivial task because obtaining the
diagnosis information, dermatologists usually need histopathological tests or long term
clinical follow-up. To address this issue, our system is designed to store the uploaded
dermoscopy images into our database and waiting a final diagnosis by pathological
examination etc. as a feedback from the users, if available.

Since we made this system open to the public, we have identified several issues that would make
the system more practical. We have thus focused on the following topics: (1) expansion of the
image database for building a classifier, (2) development of a more accurate tumor area
extraction algorithm, (3) extraction of more discriminative diagnostic features, (4) development of
an effective classification model, and (5) reduction of the system response time.

The latest version of our system (Iyatomi et al., 2008b) features a sophisticated tumor-area
extraction algorithm that attains superior extraction performance to conventional methods
(Iyatomi et al., 2006) and linear and back-propagation artificial neural network classifiers.
The system has a capability to accept the usual melanocytic pigmented lesions (e.g. Clark
nevi, Spitz nevi, dermal nevi, blue nevi, melanomas etc. - research target of most
conventional studies as listed in Table 1) and it can also accept acral volar skin lesions that
are found specifically in palm and sole area of non-white people. Acral lesions have
completely different appearances and therefore a specific classification model is required to
analyze these lesions (details are described in section 4). Our system automatically selects
the appropriate diagnostic classifier based on the location of lesions provided by the user
and yields the final diagnosis results in the form of a malignancy score between 0 and 100
within 3-10 seconds (see Fig.3(c)).

For non-acral lesions, the system achieved 85.9 % SE, 86.0% SP and 0.928 area under the
receiver operating characteristics (ROC) curve (AUC) using a leave-one-out cross-validation
test on a set of 1258 dermoscopy images (1060 nevi and 198 melanomas) and for acral volar
lesions, 93.3% SE, 91.1% SP and 0.991 AUC on a set of 199 dermoscopy images (169 nevi and
30 melanomas). Fig. 4 shows the ROC curve for our latest screening system for (1) non-acral
and (2) acral lesions.

In this section, key components of our web-based system, namely determination of tumor
area, extraction and selection of important image features, building classifiers, and their
performances are described. In the following section (section 4), introduction of acral volar
skin lesions and their automated diagnosis is explained.

www.intechopen.com



188 New Developments in Biomedical Engineering

Y - . - =
i = oL Cormrilas rnaall
@ ﬂ . b W .
B e brpre rmir—ms macer - - & "
— |
e SEp—_ . - | Commatind iddadt e

Compener rasad = M E 7 100

(a) top pagg (b)iTploading an imager a;cfcﬁ{igz;laétai— () diagnc;is!fésﬁlzf (ineTarTorHa)
Fig. 3. (a) Top page, (b) uploading an image and corresponding clinical data, (c) sample of
result page

100

-~ Classifier for non-acral PSL
(ANN: 72 inputs)

—+-  Classifier for acral PSL
(Linear: 5 inputs)

80r

sensitivity (%)
[+2]
(]

40 60 80 100
100-specificity (%)
Fig. 4. Receiver operating characteristics (ROC) curves for our latest Internet-based
melanoma screening system (classifier for non-acral lesions and acral lesions)

3.1 Tumor area extraction from surrounding skin

Diagnostic accuracy highly depends on the accurate extraction of the tumor area. Since the
late 90s, numerous solutions that address this issue have been reported (Celebi et al., 2009).
A notable problem with these studies is that the computer-extracted regions were often
smaller than the dermatologist-drawn ones resulting in the area immediately surrounding
the tumor, an important feature in the diagnosis of melanoma, being excluded from the
subsequent analysis (Grana et al., 2003). Therefore, there is need for developing a more
accurate tumor area extraction algorithm that produces results similar to those determined
by the dermatologists.

We developed "dermatologist-like” tumor area extraction algorithm (Iyatomi et al., 2006)
introduces a region-growing approach that aims to bring the automatic extraction results
closer to those determined by expert dermatologists. To the best of author’s knowldge, this
algorithm was developed based on the largest number of manual extraction results by
expert dermatologists at present and quantitatively evaluated performance showed that is
had almost equivalent extraction performance to that by expert dermatologists. With those
reasons, this algorithm is now used on our web-based screening system.
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In this section, a brief summary of our method is introduced and explained. For more
detailed information on this topic, please see survey paper (Celebi et al., 2009).

The "dermatologist-like” tumor area extraction algorithm is developed based on a total of
319 dermoscopy images from EDRA-CDROM (Argenziano et al., 2000) (244 melanocytic
nevi and 75 melanomas) and their manual extraction results of tumor area by five expert
dermatologists. The algorithm consists of four phases:

(1) initial tumor area decision,

(2) regionalization,

(3) tumor area selection, and

(4) region-growing.

In the following subsections, we introduce the method briefly and show some examples. For
more details, please refer to the original article (Iyatomi et al., 2006).

3.1.1 Initial tumor area decision phase

This method uses two filtering operations before the selection of a threshold. First, the image
was processed with a Gaussian filter to eliminate the sensor noise. Then, the Laplacian filter
was applied to the image and the pixels in the top 20% of the Laplacian value were selected.
Only these selected pixels were used to calculate a threshold. The threshold was determined
by maximizing the inter-group variance (Otsu, 1988) with blue channel of image and the
darker area was taken as a tentative tumor area.

3.1.2 Regionalization phase

Because many isolated small regions were created in the previous phase, these needed to be
merged in order to obtain a continuous or a small set of tumor areas. First, a unique region
number was assigned to each connected region. Second, a region smaller than predefined
certain size (ratio to the image size) was combined with the adjacent larger region that
shares the longest boundary. This phase makes it possible to manipulate the image as an
assembly of regions.

3.1.3 Tumor area selection phase

Tumor areas were experimentally determined by selecting appropriate areas from the
segmented regions using experimentally decided rules. The main objective of this phase is
to eliminate undesired surrounding shadow areas that are sometimes produced by narrow
shooting area of the dermoscopy. The regions that fulfilled these specific conditions were
selected as the tumor region.

3.1.4 Region-growing phase

The extracted tumor area was expanded along the pre-defined border by a region-growing
algorithm in order to bring it closer to the area selected by dermatologists. This method
traverses the border of the initial tumor using a window of SxS pixels. When the color
properties of the inner V;, and outer V,, regions of the tumor are similar, all of the
neighborhood pixels are considered as part of the tumor area. This procedure is performed
on each and every border pixel. This modification makes the tumor size larger and the
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border of the tumor is redefined. This procedure is repeated iteratively until the size of
tumor becomes stable.

3.1.5 Evaluation of tumor area extraction

We used a total of 319 dermoscopy images and evaluated the algorithm from a clinical
perspective using manually determined borders from five expert dermatologists. Five
dermatologists, with an average of 11 years of experience manually determined the borders
of all tumors using a tablet computer. Even though these were expert dermatologist, their
manual extraction results of the tumor area showed more than minor differences from each
other (standard deviation of the extracted area is 8.9% of the tumor size in average) and
therefore the determination of the standard tumor area (STA) for each image was necessary
to be done in advance. We compared the extraction results from 5/5 medical doctor (5/5
MD) area (the region that is selected by all five dermatologists) to 1/5 MD area (the region
that is selected by at least one dermatologist) and evaluated the standard deviation (SD) of
the selected area. We concluded that the area extracted by two or more dermatologists (2/5
MD area) could be taken as the standard tumor area (STA).

Fig. 5 shows examples of tumor extraction results. From left to right: (a) dermoscopy image,
(b) extraction result by conventional thresholding method, (c) extraction result by our
“dermatologist-like” method, and (d) manual extraction result by five expert dermatologists.
In manual the extraction results, the black area represents the area selected by all five
dermatologists and the gray one is that selected by at least one dermatologist.

We used precision and recall criteria for performance evaluation. Their definitions are as
follows:

correctly extracted area _ correctly extracted area (3)

. recall
extracted area STA

precision =

Note that “correctly extracted area” is the intersectional parts of the STA and the extracted
area. The precision indicates “How accurate the extracted area was” and recall indicates
“How well the tumor area was extracted”. Those are ambivalent criteria and good extraction
requires both precision and recall in high levels.

The summary of evaluation results for tumor area extraction is shown in Table 4. The
conventional thresholding method showed excellent precision (99.5%) but low recall
(87.6%), because this method tended to extract the inner area of the STA. This score
indicated that the extracted area was smaller and almost all of the extracted area was in the
tumor area. The characteristics of peripheral part of tumors are important for diagnosing
melanoma so that inadequate extraction could have lost important information. Other
computer-based methods using the clustering technique showed a similar trend; they had
high precision but low recall when compared with the results of dermatologists. Given that
the SD of the tumor areas manually extracted by five dermatologists was 8.9%, the precision
of the proposed algorithm can be considered to be high enough and the extracted areas were
almost equivalent to those determined by dermatologists. In addition, this algorithm
provided better performance compared with that by non-medical individuals. With this
result, we can consider we don't have to prepare manual interface for tumor area extraction
when we widen the target audience of the system for non medically-trained individuals.
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Celebi et al. compared recent seven tumor area extraction algorithms using a total of 90
dermoscopy images with manual extraction results by three expert dermatologists as a gold
standard (Celebi et al.,, 2007a). In their evaluation, our dermatologist-like tumor area
extraction algorithm achieved the lowest error in the benign category (mean+SD =
10.6615.13%) and the second lowest in the overall image set (11.44+6.40%).

(a) dermoscopy image (b) conventional method (c) "dermatologist-like" method (d) five expert
dermatologists
(upper) Clark nevus precision =100 precision =98.3
recall =798 recall =929
(lower) Melanoma precision =100 precision =95.0
recall =739 recall  =96.1

Fig. 5 Comparison of tumor area extraction results: From left to right: dermoscopy image,
extraction result by conventional thresholding method, extraction result by our
“dermatologist-like” method, and manual extraction result by five expert dermatologists.

Methods precision | recall
Conventional thresholding 99.5 87.6
Average of 10 non-medical individuals 97.0 90.2
Dermatologist-like 94.1 95.3

Table 4. Summary of tumor extraction performance

3.1.6 Importance of tumor area extraction from diagnostic performance

The effectiveness of our extraction method for the diagnostic accuracy was evaluated using
a total of 319 dermoscopy images (same dataset). We extracted a tumor area by conventional
and dermatologist-like methods, calculated a total of 64 image features (Oka et al., 2004)
from each image, and then built a linear classifier using a incremental stepwise input
selection method. The final diagnostic accuracy was evaluated by drawing the ROC curve of
each classifier and the area under the each ROC curve (AUC) was evaluated. Our
dermatologist like tumor extraction algorithm had improved diagnostic accuracy over the
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other conventional methods. AUC increased from 0.795 to 0.875 with improvement of tumor
extraction algorithm. When the diagnostic threshold was defined at a sensitivity of 80%, our
extraction method showed approximately 20% better accuracy in specificity.

3.2 Feature extraction from the image

After the extraction of the tumor area, the tumor object is rotated to align its major axis with
the Cartesian x-axis. We extract a total of 428 image related objective features (Iyatomi et al.,
2008b). The extracted features can be roughly categorized into asymmetry, border, color and
texture properties. In this section, a brief summary is described, please refer the original
article for more details.

(@) Asymmetry features (80 features): We use 10 intensity thresholds values from 5 to 230
with a stepsize of 25. In the extracted tumor area, thresholding is performed and the areas
whose intensity is lower than the threshold are determined. From each such area, we
calculate 8 features: area ratio to original tumor size, circularity, differences of the center of
gravity between original tumor, standard deviation of the distribution and skewness of the
distribution.

(b) Border features (32 features): We divide the tumor area into eight equi-angle regions and
in each region, we define an Sg X Sp window centered on the tumor border. In each window,
a ratio of color intensity between inside and outside of the tumor and the gradient of color
intensity is calculated on the blue and luminance channels, respectively. These are averaged
over the 8 equi-angle regions. We calculate four features for eight different window sizes;
1/5,1/10,1/15,1/20,1/25,1/30,1/35 and 1/40 of the length of the major axis of the tumor
object L.

(c) Color features (140 features): We calculated minimum, average, maximum, standard
deviation and skewness value in the RGB and HSV color spaces, respectively (subtotal 30)
for the whole tumor area, perimeter of the tumor area, differences between the tumor area
and the surrounding normal skin, and that between peripheral and normal-skin (30x4=120).
In addition, a total of 20 color related features are calculated; the number of colors in the
tumor area and peripheral tumor area in the RGB and HSV color spaces quantized to 8*and
163 colors, respectively (subtotal 8), the average color of normal skin (R, G, B, H, S, V:
subtotal 6), and average color differences between the peripheral tumor area and inside of
the tumor area (R, G, B, H, S, V subtotal 6). Note that peripheral part of the tumor is defined
as the region inside the border that has an area equal to 30% of the tumor area based on a
consensus by several dermatologists.

(d) Texture features (176 features): We calculate 11 different sized co-occurrence matrices
with distance value § ranging from L/2 to L/64. Based on each co-occurrence matrix,
energy, moment, entropy and correlation were calculated in four directions (0, 45, 90 and
135 degrees).
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3.3 Feature selection and build a classifier

Feature selection is one of the most important steps for developing a robust classifier in any

case. It is also well known that building a classifier with highly correlated parameters was

adversely affected by so called “multi collinearity” and in such a case the system loses

accuracy and generality.

In our research, we usually prepare two types of feature sets, (1) original image feature set

and (2) orthogonal feature set. Using the original image feature set, the extracted image

features are used directly as input candidates in the classifier and therefore we can clearly

observe the relationship between image features and the target (e.g. diagnosis). However,

using the original image features has the above mentioned potential risk. Note that the risk

of multi collinearity is greatly reduced by appropriate input selection. On the other hand

using the orthogonal feature set, finding the relationship between the image features and the

target (e.g. diagnosis) becomes complicated, but this can show us the global trends with

further investigation. To calculate the orthogonal image features, we extracted a total of 428

features per image and transformed them into the [0, 1] range using z-score normalization

and then orthogonalized them using the principal component analysis (PCA).

The parameters used in melanoma classifiers are selected by an incremental stepwise

method which determines the statistically most significant input parameters in a sequential

manner. This method searches appropriate input parameters one after the other according

to the statistical rule. This input selection method rejects statistically ignorable features

during incremental selection and therefore, these highly correlated features were

automatically excluded from the model. Note that using orthogonal feature sets frees from

this problem.

The details of the feature selection is as follows:

(Step 0) Set the base parameter BP=null and number of the base parameter #gp=0.

(Step 1) Search one input parameter x* from all parameters x where regression model with
x* yields best performance (lowest residual) among all. Set BP to x* and #gp=1.

(Step 2) Build linear regression models whose input elements are BP and x' without
redundancy Vx' € x, number of input is #gp+1 and select one input candidate x* which
has the highest partial correlation coefficient among x".

(Step 3) Calculate the variance ratio (F-value) between the regression sum of squares and
the residual sum of squares of the built regression model.

(Step 4) Perform statistical F-test (calculate p value) in order to verify that the model is
reliable.

If p<0.05: BP « BP +x", #gp « #gp+1 and return to (step 2). Else if 0.05 < p < 0.10: discard

x” and return to (step 2) and find the next best candidate.Else if the developed model has a

statistically negligible parameter x* (0.10 < p) among currently selected input, exclude x*

from BP, #gp« #pp-1 and return to (step 2). Otherwise terminate the feature selection

process.

Based on selected image features by above mentioned method, we built a back propagation
artificial neural network (ANN) to classify dermoscopy images into benign or malignant.
Although ANNs have excellent learning and function approximation abilities, it is desirable
to restrict the number of hidden-neurons and input nodes to a minimum in order to obtain a
general classification model that performs well on future data (Reed et al., 1993).
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In our network design, we had only one output node. This is because our aim was to classify
the input as malignant or benign. All nevi such as Clark nevi, Reed nevi, blue nevi, and
dermal nevi are equally considered as benign. Note that we assigned a training signal of 0.9
and 0.1 to melanoma and benign classes, respectively. If the output of the ANN exceeded
the diagnostic threshold 8, we judged the input tumor as being malignant.

On a separate note, our system provides the screening results not only in the form of
“benign" or ““malignant", but also as a malignancy score between 0 and 100 based on the
output of the ANN classifier. We assigned a malignancy score of 50 to the case where the
output of the ANN was 6. For other values, we adjust this score of 0, 20, 80, and 100
according to the output of the ANN of 0, 0.2, 0.8 and 1.0, respectively using linear
interpolation. This conversion is based on the assumption that the larger score of the
classifier is, the more malignancy is. Although this assignment procedure is arbitrary, we
believe the malignancy score can be useful in understanding the severity of the case.

We also built a linear classifier using the same method as a baseline for the classification
performance comparison.

3.4 Performance evaluation

We used a total 1258 dermoscopy images with diagnosis (1060 cases of melanocytic nevi and
198 melanomas) from three European university hospitals (University of Naples, Graz, and
Vienna) and one Japanese university hospital (Keio University). The diagnostic performance
was evaluated by leave-one-out cross-validation test.

The incremental stepwise method selected 72 orthogonalized features from 428 principal
components and all selected features were statistically significant (p<0.05). In this
experiment, the basic back-propagation algorithm with constant training coefficients
achieved the best classification performance among the tested training algorithms. The
ANN classifier with 72 inputs - 6 hidden neurons achieved the best performance of 85.9% in
SE, 86.0% in SP, and an AUC value of 0.928. Introducing a momentum term boosted the
convergence rate at the expense of reduced diagnostic accuracy (Note that linear model with
same inputs achieved 0.914 in AUC).

The classification performance is quite good considering that the diagnostic accuracy of
expert dermatologists was 75-84% and that of histological tissue examination on difficult
case sets was as low as 90% (Argenziano et al., 2003). In this study, we used ANN and linear
models for classification. Using other models such as support vector machine classifier may
improve performance, however importance of model selection is less than selecting efficient
features in this task.

On the other hand, despite the good classification performance obtained, our system has
several limitations regarding the acceptable tumor classes and the condition of the input
images. At the present, the diagnostic capability of our system does not match that of expert
dermatologists.The primary reason for this is the lack of a large and diverse dermoscopy
image set.

4. Diagnosis of Asian specific melanomas

In non-white populations, almost half of the melanomas are found in acral volar areas and
nearly 30% of melanomas affect the sole of the foot (Saida et al., 2004). Saida et al. also
reported that melanocytic nevi are also frequently found in their acral skin and
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approximately 8% of Japanese have melanocytic nevi on their soles. They reported that
about 90% of melanomas in this area have the parallel ridge pattern (ridge areas are
pigmented) and 70% of melanocytic nevi have the parallel furrow pattern (furrow areas are
pigmented). In fact, the appearance of these acral volar lesions is largely different from
pigmented skin lesions found in other body areas and accordingly the development of a
specially designed classifier is required for these lesions.

Fig. 6 shows sample dermoscopy images from acral volar areas. Expert dermatologists focus
on parallel patterns and diagnose this lesion. However, automatic detection of the parallel
ridge or parallel furrow patterns is often difficult to achieve due to the wide variety of
dermoscopy images (e.g. fibrillar pattern, sometimes looks similar to parallel ridge pattern)
and there has been no published methods on computerized classification of this diagnostic
category. Recently authors found key features to recognize parallel patterns and developed
a classification model for these lesions (Iyatomi et al., 2008a).

In this chapter, we introduce the methodology and results briefly and then discuss them.

(a) nevus (parallel furrow pattern) b) melanoma (parallel ridge pattern)

(c) nevus (fibrillar pattern - looks like parallel ridge)  (d) melanoma (parallel ridge pattern)

Fig. 6. Sample of acral volar pigmented skin lesions.

4.1 Strategy for diagnosis of acral volar lesions

A total of 213 acral volar dermoscopy images; 176 clinically equivocal nevi and 37
melanomas from four Japanese hospitals (Keio University, Toranomon, Shinshu University,
and Inagi Hospitals) and two European university hospitals (University of Naples, Italy,
University of Graz, Austria) as part of the EDRA-CDROM (Argenziano et al., 2000) were
used in our study.

Identification of parallel ridge or parallel furrow patterns is an efficient clue for the
diagnosis of acral volar lesions, however as described before, automatic detection of these
patterns from dermoscopy image are often difficult. Therefore we did not extract these
patterns (structures) directly but instead we constructed a parametric approach as we
searched for non-acral lesions, namely by determining the tumor area extracting image
features and classifying the image.
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In our study,we developed an acral melanoma-nevus classifier and three detectors for
typical patterns of acral volar lesions: parallel ridge pattern, parallel furrow pattern and
fibrillar pattern. For melanoma-nevus classifier, the training signal of 1 or -1 was assigned to
each melanoma and nevus case, respectively. Similarly, a training signal of 1 (positive) or -1
(negative) was assigned to each dermoscopic pattern. The dermoscopic patterns were
identified by three experienced dermatologists and only those patterns of which at least two
dermatologists agreed were considered. Note here that dermoscopic patterns were assessed
independently of each other and therefore some cases received multiple or no assignments.
As for a classification model, we used a linear model with the confirmation of whose
enough performance for separating malignant tumors from others. The classification
performance was evaluated by leave-one-out cross-validation.

4.2 Computer-based diagnosis of acral volar lesions

4.2.1 Determination of tumor area and details of material

The dermatologist-like tumor area extraction algorithm successfully extracted tumor area in
199 cases out of 213 cases (= 93.4%). In 14 cases (7 nevi and 7 melanomas), tumor area
extraction process failed. This was due to the size of the tumor being larger than about 70%
of the dermoscope field. Our algorithm is mainly for early melanomas which usually fit in
the frame. Note that most of automated tumor area extraction algorithms meet this
difficulty. Tumors in dermoscopy images have a wide variety of colors, shapes and sizes,
and accordingly the pre-definition of the characteristics of tumor areas is difficult.
Automated algorithms are designed to extract intended areas from the image for most cases
with cost of mis-extraction of irregular cases.

Since larger lesions are relatively easy to diagnose, we deem that computer-based screening
is not necessary. Also note that the false-extraction rate for melanomas was higher (19%)
than that of nevi (4%) and therefore if extraction fails we can consider the lesion as
potentially malignant in the first screening step.

Out of 169 nevi, parallel ridge, parallel furrow and fibrillar patterns were found in 5, 133
and 49 cases, respectively. A total of 11 cases of nevi had no specific patterns and, 28 nevi
had both parallel furrow pattern and fibrillar pattern. One nevus had both a parallel ridge
and a fibrillar pattern. In 30 melanomas, parallel ridge, parallel furrow and fibrillar patterns
were found in 24, 2 and 1 cases, respectively. Five of the melanomas had no specific patterns
and one of the melanomas had all three patterns.

4.2.2 Developed model

A total of 428 image features were transformed into orthogonal 198 principal components
(PCs). From these PCs, we selected the effective ones for each classifier. Table 5 summarizes
the number of selected PCs for each classification model (#PC), determination coefficient
with adjustment of the degree of freedom R?, standard deviation of mean estimated error E,
the order number of the first 10 PCs lined by the selected sequence by stepwise input-
selection method, and the classification performance in terms of SE, SP and AUC under
leave-one-out cross-validation test. The SE and SP values shown are those that have the
maximum product. The numbers in parentheses represent the performance when 14
unsuccessful extraction cases are considered as false-classification. Even though the number
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of the test images was limited, good recognition and classification performance was
achieved as well for acral volar pigmented skin lesions.

Classifier type | #PC | R? E Selected PCs (first 10) SE(%) | SP(%) | AUC

Melanoma 45| .807| .315 100 95.9 0.993
2,9,6,1,3,15,91,40,20,98 @11 | (92.14)

Parallel ridge 40| .736| .363 29,1,6,3,59,20,88,77.33 93.1 977 10.985

Parallel furrow 35| 571| .614 6.2,145,15,3,98,70,24,59,179 90.4 85.9 0.931

Fibrillar 24| 434| .654 88.0 77.9 0.890

106,66,56,145,137,94,111,169,131,5
T When 14 unsuccessful extraction cases are treated as false-classification.
Table 5. Modeling result and classification performance for acral volar lesions

4.2.3 Important features for recognition of acral lesions

Since we used an orthogonalized image feature set in our analysis, we reached interesting
results that compares to the clinical findings of a dermatologist.

For the melanoma-nevus classifier, many significant (small numbered) PCs were found in
the first 10 selected features. The parallel ridge and parallel furrow detector were also
composed of significant PCs, on the other hand, fibrillar pattern detector showed a different
trend. The melanoma classifier and the parallel ridge detector have many common PCs.
Particularly, the top five PCs for the two (2nd, 9th, 6th, 1st and 3rd PCs) were completely the
same. Note that parameters chosen early in the stepwise feature selection were thought to be
more important for the classification because the most significant parameters were
statistically selected in each step. The common PCs are mainly related to asymmetry and
structural properties rather than color. (See details in original manuscript (Ilyatomi et al.,
2008a)) The linear classifier using only these five components achieved 0.933 AUC, 93.3%
SE, and 91.1% SP using a leave-one out cross validation test. Since the system with a smaller
number of the inputs should have high generality in general and a linear model is the most
simple architecture, we integrated this 5-input linear classifier on our server.

Dermatologists evaluate parallel patterns using the intensity distribution of the images and
they consider the peripheral area of the lesion as important. We confirmed that our
computer-based results also focus on similar characteristics as the dermatologists.

5. Open issues in this field

In order to improve system accuracy and generality, there is no doubt that the system
should be developed with many samples as much as possible. The number of cases used in
any of conventional studies is not enough for practical use at present. On the other hand,
even if we can collect a large enough number of images and succeed at finding robust
features for diagnosis, the accuracy of the diagnosis cannot reach 100%. In the current
format, most of the conventional studies provide only the final diagnosis or diagnosis with
limited information. It is desirable that the system provides the grounds for diagnostic
results in accordance with quantitatively scored common clinical structures, such as those
defined in the ABCD rule, the 7-point checklist, or others. However, since these dermoscopic
structures are defined subjectively, their automated quantification is still difficult.
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Recent studies on high-level dermoscopic feature extraction include (i) two studies on
pigment network (Fleming et al., 1998) and globules (Caputo et al.,2002), (ii) four systematic
studies on dots (Yoshino et al., 2004), blotches (Stoecker et al., 2005)(Pellacani et al.,2004),
and blue-white areas (Celebi et al.,2008), and (iii) a recent study on parallel-ridge and
parallel-furrow patterns (Iyatomi et al.,2008a). Although several researchers attempted to
extract these features using image processing techniques, to the best of authors” knowledge,
no general solution has been proposed, especially the evaluation of structural features such
as pigment networks and streaks have remained an open issue.

We also find that when we widen the target user of an automated diagnostic or screening
system from '"dermatologist only" to physicians with other expertise or not-medically
trained people, the system should have pre-processing schemes to exclude non melanocytic
lesions such as basel cell carcinoma (BCC), seborrheic keratosis, and hemangioma.
Identification of melanomas from those lesions is in not small cases easier than that from
melanocytic lesion (e.g. Clark nevi) by expert dermatologists, but this is also important issue
and almost no published results examine this topic.

6. Conclusion

In this chapter, recent investigations in computer-based diagnosis for melanoma are
introduced with authors” Internet-based system as an example. Even though recent studies
shows good classification accuracy, these systems still have several limitations regarding the
acceptable tumor classes, the condition of the input images, etc. Note here again that the
diagnostic capability of the present automated systems does not match that of an expert
dermatologist. On the other hand, they would be efficient as a diagnosis support system
with further improvements and they have the capability to find early stage hidden patients.
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