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a b s t r a c t

Automated border detection is one of the most important steps in dermoscopy image analysis. Although
numerous border detection methods have been developed, few studies have focused on determining the
optimal color channels for border detection in dermoscopy images. This paper proposes an automatic
border detection method which determines the optimal color channels and performs hybrid thresholding
to detect the lesion borders. The color optimization process is tested on a set of 30 dermoscopy images
with four sets of dermatologist-drawn borders used as the ground truth. The hybrid border detection
elanoma
ermoscopy
order detection
hresholding
olor space

method is tested on a set of 85 dermoscopy images with two sets of ground truth using various metrics
including accuracy, precision, sensitivity, specificity, and border error. The proposed method, which is
comprised of two stages, is designed to increase specificity in the first stage and sensitivity in the second
stage. It is shown to be highly competitive with three state-of-the-art border detection methods and
potentially faster, since it mainly involves scalar processing as opposed to vector processing performed
in the other methods. Furthermore, it is shown that our method is as good as, and in some cases more

ogy r
effective than a dermatol

. Introduction

Malignant melanoma is the deadliest form of skin cancer. The
merican Cancer Society estimates 68,720 new cases of melanoma

n the United States in 2009, with 8650 estimated melanoma deaths
compared to 62,480 and 8420 cases in 2008, respectively) [1].
n Australia, melanoma represents 10% of all cancers and its inci-
ence is four times higher than in Canada, the UK and the US, with
ore than 10,000 cases diagnosed and around 1250 deaths annu-

lly. If melanoma is detected in its early stages, it is highly curable,
et advanced melanoma is lethal. Furthermore, melanoma is more
ikely to metastasize when compared to other skin tumors [2,3].

Many efforts have been made in the last two decades to improve
he clinical diagnosis of melanoma. These include alternative imag-

ng technologies such as dermoscopy (a non-invasive in vivo
maging technique which allows for a magnified and clear visu-
lization of the morphological structures of the skin that are not
isible to the naked eye) and several diagnostic algorithms such
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as pattern analysis, ABCD rule of dermoscopy, Menzies method,
7-point checklist, and the CASH algorithm. A meta-analysis of
studies conducted before 2001 shows that using these algorithms
along with dermoscopy in expert hands improves the diagnosis of
melanoma compared to simple naked-eye examination and tradi-
tional clinical examinations by 5–30% [4–7]. However, even with
the use of dermoscopy technology and dermoscopic algorithms,
clinical diagnosis is still challenging and its accuracy is consid-
ered to be limited, especially with equivocal lesions [8]. As opposed
to visual assessment, computer-aided diagnosis of melanoma pro-
vides quantitative and objective evaluation of skin lesions. It allows
for reproducible diagnosis by eliminating the inter-observer and
intra-observer variabilities that are inevitably present in dermatol-
ogists’ examinations.

A system for the computer-aided diagnosis of melanoma is gen-
erally comprised of four major components: skin image acquisition,
lesion segmentation or border detection, feature extraction, and
lesion classification. The accuracy of the segmentation process is
extremely important due to the bias it can impose on the subse-

quent steps of the diagnosis system.

In this paper, a novel automatic border detection method based
on color space analysis and clustering-based histogram threshold-
ing is proposed. The method first determines the most effective and
discriminative color channels. The lesion image then undergoes a
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Table 1
Color channels used in color space transformation.

Color channel(s) Color space

1–12 R, G, B, RGB, RoB, GoB, RoG,
RoGoB, RGBoR, RGBoG, RGBoB,
RGBoRoGoB

RGB

13 I HSI
14 V HSV
15 L LAB
Fig. 1. Color optimization process.

ybrid clustering-based histogram thresholding procedure. An ini-
ial border is first determined using global thresholding followed
y a set of pixel-based computations and morphological operations,
nd the boundary is then expanded towards the background skin
ased on local threshold values.

The rest of the paper is organized as follows. Section 2 reviews
he related work. Section 3 describes the process of color channel
ptimization. Section 4 explains the hybrid histogram thresholding
lgorithm. Experimental results are discussed in Section 5. Finally,
ection 6 gives the conclusion.

. Related work

Various image features such as shape, color, texture, and lumi-
ance have been employed to perform skin lesion segmentation.
umerous border detection methods have been proposed in the

iterature [9] including histogram thresholding [10,11], color clus-
ering [12–14], JSEG algorithm based on color quantization and
patial segmentation [15], statistical region merging [16], two-
tage k-means++ clustering followed by region merging [17], etc.
elli et al. [12] criticized the adaptive thresholding methods for not

roviding accurate segmentation result due to the problems asso-
iated with color calibration and lack of sharp bimodal luminance
istribution between the surrounding skin and the lesion. Unsu-
ervised approaches, despite their lower performance compared
o supervised trained systems, have been claimed to exhibit higher
obustness. In this study, we decided to use a thresholding-based
pproach for border detection. The rationale behind this choice is
he simplicity and low computational cost of scalar processing as
escribed in the following sections.

. Color channel optimization

Although numerous border detection methods have been devel-
ped, few studies have focused on determining the most effective
olor channels for dermoscopy images. This section presents an
utomatic border detection method based on color space analy-
is and clustering-based histogram thresholding. Color channels
rom various color spaces were investigated to maximize the dis-
rimination between two clusters of pixels within the image, i.e.
esion and background skin pixels. Each color channel undergoes

everal steps as shown in Fig. 1. These steps will be explained in
he following sections. By examining 25 different channel images
or each original RGB dermoscopy image, we have determined the
olor channels that outperform the others in accurately detecting
he lesion borders.
16 Y YCbCr
17–23 X, Y, Z, XoY, XoZ, YoZ, XoYoZ XYZ
24–25 XoYoR, XoYoZoR XYZ and RGB

3.1. Hair removal

Lesions occluded with dark thick hairs can cause problems in
the segmentation process. In such cases, the proposed method
starts with a hair removal procedure, which involves the following
steps [18]: (1) localizing dark hairs, using a morphological clos-
ing operation in the vertical, horizontal and diagonal directions, (2)
interpolating the removed hair pixels using nearby non-hair pixels,
and (3) smoothing the final result using a median filter to eliminate
the remaining thin lines.

3.2. Color space transformation

Color information plays a significant role in dermoscopy image
analysis. This step incorporates color information in the der-
moscopy image into the segmentation process, where the original
RGB image is transformed into various color spaces, and the cor-
responding color channels are extracted. Despite the existence of
numerous color spaces in the literature, the choice of the opti-
mal color space is application-dependent [19]. In this study we
investigated the following color spaces [20]: RGB, HSV, HSI, CIE-
XYZ, CIE-LAB, and YCbCr. The original RGB dermoscopy image is
transformed into a set of 25 color channel images from the above-
mentioned color spaces. The selection of these 25 color channels
was made after analysing, visually, all possible combinations. As
shown in Table 1, these images include single color channel images
such as R from the RGB color space and X from the XYZ color space,
as well as combinations of them such as XoYoR, where “o” stands for
logical OR, which combines the X and Y color channels from the XYZ
color space with the R color channel from the RGB color space. For
instance, to build the RoGoB color channel the R, G and B color chan-
nels are extracted and each undergoes the segmentation process
illustrated in Fig. 1. Finally, the three binary segmentation results
are combined through the OR operation. The RGB color channel in
Table 1 is calculated by forming a weighted sum of the R, G, and B
components and converting RGB values to grayscale values.

3.3. Noise filtering

To enhance the accuracy of segmentation and save computa-
tional time, it is useful to eliminate the artifacts that might be
present in the image. In dermoscopy images, external artifacts
include skin lines, air bubbles or other random noise caused by
the imaging process. In this study, the dermoscopy images are
smoothed using a circular averaging low-pass filter with a radius
of 5, using the pillbox point spread function.

3.4. Intensity adjustment
This step is essentially an enhancement process in which the
dynamic range of pixel values in the image is mapped into a new
range. The purpose is to smooth and stretch the image histogram
and increase the contrast of the image in order to determine a more
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Table 2
Mean ± standard deviation for similarity (%) between dermatologists: E1 and E2,
experienced dermatologists; R1 and R2, dermatology registrars.

E1 E2 R1 R2

truth.
As mentioned earlier, the main purpose of this analysis is to

determine the color channels that lead to the most accurate bor-
ders. To achieve this aim, 25 different color channels listed in Table 1
R. Garnavi et al. / Computerized Medic

ccurate threshold value in the thresholding step. Intensity adjust-
ent works by rescaling the intensity values in the original image

o cover the entire dynamic range.

.5. Clustering-based histogram thresholding

Thresholding is the process of classifying the pixels of a grayscale
mage into two classes, so that the image can be converted to
inary by assigning each pixel either a 0 or 1, depending on its
ray level. The thresholding procedure used in this paper is based
n the well-known Otsu’s thresholding method [21]. The basic
remise of this method is the assumption that an image contains
wo clusters of pixels, e.g. foreground and background, which, in
ur case, correspond to the lesion and its surrounding skin, respec-
ively. To identify these two clusters accurately, an algorithm is
sed to search for an optimal threshold level using discriminant
nalysis, where zero-th and first-order cumulative moments of the
istogram are calculated and used to define a measure of separabil-

ty between the two clusters. An optimal threshold level separating
he two clusters is obtained by minimizing the within-cluster vari-
nce (�2

ω), which is defined as a weighted sum of variances of the
wo clusters:

2
ω(t) = ω1(t)�2

1 (t) + ω2(t)�2
2 (t) (1)

here weights ωi are the probabilities of the two clusters separated
y a threshold t and �2

i
denotes the variances of these clusters. It

an be shown that minimizing the within-cluster variance (�2
ω) is

quivalent to maximizing between-cluster variance. The between-
luster variance (�2

b
) is recalculated in the Otsu method [21] as the

ollowing:

2
b (t) = �2 − �2

ω(t) = ω1(t)ω2(t)[�1(t) − �2(t)]2 (2)

here �i are the mean values of the two clusters. Starting from an
nitial threshold value of t = 1, ωi and �2

i
are updated iteratively and

n each iteration �2
b

(t) is calculated. The optimal threshold corre-
ponds to the maximum value of �2

b
(t). The output binary image has

alues of 1 for all pixels in the input image with luminance greater
han the threshold level and 0 for the remaining pixels.

.6. Connected component analysis

In some of the dermoscopy images, extra objects appear in the
urrounding skin area, such as blue marks made by dermatologists
hen examining the patient’s skin. These objects, which have not

een eliminated in the noise removal step, appear with intensity
alues similar to that of the lesion and may be misclassified as
esion. The purpose of this step is to exclude these objects from
he segmentation output. To this end, the number of connected
bjects within the image is determined using the run-length encod-
ng technique [22] and the connected objects are labeled. Finally,
he two largest areas (i.e. lesion and surrounding skin) are kept and
ll other components are discarded.

.7. Lesion formation

In order to obtain the final lesion object, the holes inside the
oundary are filled by performing morphological filling on the
inary image. Fig. 2 illustrates the entire segmentation procedure
n a sample image. Fig. 3 shows more border detection results.
.8. Determining the optimal color channel

In order to determine the optimal color channels for border
etection, we conducted a pilot study on a set of 30 high reso-

ution dermoscopy images that were provided to us by the Royal
E1 – 95.92 ± 1.76 95.09 ± 1.75 94.78 ± 2.25
E2 – – 94.68 ±1.73 94.78 ± 2.22
R1 – – – 95.86 ± 1.25

Melbourne Hospital. As shown in Fig. 3, the image set contains a
variety of dermoscopy images in terms of color, texture, and shape.
As the ground truth, for each dermoscopy image, four manual bor-
ders were independently drawn by four experts (two experienced
dermatologists and two dermatology registrars1). Fig. 4 shows the
borders drawn by dermatologists for a sample image. To perform a
comparison between the automatic borders (generated by the pro-
posed border detection method) and the manual borders (drawn by
the dermatologists) four different metrics are used; namely, sensi-
tivity (Eq. (3)), specificity (Eq. (4)), accuracy (Eq. (5)) and similarity
(Eq. (6)).

Sensitivity = TP
TP + FN

× 100% (3)

Specificity = TN
TN + FP

× 100% (4)

Accuracy = TP + TN
TP + FP + FN + TN

× 100% (5)

Similarity = 2 × TP
2 × TP + FN + FP

× 100% (6)

where TP, TN, FP, and FN refer to true positive, true negative, false
positive and false negative, respectively. TP and TN represent the
number of pixels which are classified correctly as part of the lesion
and background skin in both the manual and automatic borders,
respectively. FP represents the number of pixels which are classi-
fied as part of the lesion in the automatic border, but are labeled
as part of the background skin in the manual border. Finally, FN
represents the number of pixels which are classified as part of the
background skin in the automatic border, but are labeled as part of
the lesion in the manual border.

In the first three metrics, the manual borders are taken as the
ground truth and the calculated measures are used to quantify
the discrepancy between the automatic borders and the manual
ones. However, another perspective in the analysis is to evaluate
the inter-observer variabilities among the four dermatologists, as
demonstrated in Fig. 4, and also to investigate which automatic bor-
der is closer to each manual one. To achieve this, a fourth metric, i.e.
(Sorensen) similarity index [23], is used to quantify the degree of
similarity between any two borders, without taking either of them
as the ground truth. This metric (Eq. (6)) has been used in a vari-
ety of domains, yet it has not been used in dermoscopy. Table 2
shows the mean and standard deviation values of similarity among
the borders drawn by the four dermatologists. The similarity values
indicate that there are higher similarities between the two expe-
rienced dermatologists and two dermatology registrars, although
differences are all less than the standard deviations. The overall
similarity index is high which indicates the reliability of the ground
1 A Specialist Registrar or SpR is a doctor in the United Kingdom, Republic of Ire-
land, and Australia who is receiving advanced training in a specialist field of medicine
in order eventually to become a consultant. In surgery, it is also referred to as Higher
Surgical Trainee or HST.
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Fig. 2. Segmentation method: (a) original image, (b) color space transformation, (c) noise removal, (d) intensity adjustment, (e) thresholding, (f) connected component
analysis, and (g) morphological filling.

Fig. 3. Sample segmentation results.

Table 3
Color channels with the largest mean for four ground truths: E1 and E2, experienced dermatologists; R1 and R2, dermatology registrars.

Accuracy Similarity Sensitivity Specificity

90.61)
90.56)

w
p
t
m
i
s
c
c

E1 XoYoR (96.03) X (91.45)
E2 XoYoR (96.01) X (91.55)
R1 XoYoR (95.14) XoYoZoR (
R2 XoYoR (94.89) XoYoZoR (

ere extracted from the 30 images, resulting in 25 different borders
er image. Each border (out of 25 × 30), is then separately compared
o each of the four manual borders using the abovementioned four

etrics. The 30 values of each metric are then averaged, result-

ng in 25 average measures of sensitivity, specificity, accuracy and
imilarity. The maximum values of each of these metrics and their
orresponding color channels are then identified, resulting in four
olor channels for each metric, as shown in Table 3. As shown in

Fig. 4. Manual borders of the same lesion drawn by four dermatologists: E1 a
XoYoZoR (93.52) R (99.96)
XoYoZoR (94.33) R (99.92)
XoYoZoR (90.60) R (99.99)
XoYoZoR (90.37) R (99.99)

Table 3, using the average values, the initial 25 color channels are
narrowed down to the four color channels of X, XoYoR, XoYoZoR
and R. Borders obtained using the R color channel are the small-
est with low FP value, thus result in the highest specificity. Borders

obtained using XoYoRoZ color channel, which is the result of inte-
grating the X, Y, Z, and R color channels via OR operation, produce
a larger border, thus small FN value. Consequently, they result in
high sensitivity.

nd E2, experienced dermatologists; R1 and R2, dermatology registrars.
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Table 4
Segmentation results (mean ± margin of error) for optimal color channels, the common manual borders as ground truth.

Accuracy Similarity Sensitivity Specificity AUC

X 96.80 ± 0.01 93.18 ± 1.82 90.49 ± 0.03 99.02 ± 0.00 99.8
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histogram thresholding is applied to the X color channel which
was determined as optimal (with respect to the common manual
borders as the ground truth) in the color optimization procedure
(Section 3), after performing noise removal (using a Gaussian filter
XoYoR 96.94 ± 0.01 92.89 ± 3.15
XoYoZoR 95.15 ± 0.03 91.63 ± 5.15
R 92.42 ± 0.03 82.91 ± 5.45
JSEG 96.70 ± 0.01 93.23 ± 3.14

The results presented in Table 3 were calculated using each man-
al border as the ground truth, hence there are four sets of results.
nother useful analysis is obtained when a single ground truth for
ach image is used. This ground truth is obtained by finding the
ntersection of the areas within the four manual borders (in the
nsuing, we will refer to these as common manual borders). Then the
ommon manual border is used as the ground truth and applied the
our color channels shown in Table 3 to the image set. The result of
he four metrics are shown in Table 4. Here, we report means and
5% confidence intervals. An observed sample mean provides the
est estimate of the true population value; the confidence inter-
al describes a range of values for the true population mean that
re consistent with the data that was observed. We report these
esults as x̄ ± me, where x̄ is the sample mean and me is the margin
f error; a 95% confidence interval ranges from x̄ − me to x̄ + me
24].

To precisely analyze the sensitivity and specificity metrics, the
UC (Area Under ROC Curve2) was obtained by drawing the ROC
raph and calculating the corresponding AUC value for R, X, XoYoZ
nd XoYoRoZ color channels. Table 4 suggests that in terms of the
ccuracy metric and AUC values, color channels X and XoYoR pro-
ide the highest scores. With respect to similarity, X and XoYoR
olor channels give the highest average. The proposed method is
lso compared to a recent border detection method; namely JSEG
15]. The last row in Table 4 shows the evaluation results obtained
y the JSEG method. The results demonstrate that the proposed
ethod, in spite of its simplicity, with a proper choice of color

hannels is highly competitive with the well-known JSEG method.

. Hybrid histogram thresholding

Our experience with dermatologists has consistently shown
hat manual borders tend to be larger than the corresponding auto-

atic borders. This fact has also been reported in several studies
9]. It is also illustrated in the dermoscopy image shown in Fig. 5,
here three areas are identified; namely, core-lesion, edge-lesion

nd background skin. The width of the edge-lesion area can be
uite variable depending on the skin color, lesion color, sharpness
r fuzziness of the border, and the lesion pattern. Automated bor-
er detection methods can easily identify the core-lesion area by
nding the sharpest pigment change. However, they often fail to
recisely detect the edge-lesion area and thus exclude it from the
egmentation result. In contrast, experienced dermatologists pre-
er to choose the outmost detectable pigment to minimize the risk
f incorrect diagnosis.

In several studies the discrepancy between the manual and
utomatic borders have been reduced by expanding the automatic
orders using various methods including morphological filtering

16], Euclidean distance transform [16], iterative region growing
25], and gradient information [26]. In this study we introduce a
ew hybrid histogram thresholding approach and show its remark-
ble effectiveness when used on dermoscopy images. The proposed

2 Receiver operating characteristic (or ROC) curve is a graphical plot of the sensi-
ivity versus (1-specificity).
92.86 ± 0.02 98.51 ± 0.00 99.8
96.80 ± 0.01 94.47 ± 0.05 99.5
73.40 ± 0.07 99.90 ± 0.00 99.1
92.05 ± 0.04 98.35 ± 0.01 99.7

hybrid approach is comprised of two stages; in the first stage, we
identify the core-lesion using Otsu’s thresholding method. In the
second stage, the edge-lesion area is identified by applying a local
clustering-based histogram thresholding method on the optimal
color channels determined earlier. These two stages are detailed
next.

4.1. Global thresholding: forming the core-lesion

The core-lesion area is detected by applying a clustering-based
histogram thresholding method on the optimal color channels of
XoYoR obtained in the color optimization procedure (Section 3,
Fig. 1). This step includes the pre-processing operations of hair
removal, noise filtering and intensity adjustment. This is followed
by application of Otsu’s histogram thresholding algorithm to the
XoYoR color channel, and performing connected component anal-
ysis and morphological operations to obtain the initial border and
form the so-called core-lesion area. The histogram analysis proce-
dure is quite fast, since it performs one-dimensional clustering and
the results of each X and Y and R color channel are integrated using
the logical OR operation.

In this step we have made a new choice for the noise removal fil-
ter. In the pilot study, the averaging pillbox filter was used, whereas
we have observed that using a Gaussian low-pass filter [27] results
in less blurred images and retains more of the important details
which can improve the border detection accuracy. The Gaussian
filter utilized a 11 × 11 kernel with a standard deviation (�) value
of 0.5.

4.2. Local thresholding: forming the edge-lesion

To expand or shrink the core-lesion boundary to the edge-lesion
boundary, we have applied a local clustering-based thresholding
technique based on Otsu’s method described in Section 3.5. The
Fig. 5. Three different area appears in dermoscopy images: core-lesion, edge-lesion
and background skin.
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Bandwidth = %B × (Tskin − Tcore-lesion) (8)
ig. 6. Shrinkage and expansion is done radially with respect to the centroid of the
esion.

ith similar parameter settings as above) and intensity adjustment.
tarting from an arbitrary point on the initial core-lesion boundary,
he local threshold is calculated over a window. Let us define Ws
o be a window of size s × s, which is a square window centered on
core-lesion border pixel. If the local threshold value is less than
predefined threshold called Texpand the boundary is expanded by
ne pixel. If it is greater than a predefined threshold called Tshrink
he boundary is shrunk. Otherwise, we are in the state of No Change,
hich implies that based on the previous moves, we should make a
ecision to either laterally move to the adjacent pixel, or to expand
r shrink the boundary. As shown in Fig. 6 the inward and outward
oves (shrinkage and expansion) are done radially (along the line

onnecting the centroid of the lesion to the pixel on the core-lesion
oundary). The lesion centroid is calculated using Eq. (7).
xc, yc) =
(∑n

i=1xi

n
,

∑n
i=1yi

n

)
(7)

Fig. 7. Sample border detection results using hybri
Fig. 8. Different borders produced by different values of W and B parametrs.

where n is the number of pixels inside the lesion, and (xi, yi) is the
coordinates of the i-th lesion pixel.

To define the threshold values for shrinkage and expansion, a
bandwidth is calculated based on background skin value and core-
lesion value. We have applied the same thresholding method to
the background skin area and core-lesion area to obtain estimates
of these values. The bandwidth is calculated by Eq. (8). Both core-
lesion and background skin are taken into account when calculating
the bandwidth. In this way the Bandwidth is normalized, so that
variations in the color of different lesions on the same person can
be accounted for. Without this normalization process the lesion
border will only expand regardless of the difference between the
background skin color and the core-lesion color. The threshold val-
ues for expansion and shrinkage are given by Eqs. (9) and (10),
respectively.
where B, the bandwidth factor, is the percentage we wish to
expand from the core-lesion towards the background skin. Tskin and
Tcore-lesion refer to estimates of the background skin and core-lesion

d thresholding on optimized color channels.
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Table 5
Comparing automated methods in terms of accuracy, precision, sensitivity, specificity (mean ± margin of error) and AUC, using the experienced dermatologist’s manual
borders as the ground truth.

Accuracy Precision Sensitivity Specificity AUC

W30B60 98.01 ± 0.35 93.91 ± 1.43 89.64 ± 1.90 99.43 ± 0.13 99.86
JSEG 98.11 ± 0.35 95.39 ± 1.36 88.57 ± 2.46 99.40 ± 0.20 99.78
DTEA 97.63 ± 0.49 96.92 ± 0.77 83.84 ± 2.68 99.70 ± 0.07 99.80
KPP 97.52 ± 0.38 97.10 ± 1.32 80.95 ± 2.97 99.63 ± 0.16 99.68

s for d

a

T

T

{

t
p
o

ogy registrar, using a Wacom Intuos A4 size Tablet PC. These borders
were then used as ground truths for the evaluation of the automatic
borders.
Fig. 9. Mean and standard deviation values for accuracy and precision metrci

rea, respectively.

expand = Tskin − Bandwidth (9)

shrink = Tskin + Bandwidth (10)

Expand (move outward) if Tlocal ≤ Texpand
Shrink (move inward) if Tlocal ≥ Tshrink

No Change if Texpand < Tlocal < Tshrink

(11)
The local threshold is calculated for each and every window cen-
ered on successive pixels along the core-lesion boundary and the
rocess is stopped when a pixel is revisited. Fig. 7 shows samples
f the detected borders by the proposed method.
ifferent B and W over the image set compared to experienced dermatologist.

5. Experimental results

The proposed border detection method is tested on a set of
85 high resolution dermoscopy images3 obtained from Melbourne
Royal Hospital. The images were taken by professional photogra-
phers using a Canon EOS 450D camera under unified zooming and
lighting conditions. They are 24-bit RGB color images with dimen-
sions of 2000 × 1334 pixels. Manual borders were independently
drawn by an experienced dermatologist and a first year dermatol-
3 The authors would like to have used a larger image set to carry out this experi-
ment but at the time this research was conducted only a set of 85 was available. The
use of smaller than desired image set should therefore be taken into account by the
readers.
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ig. 10. Mean sensitivity and specificity, the corresponding AUC, the proportion o
xperienced dermatologist.

.1. Optimizing B and W parameters

As mentioned in Section 4.2, two main parameters are involved
n the proposed method: window size (W) for calculating the local
hreshold, and the bandwidth factor (B). The extent to which the
ore-lesion area is expanded towards the background skin depends
n the latter parameter, namely B. A comprehensive experiment is
erformed on the set of 85 dermoscopy images, with W ranging
rom 30 to 70 and B ranging from 10% to 90% (steps of 10). Initially,
indows of sizes from 10 × 10 to 90 × 90 were investigated and the

esult showed that those below 30 × 30 and above 70 × 70 were
nsignificant, therefore not included in the analysis. As shown in
ig. 8 different borders can be obtained using different values of W
nd B. Consequently, 45 borders are obtained for each dermoscopy
mage. To evaluate the results, each border is compared with the
round truth determined by the experienced dermatologist. In
ddition, each automatic border is compared to the ground truth
etermined by the dermatology registrar. To quantitatively com-
are the automatic borders to the manual borders, different metrics
ave been utilized in the literature [28]. In this work, the compar-

sons are done in terms of five evaluation metrics of sensitivity,
pecificity, accuracy, precision and border error. Sensitivity (Eq. (3))
hows the percentage of actual lesion that has been truly detected.

pecificity (Eq. (4)) shows the percentage of actual background skin
hat has been truly detected. Accuracy (Eq. (5)) shows the degree of
loseness of the detected border to the actual border, which takes
oth background skin and lesion pixels into account. Precision or
ositive predictive value (Eq. (12)) is an index of reproducibility
es with border error ≤ 20%, for different B and W over the image set, compared to

which shows the degree to which further experiments show the
same results. Finally, border error or XOR measure (Eq. (13)) mea-
sures the discrepancy between automatic and manual borders.

Precision = TP
TP + FP

× 100% (12)

Border Error = Area(A ⊗ M)
Area(M)

× 100% (13)

where M is the the manually segmented image, A ⊗ M repre-
sents the differential segmentation obtained by the manual and
automatic borders using XOR operation, and Area( . ) denotes the
number of pixels in the binary images of M and A ⊗ M.

5.2. Comparison with experienced dermatologist (first ground
truth)

Fig. 9 shows the mean and standard deviation (std) values for
accuracy and precision metrics for different B and W parameters
over the image set, using the experienced dermatologist’s borders
as the ground truth. As illustrated in the graphs, mean accuracy
and precision increase with decreasing window size. The variabil-
ity around mean (measured by standard deviation) is smaller for
smaller W (W = 30) in most of the cases. With respect to the accu-

racy metric, both mean and std graphs suggest that the bandwidth
factor (B) is optimal in the medium range of [40..60]%. Precision
shows an incremental trend in mean value, along with a decreas-
ing trend of std as B grows, which suggests a value of larger than
50% for B may be optimal.
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However, for accuracy and border error smaller B values tend to
obtain better results than large B values. Considering precision and
AUC it can be seen that an intermediate value for B in the range of
[30..50]% is more likely to produce results that are consistent with
the dermatology registrar.
ig. 11. Mean accuracy and precision, AUC, proportion of images with border error

Fig. 10 shows the mean value for sensitivity and specificity
etrics, along with the corresponding AUC value, and also the pro-

ortion of images with border error smaller than 20%, for different
and W parameters over the image set, taking the experienced

ermatologist’s borders as the ground truth. The graphs indicate
hat the highest AUC value is obtained by a smaller W and larger
which is in agreement with the results obtained from the accu-

acy and precision metrics. Overall, the value of 30 for W and 60%
or B seems to be a reasonable trade-off considering all the met-
ics. Table 5 gives the mean and margin of error for each metric for
he proposed method with optimized parameters (W30B60). High

ean values (over 93%) were observed for all metrics, except for
ensitivity which is close to 90%.

.3. Comparison with dermatology registrar (second ground
ruth)
Fig. 11 shows the mean value for accuracy and precision met-
ics, the AUC calculated from sensitivity and specificity metrics and
lso the proportion of images with border error smaller than 20%,

able 6
omparing different border detection methods: distribution of border error per-
entage, using the experienced dermatologist’s manual borders as the ground truth.

Border error ≤10 ≤15 ≤20 ≤30 ≤40

W30B60 16.25 55.00 72.50 92.50 98.75
JSEG 27.50 51.25 73.75 90.00 95.00
DTEA 7.50 47.50 67.50 88.75 93.75
KPP 13.75 28.75 50.00 78.75 88.75
, for different B and W over the image set, compared to dermatology registrar.

for different B and W parameters over the image set, using the
dermatology registrar’s borders as the ground truth. The trend is
similar to that observed in Figs. 9 and 10 with the experienced der-
matologist as the ground truth. Large W values are ruled out, and
similarly, W = 30 appears to be optimal across the range examined.
Fig. 12. Comparison between the border detected by our method to manual bor-
der drawn by dermatology registrar, using the experienced dermatologist’s manual
borders as the ground truth.



114 R. Garnavi et al. / Computerized Medical Imaging and Graphics 35 (2011) 105–115

Table 7
Mean ± margin of error for comparisons of automated methods, using the experienced dermatologist’s manual borders as the ground truth.

Accuracy Precision Sensitivity Specificity Border error

e
o
F
o
t
l
t
g
t
t
9
d
t
g
r

5

i
m
s
K
c
i
b
r
p
i
m
t
a
a
b
b
2
t
p
m
n
d
m
a
(
e
b
m

6

m
t
c
c
p
o

W30B60–JSEG −0.09 ± 0.23 −1.47 ± 1.37
W30B60–DTEA 0.37 ± 0.18 −3.00 ± 1.17
W30B60–KPP 0.49 ± 0.24 −3.18 ± 1.63

Furthermore, we have taken the borders drawn by the experi-
nced dermatologist as the ground truth and compared the results
f our method (W30B60) to those of the dermatology registrar’s.
ig. 12 shows a comparison between our results and dermatol-
gy registrar’s with respect to different evaluation metrics. From
he figure it can be seen that our method yields either equiva-
ent or closer results to those of the experienced dermatologist’s
han the dermatology registrar’s to the experienced dermatolo-
ist’s. For example, taking the experienced dermatologist as ground
ruth, the mean precision for our algorithm is 5.3% higher than for
he dermatology registrar. The margin of error was 1.9, giving a
5% confidence interval of 3.4–7.2%. We can be reasonably confi-
ent that our method is, on average, between 3.4% and 7.2% better
han the dermatology registrar. This implies that our method is as
ood as, and in some cases more effective than the dermatology
egistrar.

.4. Comparison with other automated methods

The proposed method with optimized parameters (W30B60)
s compared with three state-of-the-art lesion border detection

ethods; namely, JSEG [15], DTEA [25] and KPP [17]. Tables 5 and 6
how the segmentation evaluation results obtained by JSEG, DTEA,
PP and the proposed thresholding method using XoYoR color
hannel, in forming core-lesion boundary, and X color channel,
n forming edge-lesion boundary, with window size of 30 and
andwidth factor of 60, considering the borders drawn by the expe-
ienced dermatologist as the ground truth. Table 5 shows that the
roposed method performs better on average in terms of sensitiv-

ty and AUC metrics, whereas it is highly competitive with the JSEG
ethod with respect to the accuracy and specificity. With respect

o the accuracy and sensitivity, DTEA comes third, followed by KPP
nd they also yield fairly competitive results in terms of specificity
nd AUC. However, KPP exhibits the highest precision, followed
y DTEA, JSEG and W30B60, respectively. Table 6 shows the num-
er of images with percentage border error less than 10%, 15%,
0%, 30% and 40% for different automated methods, which reflects
he same trend as the similarity metric. Table 6 indicates that the
roposed method achieves the best scores among the automated
ethods, while JSEG follows it closely, and DTEA and KPP come

ext. Table 7 provides estimates and margin of error for the mean
ifferences between W30B60 and the alternative methods. The
ean differences between W30B60 and JSEG are generally small

nd are unlikely to be important. The mean differences between
W30B60, DTEA) and (W30B60, KPP) for sensitivity and border
rror are relatively large, supporting that W30B60 is performing
etter. Moreover, the proposed method is potentially faster since it
ainly involves scalar processing as opposed to vector processing.

. Conclusion

This paper presented a novel automatic border detection
ethod based on color space analysis and clustering-based his-
ogram thresholding. The method determines the optimal color
hannel and applies hybrid thresholding followed by morphologi-
al operations to detect the lesion borders. The color optimization
rocess is tested on a set of 30 dermoscopy images, with four sets
f dermatologist-drawn borders taken as the ground truth. The

[

1.07 ± 1.95 0.03 ± 0.17 −0.5 ± 1.9
5.80 ± 1.36 −0.26 ± 0.09 2.1 ± 1.7
8.69 ± 2.78 −0.19 ± 0.16 5.3 ± 2.3

hybrid border detection method is tested on a set of 85 high resolu-
tion dermoscopy images and the automatic borders are compared
to borders drawn by two dermatologists using various evaluation
metrics including accuracy, precision, sensitivity, specificity, and
border error. The proposed method, which is comprised of two
stages, is designed to increase specificity in the first stage and
sensitivity in the second stage. The proposed hybrid method is
also compared to three state-of-the-art border detection meth-
ods and found to perform as well or better in terms of sensitivity,
AUC, and border error. In addition, our method is potentially faster
since it mainly involves scalar processing as opposed to vector
processing performed in the other methods. Taking the borders
drawn by the experienced dermatologist as the ground truth, and
comparing the automatic borders with those drawn by the derma-
tology registrar, we have also shown that our method functions
closer to the experienced dermatologist than the dermatology
registrar, on some metrics. This implies that our method is as
good as, and in some cases more effective than the dermatology
registrar.
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