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Purpose: This paper presents a novel approach for objec-

tive evaluation of border detection in dermoscopy images of

melanoma.

Background: In melanoma studies, border detection is a

fundamental step toward the development of a computer-

aided diagnosis system. Therefore, its accuracy is essential

for accurate implementation of the subsequent parts of the

diagnostic system.

Method: An objective evaluation procedure of border de-

tection methods is presented. The evaluation procedure

uses the weighted performance index, which is composed

of weighted metrics of sensitivity, specificity, accuracy,

precision, border error and similarity. This index can also

be used to optimize the parameters of a border detection

method.

Result and conclusion: Experiments are performed on 55

high-resolution dermoscopy images. Using the union of four

sets of dermatologist-drawn borders as the ground truth,

weighted metrics of sensitivity, specificity, accuracy, pre-

cision, border error and similarity are evaluated. Then, the

weighted performance index is constructed and used to

optimize the parameters of the hybrid border detection

method. The outcome of the optimization process, verified

through statistical analysis, yields a higher degree of agree-

ment between automatic borders and the ground truth,

compared with using standard metrics only. Finally, the

weighted performance index is used to evaluate five

recently reported border detection methods.
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MALIGNANT MELANOMA is one of the most
lethal and rapidly increasing cancers. It

represents 10% of all cancers in Australia, and its
per-capita incidence is four times higher than that
in Canada, the United Kingdom and the United
States, with more than 10,000 cases diagnosed
and around 1700 deaths annually (1).

Dermoscopy (also known as epiluminescence
microscopy) is a non-invasive in vivo imaging
technique, which allows for a magnified and
clear visualization of the morphological struc-
tures of the skin that are not visible to the naked
eye. With the use of dermoscopy and dermo-
scopic algorithms (2, 3), such as pattern analysis,
ABCD rule of dermoscopy, Menzies method,
seven-point checklist, and the CASH algorithm,
which have benefited from the technological
advancements over the past few decades,
the diagnosis of melanoma has been improved
compared with the simple naked-eye examina-

tion between 5% and 30% depending on the type
of skin lesion and the experience of the derma-
tologist (4).

However, clinical diagnosis of melanoma is
inherently subjective and its accuracy has been
an issue of concern (4). With the goal of removing
subjectivity and uncertainty from the diagnostic
process and providing a reliable second indepen-
dent opinion to dermatologists, computer-based
analysis of dermoscopy images has become a
major research area.

Border detection is a fundamental step toward
the development of a computer-aided diagnosis
of melanoma, which involves separating the
lesion from the background skin. The accuracy
of the detected border is essential for accurate
implementation of the subsequent parts of the
diagnostic system, i.e. feature extraction and
classification, because of the fact that features
such as asymmetry and border irregularity are
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highly dependent on border detection. In addi-
tion, the lesion inside the detected border reveals
information about homogeneity, dermoscopic
patterns and lesion color.

Detecting the lesion borders in dermoscopy
images is considered to be challenging (5) due
to (1) the low contrast between the lesion and the
background skin, (2) presence of unwanted arti-
facts within the image such as hairs, skin lines,
blood vessels, air bubbles, black frames, camera
scale and blue/purple surgical markings, (3)
fuzziness of the border and (4) the color variega-
tion within the lesion.

Numerous border detection methods have
been reported in the literature (5). Recent
methods include histogram thresholding (6),
thresholding followed by region growing (7),
color clustering (8, 9), statistical region merging
(10), JSEG algorithm based on color quantization
and spatial segmentation (11), two-stage k-means
11 clustering followed by region merging (12),
global thresholding on optimized color channels
followed by morphological operations (13) and
hybrid thresholding (14).

On the other hand, objective evaluation of
border detection methods has not been explored
in depth (5). Existing evaluation methods are
either through visual assessment of the detected
borders by dermatologists, which suffers from
subjectivity, or through an objective evaluation,
where the closeness of an automatic border
produced by the border detection method is
compared with that manually drawn by derma-
tologists. With respect to objective evaluation
methods, different metrics have been used,
namely, sensitivity, specificity, accuracy, border
error, similarity, precision, pixel misclassification
probability (15) and normalized probabilistic
rand index (16).

There exist two problems in the evaluation of
the border detection methods: First, the above-
mentioned metrics are generic and have been
widely applied in different domains. However,
in the application to border detection of dermo-
scopy images of melanoma lesions, it is crucial
that dermatologists’ perspectives are taken into
account, which raises the need to customize the
standard metrics to reflect their respective prac-
tical importance in the evaluation process.
Second, it is often the case that a border detection
method yields a superior result according to
one evaluation metric, yet is defeated by other
methods with respect to another metric(s). In

other words, there is no comprehensive metric
for comparing different automated methods. In
this paper, we propose a novel approach to tackle
these two problems.

The rest of the paper is organized as follows.
The standard metrics are reviewed in ‘Standard
Evaluation Metrics’. The proposed evaluation
approach is presented in ‘Proposed Evaluation
Metrics’. The experimental results are discussed
in the penultimate section. The last section pro-
vides the conclusion.

Standard Evaluation Metrics

The standard metrics of sensitivity, specificity,
accuracy, border error, similarity and precision
[expressed in Eqs (1)–(6)] are statistical measures
based on true positive (TP), true negative (TN),
false positive (FP) and false negative (FN). Sensi-
tivity shows the percentage of the actual lesion
that has been detected accurately by the auto-
mated method. Specificity shows the percentage
of the actual background skin that has been
detected accurately by the automated method.
Precision shows what percentage of the detected
border is the true lesion. Accuracy and similarity
are two other metrics that exhibit the degree of
agreement between the automatic border pro-
duced by an automated method and the manual
border drawn by dermatologists (the gold stan-
dard), and border error measures the discrepancy
between the two borders:

Sensitivity ¼ TP

TPþ FN
� 100% ð1Þ

Specificity ¼ TN

TNþ FP
� 100% ð2Þ

Accuracy ¼ TPþ TN

TPþ FPþ FNþ TN
� 100% ð3Þ

Similarity ¼ 2TP

2TPþ FNþ FP
� 100% ð4Þ

Border error ¼ FPþ FN

TPþ FN
� 100% ð5Þ

Precision ¼ TP

TPþ FP
� 100% ð6Þ
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Proposed Evaluation Metrics

The proposed evaluation approach aims to solve
two problems: defining a comprehensive metric,
which takes into account various evaluation me-
trics, and providing objective evaluation metrics
that are meaningful in the context of a melanoma
application. In the following, these two aspects
are discussed.

Performance index (PI)
The performance of existing border detection
methods has been commonly evaluated using
either one evaluation metric (e.g. border error)
or two metrics (e.g. sensitivity and specificity). As
each of the metrics has its specific meanings and
implications, a problem arises when it comes to
objectively interpreting the results. This problem
is compounded, especially when different me-
trics yield different rankings. Thus, the question
of which method yields the best possible result
when all of the evaluation metrics are considered
simultaneously has not been resolved as yet. To
determine this, we propose a comprehensive mea-
sure called PI for systematic evaluation of the
performance of existing border detection algo-
rithms. PI takes into account all of the standard
metrics previously defined [Eqs (1)–(6)]:

PI ¼ Snþ SpþAcþ Smþ Beþ Pr

6
ð7Þ

where Sn, Sp, Ac, Sm, Be and Pr refer to sensitivity,
specificity, accuracy, similarity, 100%� border er-
ror and precision, respectively.

Weighted evaluation metrics
Objective evaluation of existing border detection
methods requires metrics that are meaningful in
the context of a melanoma application. Our
experience with dermatologists has consistently
shown that TP has the highest importance com-
pared with the other three factors of TN, FP and
FN, as dermatologists tend to have the entire
lesion included in the automatic border. On the
other hand, FP (the areas included by the auto-
mated method, yet excluded by the gold stan-
dard) has a minor degree of importance
compared with FN (the areas excluded by the
automated method, yet included by the gold
standard). Accordingly, after exhaustive consul-
tation with dermatologists, we attach a weighting
of 1.5 to TP to indicate its overall importance.

Furthermore, to emphasis the importance of FN
over FP, in those metrics that include both FN
and FP, we assign a factor of 0.5 to FP. As a result,
the new set of equations is given by

WSensitivity ¼
1:5TP

1:5TPþ FN
� 100% ð8Þ

WAccuracy ¼
1:5TPþ TN

1:5TPþ 0:5FPþ FNþ TN

� 100% ð9Þ

WSimilarity ¼
3TP

3TPþ FNþ 0:5FP
� 100% ð10Þ

WBordererror ¼
0:5FPþ FN

1:5TPþ FN
� 100% ð11Þ

WPrecision ¼
1:5TP

1:5TPþ FP
� 100% ð12Þ

where WSensitivity, for instance, stands for
weighted sensitivity. The specificity metric does
not contain the TP factor. Also, FP and FN do not
appear simultaneously in this metric. Accord-
ingly, it remains unchanged as in Eq. (2).

Weighted performance index (WPI)
Following the discussion presented in ‘Perfor-
mance index (PI)’ a comprehensive metric is
defined to objectively evaluate border detection
methods for dermoscopy Images. It is called WPI
and it takes into account the weighted metrics
defined in Eqs (2) and (8)–(12). WPI is in fact a
weighted average, where the weights are im-
bedded within each metric:

WPI ¼WSn þ SpþWAc þWSm þWBe þWPr

6
ð13Þ

where WSn, Sp, WAc, WSm, WBe and WPr refer to
WSensitivity, specificity, WAccuracy, WSimilarity,
100%�WBorder error and WPrecision, respectively.

Experimental Results

The proposed evaluation method is tested on a
set of 55 high-resolution dermoscopy images
obtained from Royal Melbourne Hospital, Aus-
tralia. The images were taken by professional
photographers 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 in TIFF format.
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To validate the borders produced by existing
methods, manual borders are independently
drawn by four expert dermatologists using Wacom
Intuos A4 size Tablet PC. We are aware that
different approaches can be used to acquire the
final ground truth, such as voting, averaging, etc.
However, after discussion with dermatologists and
considering the practical nature of the melanoma
diagnosis, which calls for extreme caution when
excluding portions of the image, and taking into
account the inter-observer and intra-observer varia-
bility in borders drawn by dermatologists, we
calculate the union of the four manually drawn
borders for each image and consider that as the
final ground truth. This choice is in line with the
emphasis we place on the TP factor in the proposed
evaluation metrics. Figure 1 shows the four differ-
ent dermatologist-drawn borders and the obtained
union border for a sample dermoscopy image. As
shown in Fig. 1, borders are close enough to each
other, therefore, there would be no adverse effect
for the way the ground truth is calculated

Standardization of the images
The lesion inside a dermoscopy image generally
appears in different sizes and locations. The two
metrics of accuracy and specificity include the
TN factor, which refers to the number of pixels of

the background skin that are accurately detected
by the automated method. However, the TN
factor depends considerably on the size of the
lesion and its ratio to the whole image; thus, the
value of the accuracy and specificity metrics are
biased against images with small lesions. To the
best of our knowledge, this issue has not been
addressed in previously published studies.

To balance the effect of large TN and normalize
the accuracy and specificity metrics, we set a
frame of background skin around the lesion,
such that the area of the rectangular image frame
is twice as large as that of the smallest imaginary
rectangle enclosing the lesion, with horizontal
and vertical sides. This has the effect that the
number of background pixels and lesion pixels is
roughly the same. Figure 2 shows the segmenta-
tion result of a dermoscopy image before and
after standardization.

Optimization of the parameters
As an advantage, the proposed WPI can be used to
optimize automated border detection methods by
tuning their parameters. For instance, in the hybrid
thresholding method (14), two main parameters of
window size (W) and bandwidth factor (B) are
involved. W is the size of the window over which
the local threshold is calculated, and the B shows

Fig. 1. Gold standard for a sample dermoscopy image: (a) four different dermatologists-drawn borders and (b) the obtained union border.

Fig. 2. Segmentation result of a dermoscopy image (a) before and (b) after standardization.
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the extent to which the initial border is expanded
toward the background skin. For completeness, a
summary of the method is provided in the follow-
ing. Further details may be found in (14).

Hybrid thresholding method
Manual borders drawn by dermatologists tend to
surround the borders produced by automated
method (5, 14). As shown in Fig. 3, three areas
are generally identified in dermoscopy images:
core lesion, edge lesion and background skin. The
width of the edge-lesion area can be quite vari-
able depending on the skin color, lesion color and
fuzziness of the border.

Forming the core lesion. As reported in (14),
the core-lesion area is detected by applying glo-
bal histogram thresholding to the optimal color
channel of XoYoR obtained in the color optimiza-
tion procedure (XoYoR combines X and Y color
channels from the XYZ color space with R color
channel from the RGB color space). This step
includes the pre-processing operations of hair
removal (17), noise filtering using a Gaussian
low-pass filter (with a 10� 10 kernel) and inten-
sity adjustment. This is followed by application
of the Otsu thresholding method (18) to the
XoYoR color channel, and performing connected
component analysis and morphological opera-
tions to obtain the initial border for the lesion
and form the core-lesion area.

Forming the edge lesion. To expand or shrink
the core-lesion boundary to the edge-lesion
boundary, an adaptive local thresholding techni-
que based on the Otsu method is used, where the
histogram thresholding is applied to the X color
channel determined as optimal in the color opti-

mization procedure (13). Starting from an arbi-
trary point on the core-lesion boundary, the local
threshold is calculated over a window of size W.
If the local threshold value is less than a defined
threshold called Texpand; the boundary is ex-
panded by one pixel. If it is larger than a defined
threshold called Tshrink; the boundary is shrunk.
Otherwise, it is the No Change state, where based
on the previous moves, a decision is made to
either laterally move to the adjacent pixel or
expand or shrink the boundary in a radial man-
ner, along the line connecting the centroid of the
lesion to the pixel on the core-lesion boundary.
The lesion centroid is given by

ðxc; ycÞ ¼
Pn

i¼1 xi

n
;

Pn
i¼1 yi

n

� �
ð14Þ

where n is the number of pixels along the border,
and ðxi; yiÞ is the coordinates of the ith lesion
pixel. To define the threshold values for shrink-
age and expansion [Eq. (16)], a bandwidth [Eq.
(15)] is calculated based on background skin and
core-lesion pixels values. The Otsu method is
applied to the background skin area and core-
lesion area to obtain estimates of these values.

Bandwidth ¼ %B� ðTskin � TcoreLesionÞ ð15Þ
where B, the bandwidth factor, is the extent to
which the core-lesion area is expanded toward
the background skin. The local threshold is cal-
culated for every pixel over its surrounding
window and the process is stopped when the
initial pixel is revisited.

Texpand ¼ Tskin � Bandwidth; Tshrink

¼ Tskin þ Bandwidth ð16Þ

To determine the optimal settings (W, B) for the
method, we perform a comprehensive set of
experiments on the image set of 55 high-resolu-
tion dermoscopy images, with W varying from 20
to 70 and B ranging from 10% to 90% (steps of 10).
Consequently, 54 borders are obtained for each
dermoscopy image. To evaluate the results, each
border is compared with the ground truth and
the standard and weighted metrics of sensitivity,
specificity, accuracy, similarity, border error and
precision, and the corresponding PI and WPI are
calculated. In the following, the optimal pairs of
B and W are obtained.

PI and WPI
PI and WPI are calculated for various W and B
values over the image set using the value of the

Fig. 3. Three different areas generally appear in dermoscopy images:

core lesion, edge lesion and background skin.
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standard and weighted metrics of sensitivity,
specificity, accuracy, similarity, border error and
precision according to Eqs (7)–(13) and are aver-
aged over 55 images. For each W, the family of
mean PIs and mean WPIs vs. B is plotted, as shown
in Figs 4 and 5. The two graphs of PI and WPI
metrics are coherent and both reveal the optimal
setting of (30, 30) for B and W, as shown in Figs 4
and 5. However, there is a distinction between the
two analyses, i.e. standard vs. weighted metrics.
The PI, which is based on standard metrics, yields
a lower result than the WPI, which is based on
proposed weighted metrics. For example, for
W30B30, the mean value of PI is 92.30, whereas
the mean value of WPI is 94.90. Thus, the weighted
metrics, which are defined to reflect the dermatol-
ogists’ perspectives, show a higher degree of
agreement between automatic and manual bor-
ders, compared with standard metrics.

Statistical analysis
Figures 6–11 show the mean value and 95%
confidence interval (CI) for metrics of weighted
sensitivity, specificity, weighted accuracy,
weighted similarity, weighted border error and
the weighted precision for various values of W
and B parameters, respectively. We set levels of

Fig. 4. Performance Index for various W and B values over the image

set.

Fig. 5. Weighted Performance Index for various W and B values over

the image set.

Fig. 6. Mean and 95% confidence interval of weighted sensitivity

metric for various W and B values over the image set.

Fig. 7. Mean and 95% confidence interval of specificity metric for

various W and B values over the image set.

Fig. 8. Mean and 95% confidence interval of weighted accuracy

metric for various W and B values over the image set.

40

Garnavi et al.



acceptability for the lower bound of the CI. The
levels are arbitrary but reasonable, and are a
helpful guide for identifying acceptable para-
meter values across a range of metrics.

Owing to the importance of sensitivity, we start
the analysis from this metric. As shown in Fig. 6,
given the level of acceptability of 90% for
weighted sensitivity, 26 sets of W and B, out of

54, are selected, which are marked by filled
circles in the graph. Having the level of accept-
ability of 94% for specificity, nine sets from the
previous 26 sets are nominated, as illustrated in
Fig. 7. For the level of acceptability of 95.5% for
weighted accuracy, as shown in Fig. 8, seven
pairs of W and B meet the criteria.

As illustrated in Fig. 9, with the level of
acceptability of 94.5% for weighted similarity,
these seven pairs are further narrowed down to
five sets of (20, 20), (30, 20), (40, 20), (30, 30) and
(40, 30). Having these five sets, the border error
metric is studied and as shown in Fig. 10, the
above-mentioned five pairs are highly competi-
tive where their respective mean and 95% con-
fidence interval are very similar. To determine the
optimal value for B and W, weighted precision
metric is investigated. As shown in Fig. 11, the
pair of (30, 30) achieves the best result, followed
by (20, 20). This result is in accordance with the
results obtained from the PI and WPI in the
previous section.

Cross validation
In order to provide a stronger proof for the optimal
B and W identified through the statistical analysis
and the proposed WPI, we also perform a 11-fold
cross validation process, where the data set of 55
images is iteratively partitioned into a 50-image
subset for the train set and a five-image subset for
test set, yielding 11 sets with unique combinations
of test and train data. For each of the test sets, a
family of WPI curves for different W and B is
plotted, as illustrated in Fig. 12, which shows that
all train sets converge to the value of (30, 30) for B
and W, except for set 6. According to set 6, the
optimal WPI is (W 5 30, B 5 20), yet its resulting
WPI is almost similar to the WPI value for (W 5 30,
B 5 30). Table 1 shows the resultant WPI for images
and the corresponding mean and standard devia-
tion for each test set using the optimal setting of
(W 5 30, B 5 30), which demonstrates the accept-
ability of the identified setting.

Comparison between automated methods
As another advantage, the WPI has also been
used to evaluate five recent border detection
methods applied to the image set of 55 dermo-
scopy images (see Fig. 13). These methods are
dermatologist-like tumor extraction algorithm
(DTEA) (7), JSEG (11), KPP (12), global thresh-
olding on optimized color channel of XoYoR (13),

Fig. 9. Mean and 95% confidence interval of weighted similarity

metric for various W and B values over the image set.

Fig. 10. Mean and 95% confidence interval of weighted border error

metric for various W and B values over the image set.

Fig. 11. Mean and 95% confidence interval of weighted precision

metric for various W and B values over the image set.
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and hybrid thresholding (14) with optimal para-
meters ‘Hybrid (W30B30).’

Table 2 presents the 95% CI for the mean of the
proposed metrics. As shown, a method may per-
form better than others with respect to some of the
metrics, yet yields lower results with respect to
others, e.g. the DTEA method achieves the highest
specificity and weighted precision, yet it is over-
come by the hybrid method with respect to
weighted metrics of sensitivity, accuracy, similar-
ity and border error. For these reasons, it has not
been easy to provide an overall objective judgment
as to which of the five methods is more suited for
border detection of dermoscopy images. However,
the use of the proposed WPI, as shown in the
bottom row of Table 2, facilitates such a judgment,
which can be made easily by comparing values of
the calculated WPIs. According to the obtained

TABLE 1. Weighted performance index for different images in each test set

Test Set 1 Set 2 Set 3 Set 4 Set 5 Set 6 Set 7 Set 8 Set 9 Set 10 Set 11

Image 1 94.29 94.78 97.13 96.95 93.50 95.55 95.34 95.67 93.91 95.91 96.95

Image 2 93.49 96.09 96.59 95.49 94.79 94.52 94.30 97.20 97.87 93.61 96.70

Image 3 95.22 94.80 95.29 94.78 95.10 87.83 96.42 95.32 89.95 96.62 91.97

Image 4 94.64 95.36 92.43 97.04 93.56 91.05 90.75 96.50 96.36 94.52 96.45

Image 5 94.80 94.78 94.51 94.58 97.66 95.10 98.02 93.49 89.51 97.15 97.39

Mean 94.49 95.16 95.19 95.77 94.92 92.81 94.96 95.64 93.52 95.56 95.89

Standard deviation 0.64 0.57 1.85 1.17 1.69 3.30 2.73 1.40 3.74 1.47 2.22

Fig. 12. Eleven-fold cross validation using weighted performance

index evaluation metric.
Fig. 13. Different automatic borders for two sample dermoscopy

images.
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WPI, the hybrid method yields the best segmenta-
tion result, followed by JSEG, DTEA, Global
thresholding and KPP methods.

Table 3 presents the degree of superiority of
each method over other methods, e.g. the second
row and third column shows that hybrid method
overcomes JSEG (12.8) such that we can be 95%
confident that the true difference is between 1.80
and 3.80.The fourth row and third column shows
that DTEA is defeated by JSEG (� 1.53) with a
true mean difference between 0.43 and 2.63.

Conclusion

This paper presents a novel approach for objec-
tive evaluation of border detection methods in
dermoscopy images. In order to provide evalua-
tion metrics that are meaningful in the context of
melanoma application, we introduce specific
weightings into standard metrics of sensitivity,
specificity, accuracy, border error, similarity and
precision. Moreover, a comprehensive metric,
WPI, is proposed to facilitate comparison be-
tween different methods. The proposed WPI
has also been used for the optimization of the
recently proposed hybrid border detection
method. The effectiveness of the proposed eva-
luation approach is demonstrated by applying
five recent border detection methods on a set of
55 high-resolution dermoscopy images using the
union of four sets of dermatologist-drawn bor-
ders as the ground truth. It is also shown that the
weighted metrics, which are defined to reflect the
dermatologists’ perspectives, show a higher de-

gree of agreement between automatic and man-
ual borders, compared with standard metrics.
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