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ABSTRACT

Dermoscopy is one of the major imaging modalities used

in the diagnosis of melanoma and other pigmented skin le-

sions. Due to the difficulty and subjectivity of human inter-

pretation, automated analysis of dermoscopy images has be-

come an important research area. Border detection is typ-

ically the first step in this analysis yet is often limited by

the quality of the images to be analyzed. In this paper, we

present an effective method to enhance the contrast in der-

moscopy images. Given an input RGB image, we determine

the optimal weights to convert it to grayscale by maximizing

a histogram bimodality measure. Experiments on a large set

of images demonstrate that this adaptive optimization scheme

increases the contrast between the lesion and the background

skin, and leads to a more accurate separation of the two re-

gions using Otsu’s thresholding method.

Index Terms— Melanoma, dermoscopy, border detec-

tion, contrast enhancement, Otsu’s thresholding method

1. INTRODUCTION

Malignant melanoma, the most deadly form of skin cancer, is

one of the most rapidly increasing cancers in the world, with

an estimated incidence of 62,480 and an estimated total of

8,420 deaths in the United States in 2008 alone [1]. Early di-

agnosis is particularly important since melanoma can be cured

with a simple excision if detected early.

Dermoscopy has become one of the most important tools

in the diagnosis of melanoma and other pigmented skin le-

sions. This non-invasive skin imaging technique involves op-

tical magnification, which makes subsurface structures more

easily visible when compared to conventional clinical images

[2]. This in turn reduces screening errors and provides greater

differentiation between difficult lesions such as pigmented

Spitz nevi and small, clinically equivocal lesions [3]. How-

ever, it has also been demonstrated that dermoscopy may ac-
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tually lower the diagnostic accuracy in the hands of inexperi-

enced dermatologists [4]. Therefore, in order to minimize the

diagnostic errors that result from the difficulty and subjectiv-

ity of visual interpretation, the development of computerized

image analysis techniques is of paramount importance [5, 6].

Automated border detection is often the first step in the

automated analysis of dermoscopy images [7]. It is crucial

for the image analysis for two main reasons. First, the border

structure provides important information for accurate diag-

nosis, as many clinical features, such as asymmetry, border

irregularity, and abrupt border cutoff, are calculated directly

from the border. Second, the extraction of other important

clinical features such as atypical pigment networks, globules,

and blue-white areas, critically depends on the accuracy of

border detection. Automated border detection is a challeng-

ing task due to several reasons: (i) low contrast between the

lesion and the surrounding skin, (ii) irregular and fuzzy lesion

borders, (iii) artifacts and intrinsic cutaneous features such as

black frames, skin lines, blood vessels, hairs, and air bubbles,

and (iv) variegated coloring inside the lesion.

Several preprocessing methods have been developed to fa-

cilitate the detection of lesion borders in dermoscopy images.

Most of these methods focused on the removal of artifacts

such as hairs [5, 8, 9, 10, 11] and bubbles [5]. Delgado et

al. [12] proposed a contrast enhancement method based on

independent histogram pursuit. Recently, Celebi et al. [13]

proposed a method for approximate lesion localization using

an ensemble of thresholding algorithms.

In this paper, we present an effective method to en-

hance the contrast in dermoscopy images. Given an input

RGB image, we determine the optimal weights to convert

it to grayscale by maximizing a histogram bimodality mea-

sure. We demonstrate that this image-dependent optimization

scheme increases the contrast between the lesion and the

background skin, and leads to a more accurate separation of

the two regions using Otsu’s thresholding method.

The rest of the paper is organized as follows. Section 2 de-

scribes Otsu’s thresholding method, the histogram bimodal-

ity measure, and the proposed contrast enhancement method.
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Section 3 presents the experimental results. Finally, Section 4

gives the conclusions.

2. CONTRAST ENHACEMENT BY MAXIMIZING

HISTOGRAM BIMODALITY

Given an image represented in L gray levels {0, 1, . . . , L − 1},

Otsu’s thresholding method [14] partitions the image pixels

into two classes C1 = {0, 1, . . . , t∗} and C2 = {t∗+1, t∗+2,

. . . , L − 1} (object and background, or vice versa) at gray

level:

t∗ = argmax
t∈{0,1,...,L−1}

σ2
B(t) (1)

that maximizes the between-class variance σ2
B(t) given

by:

σ2
B(t) = p1(t)p2(t) [µ1(t) − µ2(t)]

2

p(i) = ni

n
, p1(t) =

t
∑

i=0

p(i), p2(t) = 1 − p1(t)

µ(t) =
t

∑

i=0

ip(i), µ1(t) = µ(t)
p1(t) , µ2(t) = µT −µ(t)

p2(t)

(2)

where ni is the number of pixels with gray level i, n =
∑L−1

i=0 ni is the total number of pixels, p1 and p2 are the class

probabilities, µ1 and µ2 are the class means, and µT = µ(L−
1) is the total mean gray level.

Between-class variance (BCV) can be viewed as a mea-

sure of class separability or histogram bimodality. It can be

explicitly calculated as:

σ2
B(t) =

[µT p1(t) − µ(t)]
2

p1(t)p2(t)
(3)

which can be made invariant to affine transformations of

the gray level scale by dividing it by the total variance σ2
T :

σ2
T =

L−1
∑

i=0

(i − µT )2 p(i) (4)

In this study, normalized BCV, i.e. σ2
B(t)

/

σ2
T , is used as a

measure of histogram bimodality. Note that normalized BCV

values fall into the [0, 1] range.

As mentioned in §1, one of the factors that complicate

the detection of borders in dermoscopy images is insufficient

contrast. We propose Algorithm 1 to increase the contrast

between the lesion and the background skin. This algorithm

takes two inputs: an RGB image X with n three-component

pixels x = [r, g, b] (r: red, g: green, b:blue) and a set W

of m three-component weight vectors w = [wr, wg, wb]. It

outputs an image Y ∗, which is a grayscale contrast-enhanced

version of X . Y ∗ is obtained by converting X to grayscale

using the optimal weight vector w
∗ ∈ W , which is the vector

that gives the highest normalized BCV value. In other words,

Y ∗ is the grayscale version of X , in which the object and its

background are maximally separated.

3. EXPERIMENTAL RESULTS AND DISCUSSION

The only parameter involved in Algorithm 1 is the set of

weight vectors W , which essentially constitutes the search

space of the procedure. It is tempting to think that better

class separability could be obtained with a larger search

space at the expense of increased computational time. How-

ever, small perturbations in the optimal weight vector do not

necessarily modify the shape of histogram enough to give

substantially different normalized BCV values. In our exper-

iments, we observed that choosing the component weights

from {0.1, 0.2, . . . , 1.0} often ensures that the highest possi-

ble normalized BCV values are attained. Note that a feasible

weight vector w = [wr , wg, wb] must satisfy the constraint

wr + wg + wb = 1.0 in order to produce valid luminance

values, e.g. values in the [0, 255] range for 8-bit images.

Figure 1 shows the effect of the contrast enhancement

operation on the histogram of a dermoscopy image. Parts

1(b) and 1(c) show the ITU Recommendation 709 (Rec. 709)

(w = [0.2126, 0.7152, 0.0722]) grayscale version of the in-

put image and its histogram, respectively. Parts 1(d) and 1(e)

show the optimized (w∗ = [0.0, 0.0, 1.0]) grayscale version

of the input image and its histogram, respectively. It can be

seen that the presented contrast enhancement procedure effec-

tively increases the class separability, which results in higher

contrast between the lesion and the background skin. This im-

provement in the contrast is also reflected by a 14% increase

in the normalized BCV and a 25% increase in the distance

between the histogram modes. Interestingly, the optimized

weight vector puts no emphasis on the red and green chan-

nels. However, experiments on a set of 367 dermoscopy im-

ages revealed that such a blue-dominant weighting scheme is

not necessarily optimal (see Figure 2).

Figure 3 shows the influence of the contrast enhance-

ment operation on thresholding results. In each row, the first

column represents the original RGB image, the second and

third columns contain the Otsu thresholding outputs for the

grayscale images obtained using the Rec. 709 and the op-

timized weight vector, respectively. It can be seen that, in

each case, the presented contrast enhancement method leads

to a better thresholding result. It should be noted that in

many cases it is still necessary to perform post-processing to

determine the lesion border [7]. Table 1 shows the normal-

ized BCV, optimal threshold (t∗), and border detection error

(XOR) values for the images in Figure 3. The XOR value

is given by
Area(AB⊕MB)

Area(MB)
100%, where AB is the Otsu

thresholding output, MB is the border drawn by an expert

dermatologist, ⊕ is the exclusive-OR operation that gives the

pixels for which AB and MB disagree, and Area(I) denotes

the number of pixels in the binary image I .
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(a) RGB image

(b) Rec. 709 grayscale (c) Histo. of 1(b) (BCV

0.693)

(d) Optimized grayscale (e) Histo. of 1(d) (BCV

0.791)

Fig. 1. Influence of contrast enhancement on histogram bi-

modality

(a) RGB image (b) Rec. 709 grayscale

(c) Optimized grayscale

w
∗ = (0.9, 0.1, 0.0)

(d) Blue channel w =
(0.0, 0.0, 1.0)

Fig. 2. A case where red-dominant weighting gives the best

separation

In order to test the influence of contrast enhancement on

border detection, we applied the proposed method to a set

of 367 dermoscopy images. The average XOR error for the

Rec. 709 grayscale images thresholded by Otsu’s method was

20.147%, whereas the error for the optimized grayscale im-

ages was 16.561%, which represents a significant improve-

ment. It should be noted that no post-processing was per-

formed in each case.

(a) RGB image (b) Rec. 709 (c) Optimized

(d) RGB image (e) Rec. 709 (f) Optimized

(g) RGB image (h) Rec. 709 (i) Optimized

(j) RGB image (k) Rec. 709 (l) Optimized

(m) RGB image (n) Rec. 709 (o) Optimized

(p) RGB image (q) Rec. 709 (r) Optimized

Fig. 3. Influence of contrast enhancement on thresholding

4. CONCLUSIONS

In this paper, an effective method for contrast enhancement

in dermoscopy images is presented. The method iteratively

searches for the optimal RGB to grayscale conversion weights

that maximize Otsu’s histogram bimodality measure. Experi-

ments on a large set of dermoscopy images demonstrated that

the presented optimization scheme, in general, leads to better

thresholding results and lower border detection errors. The

execution time of the method is about 0.2 seconds for a typi-

cal image of size 768×512 pixels on an Intel R©CoreTM2 Quad

Q6700 2.66 GHz machine.
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