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A B S T R A C T

Objective: Melanoma is a dangerous form of the skin cancer responsible for thousands of deaths every year. Early
detection of melanoma is possible through visual inspection of pigmented lesions over the skin, treated with
simple excision of the cancerous cells. However, due to the limited availability of dermatologists, the visual
inspection alone has the limited and variable accuracy that leads the patient to undergo a series of biopsies and
complicates the treatment. In this work, a deep learning method is proposed for automated Melanoma region
segmentation using dermoscopic images to overcome the challenges of automated Melanoma region segmen-
tation within dermoscopic images.
Materials and methods: A deep region based convolutional neural network (RCNN) precisely detects the multiple
affected regions in the form of bounding boxes that simplify localization through Fuzzy C-mean (FCM) clus-
tering. Our method constitutes of three step process: skin refinement, localization of Melanoma region, and
finally segmentation of Melanoma. We applied the proposed method on benchmark dataset ISIC-2016 by
International Symposium on biomedical images (ISBI) having 900 training and 376 testing Melanoma derma-
tological images.
Main findings: The performance is evaluated for Melanoma segmentation using various quantitative measures.
Our method achieved average values of pixel level specificity (SP) as 0.9417, pixel level sensitivity (SE) as
0.9781, F1 _ s core as 0.9589, pixel level accuracy (Ac) as 0.948. In addition, average dice score (Di) of seg-
mentation was recorded as 0.94, which represents good segmentation performance. Moreover, Jaccard coeffi-
cient (Jc) averaged value on entire testing images was 0.93. Comparative analysis with the state of art methods
and the results have demonstrated the superiority of the proposed method.
Conclusion: In contrast with state of the art systems, the RCNN is capable to compute deep features with amen
representation of Melanoma, and hence improves the segmentation performance. The RCNN can detect features
for multiple skin diseases of the same patient as well as various diseases of different patients with efficient
training mechanism. Series of experiments towards Melanoma detection and segmentation validates the effec-
tiveness of our method.

1. Introduction

Melanoma is one of the lethal skin cancer causing death to thou-
sands of people every year. Melanoma usually affects the exposed skin
regions i.e. face, neck, arms, and legs that remain on regular basis under
the sunlight. Unfortunately, the highest mortality rate amongst the skin

cancers is also associated with the Melanoma. In the USA alone, every
year among 87,110 Melanoma cases, 9730 patients lost their lives, that
means in every hour one person died due to Melanoma [1]. Similarly,
1150 patients amongst 6800 Melanoma patients died in Canada in 2016
[2]. Melanoma moles have uneven borders and evolving colors i.e. blue,
red, brown, black, white and pink representing the severity of the
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disease [3]. The moles greater than 6mm in diameter with unusual skin
colors need inspection by a dermatologist for possible Melanoma in-
fection. Initially, the dermatologists diagnose Melanoma through visual
examination of the skin by measuring the asymmetry, border irregu-
larity, diameter, and color variation of the affected skin [3]. However,
due to limited availability of dermatologists earlier Melanoma detection
is usually delayed. Moreover, detection of Melanoma at earlier stages
reduces the painful series of biopsies and may lead to a permanent cure
for the disease. Earlier detection and treatment of Melanoma not only
prevents the metastasize of cancerous cell to other organs but also in-
creases the survival rate of patients [4]. To overcome these challenges
research is focusing towards the automated detection of melanoma
through CAD based solutions [5–8].

In the automated diagnosis of melanoma, handcrafted features were
used to distinguish between melanoma affected skin and normal skin
[9–12]. However, these features were unable to identify melanoma due
to high intra-class variations, i.e., size, color, gel bubbles, clinical rule
marks and artifacts, leading to the unsatisfactory performance of CAD
systems. To optimize the performance of CAD systems, classification of
melanoma is carried out through well defined segmented melanoma
area named as region of interest (ROI). It improves the recognition
capability, as the affected region provides better representation of
Melanoma attributes [13,5,6]. The precise classification of the Mela-
noma skin regions can occur if the feature extraction steps emphasize
only the affected area, as practiced by an expert dermatologist. The
foremost reason is that the inclusion of non-affected skin regions with
affected skin regions for feature extraction generates weak features, as
we are not specifically targeting the ROI. Hence, inaccuracies may be
found in classification results. Therefore, the segmentation is con-
sidered as a primary step before classification [14–18], to improve the
performance of CAD systems.

Traditional segmentation techniques commonly found in literature
are used for segmenting Melanoma lesion from normal skin, such as,
adaptive thresholding [19], iterative selection thresholding (ISO) [20],
Otsu's thresholding [21], level set active contour [22] and statistical
region growing [23]. Thresholding based techniques performed good
segmentation, when contrast variations are not significant and uniform
distribution of chrominance is present within the images. However, in
real scenarios, images are occluded with clinical artifacts, and holds
illumination and chrominance variations. Therefore, thresholding
based techniques unable to segment the Melanoma region accurately.
In [23] regions having statistically similar characteristics are split and
merged to segment the regions efficiently. However, such methods are
unable to perform segmentation on macroscopic images with complex
texture and chrominance variations. Therefore, it is a challenging task
to segment Melanoma lesion accurately using level set or region
growing methods.

Object saliency based detection techniques [24,25] emphasize on
detection of skin lesion and consequently, result in better segmentation
of Melanoma regions. In [24], super-pixels based hyper-graph modeling
is used to capture the saliency contextual information for melanoma
segmentation. In [26], Laplacian sparse super-pixels based approach
captures the contextual information and generates a model to segment
the Melanoma lesion. However, all these automatic and semiautomatic

segmentation techniques use low-level color and texture information
that are unable to represent wide variations of Melanoma in poor
contrast and difficult boundaries lesion.

Recently, deep learning have improved the performance records in
medical analysis applications [27–32]. Deep convolutional neural net-
works (CNN) use small image patches of Melanoma for training and
perform region segmentation in the test images based on the trained
model. Like other fields, CNN's significantly improve recognition ability
of Melanoma using deep convolutional features [33]. Almost all deep
learning CNN models rely on preprocessing of input images to over-
come the problem of feature map saturation [34]. Therefore, in [35],
SegNet based networks apply batch normalization to skip the pre-
processing of input images. SegNet maps the input image pixels into
semantical labels through feature learning. In [34], a hybrid deep
learning approach based on CNN and recurrent neural network (RNN)
was employed for Melanoma region segmentation without any pre-
processing step. In [36], fully convolutional network(FCN) was applied
for Melanoma detection in semi-automatic fashion.

In this paper, we propose a method for Melanoma lesion detection
and segmentation based on deep regional convolutional neural network
(RCNN) and Fuzzy C-mean (FCM) clustering. The RCNN resolves the
insufficient samples problem through unsupervised pre-training and
supervised fine-tuning regions for localization of the objects [37]. At
test time, RCNN generates several category-independent region pro-
posals for image queries, and extracts a fixed-length feature vector from
each proposal using a CNN; afterward, classifies each region with
higher precision. Once the affected regions are detected, FCM precisely
extracts the affected patches with variable boundaries that can be used
for recognition of the disease.

2. Proposed methodology

2.1. System overview

The segmentation of Melanoma is a challenging task due to wide
variations in appearance, size, texture, color, and shape of the
Melanoma regions; whereas, the presence of the hair and tiny blood
vessels also complicate Melanoma detection and segmentation.
Meanwhile, image acquisition artifacts like illumination conditions,
contrast variations and clinical artifacts such as ruler scale marks, gel
bubbles, color swatches also serve as barriers in precise segmentation.
Few sample images are shown in Fig. 1 from ISIC 2016 dataset with
different artifacts. Therefore, Melanoma detection method must be ro-
bust against these challenges. In our proposed approach, the tiny blood
vessels, and hair are removed through the morphological closing op-
eration. The resultant image becomes smooth that is further enhanced
by using the un-sharp filter [38]. The artifacts are automatically fixed
once the RCNN is applied over the resultant image. The foremost reason
is that the trained RCNN only consider the Melanoma regions as a ROI
and remaining image portions are labeled as background. For RCNN
training, the ground truth images are binarized and region-labeling
segmentation [39] is applied to extract the largest connected compo-
nent coordinates for Melanoma indication. The RCNN then learns a
model to detect Melanoma-regions through regression layer and

Fig. 1. Artifacts within ISIC 2016 skin images. (a) Illumination variation. (b) Clinical scale marker. (c) Skin hair. (d) Clinical color swatches.
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selective search [40]. The trained model is then applied over the test
images that localizes the Melanoma regions along with regression-
confidence score. The regions where regression-confidence score is
greater than 0.5 are considered for segmentation step through FCM
clustering algorithm. The architecture of the proposed method is pro-
vided in Fig. 2.

2.2. Skin refinement

For a given input color image I(x, y) the morphological closing
operation removes the hair from skin through line structuring elements
S1. The closing operation performs dilation ⊕ and then erosion ⊖ on
RGB image with line structuring element, as described:

=I x y I x y S S( , ) ( ( , ) )mor 1 2 (1)

Where, the S1 and S2 consists of 10 pixels in direction of 90° and 180°
against every pixel and Imor(x, y) is the resultant morphed image. The
reason behind the application of two different structuring elements for
two consecutive closing morphological operations is to eliminate thick
and thin hairs. The resultant image is free from hair and blood vessels
artifact with slight blurring effect due to the morphological closing
operations. In order to remove the blurring effect we apply the un-sharp
filterϖ(x, y) over Imor(x, y) to obtain the un-sharp image Ib(x, y) as,

= ×I x y I x y x y( , ) ( , ) ( , )b mor (2)

where

= + +
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The obtained un-sharped image Ib(x, y) is then subtracted from the I(x,
y) to obtain the sharped image Is(x, y) as described:

= +I x y I x y I x y I x y( , ) ( , ) ( ( , ) ( , ))s bmor mor (4)

The resultant image Is(x, y) is free from hair and blood-vessel artifacts at
the same time preserving the precise details for Melanoma detection.

2.3. Melanoma detection and localization using RCNN

The RCNN generates m region proposals against the input image
Is(x, y). RCNN's soft-max layer [37] generates the prediction confidence
score to classify each region proposal as normal or abnormal (i.e.
Melanoma affected) skin patch. Afterwards, the greedy suppression
algorithm [40] is applied on to exhaustively search the melanoma re-
gions and generate the bounding box over the area as x y w hPI( , , , );
where, the bounded area PI is centered at (x, y) coordinates and w,h
represent the width and height of the bounding box.

In our approach, the RCNN training phase includes both the de-
tected and ground-truth regions in the form of training pairs. The
training pairs can be represented as: = …{(PI , GI )}i i

i N1, , , where i re-
presents the index of N training samples and GIi are the ground-truth
regions. The GI can be represented as: x y w hGI( , , , ) with similar

definitions of x, y and w h, as of the PI. For convenience of explanation
in remaining equations we have dropped superscript i from the training
pairs.

2.3.1. Feature extraction
Traditional object detection techniques like viola Jones [41] and

histogram of gradients (HOG) [42] imply sliding window to localize the
object of interest i.e. people, cars, faces etc. However, the break-
throughs of deep learning techniques i.e. CNN replaced the earlier de-
tection algorithms with good accuracy. However, the CNN based object
detection methods are computationally extensive as they follow the
similar sliding window approach for object detection. Therefore, RCNN
introduced selective search algorithm to improve the efficiency of the
CNN by feeding reduced number of region proposals. Then, down
sample the regions to overcome shape and spatial associations and
detect the objects at various aspect ratios and different pyramid levels
[40], at the same time preserving the precise details for Melanoma
detection.

Melanoma-affected regions vary in shape and location, and to pre-
cisely model these variations image pyramids of RCNN acquire deep
feature representation to detect disease. The image pyramid

x y w hPI ( , , , )j represents the image Is(x, y) through repeated smoothing
and down-sampling, and the subscript j={1, 2, …, 4} represents var-
ious levels of the image pyramid. The whole process of smoothing and
down-sampling can be represented as:

=
= =

x y I x y m n I x m y nPI ( , ) ( , ) 4 ( , )
2

,
2j s

m n
s

2

2

2

2

(5)

For precise modeling the melanoma characteristics, the selective
search step of RCNN captures texture, color, and intensity of melanoma
regions through multiple layers (Table 1). Each layer is a local re-
presentation of probable melanoma. Three hyper-parameters of RCNN

Fig. 2. Proposed framework for localization and segmentation of Melanoma lesion.

Table 1
The RCNN architecture.

sr.no. Layers Filter Size Stride Padding

1 Input Layer 32× 32×3
2 Convolution layer 3 5× 5 0
3 Maximum pooling 3× 3 2 0
4 RELU
5 Convolution layer 32 5×5 1 2
6 RELU
7 Average pooling 3× 3 2 0
8 Convolution layer 64 5×5 1 2
9 RELU
10 Average pooling 3× 3 2 0
11 Fully connected 64
12 RELU
13 Fully connected 2
14 Softmax classification
15 Regression
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architecture the number and arrangement of output feature volume
(Table 2).

2.3.2. Regression
Regression step is applied for precise localization of Melanoma re-

gions. Selective search step generates the region and assign a con-
fidence score to each proposal. The regressor utilize CNN features to
predict the Melanoma region and introduced the bounding box across
the affected area. Optimal transformation functions are used to reduce
the detection error and map the predicted bounding box PI to the
ground truth bounding box GI. The four transformation functions
b b b(PI), (PI), (PI),x y w and bh(PI) were used for mapping predicted re-
gion against the ground truth as:

= +bGI PI (PI) PIx w x x (6)

= +bGI PI (PI) PIy h y y (7)

=GI PI expw w
b (PI)w (8)

=GI PI exph h
b (PI)h (9)

where

=b w* (PI) * (PI)T
3 (10)

The bx(PI), and by(PI), specify the scale invariant mapping of cen-
troid of PI, whereas, b (PI)w , and bh(PI) represents the log space mapping
of width and height of PI. After learning optimal transformation maps,
the input region proposals were transformed into the predicted ground
truth Melanoma regions. The transformation functions
b b b(PI), (PI), (PI),x y w and bh(PI) linearly map the third pooling layer
features of predicted region proposal PI, denoted by ϕ3(PI) (Eq. (10)).
Whereas, b* is one of the transformation function and w* represents the
weight parameters (adapted through gradient decent algorithm for
weight optimization) for precise detection of Melanoma affected re-
gions.

In the proposed algorithm for training pairs (PI, GI), regression
targets are denoted as R*, numerically specified as follows:

=R (GI PI )
PIx

x x

w (11)

=R
(GI PI )

PIy
y y

h (12)

=R log( GI
PI

)w
w

w (13)

=R log( GI
PI

)h
h

h (14)

The information extracted from proposal PI improves learning, if PI
is nearby one of the ground-truth boxes GI [37]. In our implementation
“nearness” was obtained by assigning the PI to the ground-truth GI
when intersection over union (IoU) score is greater than 0.5. Remaining
lower scores were rejected by the algorithm.

2.3.3. Training parameters for RCNN
To fine-tune the RCNN for precise classification and localization of

Melanoma, auxiliary labeled-dataset CIFAR10 [43] as a pre-classifica-
tion step for transfer learning is used. On achieving state-of-the-art
operational accuracy on the CIFAR10 dataset, RCNN was tuned to
perform Melanoma classification through transfer learning [44]. For
Melanoma localization, we used wrapped region proposals along with
ground truth labels for network training.

To reduce the classification error for Melanoma, the stochastic
gradient descent algorithm is used for the optimization of the weights.
For training, we used mini-batch size ζ of 128, learning rate α of 0.001,
and learning drop factor β of 0.1 after detailed experimentation. The
piecewise learning schedule automatically adjust learning rate during
the training phase. To reduce localization error, 500 epochs were
chosen to optimize the cost function. In this way, training of RCNN is
repeated 500 times for better localization of melanoma

2.3.4. Melanoma detection at test time
For testing images, selective search was applied to extract the region

proposals that were wrapped to make the regions compatible for pre-
senting to the input layer of CNN. We have used softmax cross entropy
probabilities to identify the Melanoma affected region. The deep con-
volutional feature vectors fed into sotmax layer to compute confidence
scores. All the scored proposal within an image obtained from CNN
were used to accept the region having higher threshold intersection
over union (IoU) overlap for precise localization.

2.4. Melanoma segmentation using fuzzy C means (FCM)

RCNN localize the affected Melanoma region, to reduce the search
space for precise segmentation of affected region boundaries. The lo-
calize Melanoma area was cropped using the computed coordinates
R x y w h( , , , ), to determine the accurate boundary of affected region. To
estimate the boundary of affected area from healthy skin, we opt FCM
clustering to group pixels into healthy and Melanoma region [45].

FCM clustering based on optimization of objective function Jd, to
refine the segmentation of cluster caϵ(1, 2), under defined initial con-
ditions. Where d is total number of pixels of R x y w h( , , , ) in RGB color
space, Ssa is degree of membership of pixel within cluster a, and ca is
center of cluster. The fuzzy clustering partition R x y w h( , , , ) in optimize
iterative fashion, to reduce the distance by updating the membership
Ssa of R x y w h( , , , ) with associated clusters ca. To represent clusters,
pixels of R x y w h( , , , ) are generalized by computing Jd within the group
as sum of square error (Eq. (17)) to find the local minima. For simplicity
we will denote R x y w h( , , , ) as R in following mathematical expressions
(Eqs. (15)–(17)).

=

=

S 1

k
R c
R c

d
sa

1
24 || ||

|| ||

2
1a

k (15)

= =

=

c
S R
S

a
s
N

s
N d

1 sa

1 sa (16)

=
= =

J S R c| |d
s

d

a

d
a

1 1

2

sa
2

(17)

Initial terminating criteria γ was defined between 0 and 1. To terminate
the iteration γ a threshold was selected greater than

<+S Smax | |a
k k
sa

1
sa , where k is number of iteration to update the

cluster center ca for reevaluating the computed probabilities of asso-
ciation within ca. In our case, FCM requires k=24 as maximum
number of iterations to segment the Melanoma lesion. Finally, on
convergence of cluster centroid terminates the algorithm, resulting in
clusters of affected and non-affected region.

Table 2
Spatial output volume size of RCNN layers. Fully connected layer Fc5 re-
presenting two class distribution of Melanoma and normal skin region.

Layers Input Filter # filter Output

Convolutional Layer 1 32×32×3 5×5 3 27×27×3
Convolutional Layer 2 27×27×3 5×5 32 12×12×32
Convolutional Layer 3 12×12×32 5×5 64 5×5×64
Fully Connected Layer 4 5× 5×64 64 64
Fully Connected Layer 5 64 2 2
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3. Results and experiments

3.1. Dataset

The performance of proposed framework was evaluated on bench-
mark dataset ISIC 2016 by “International Symposium on biomedical
images(ISBI) in the challenge of Skin lesion analysis towards Melanoma
detection” [46]. The dataset for segmentation comprised of 900
training and 380 test Melanoma images. To validate the results of
segmentation and classification the ground truth images were provided
along with the dataset and were compiled by a panel of the dermatol-
ogists.

Moreover, we have tuned our RCNN on CIFAR-10 [43] for precise
localization of Melanoma. On achieving state-of-the-art operational
accuracy on the CIFAR10 dataset, RCNN was tuned to perform Mela-
noma classification through transfer learning approach. The CIFAR-10
dataset constitute of 32× 32 resolution RGB 60,000 images for ten
classes. On average, there are 6000 samples per class.

3.2. Evaluation metrics

In this section we are presenting evaluation metrics for validation of
each phase of the proposed system.

3.2.1. Skin refinement
To evaluate the skin refinement phase we have used mean squared

error (MSE), root mean squared error (RMSE), signal to noise ratio
(SNR), peak signal to noise ratio (PSNR), and universal image quality
index (UIQI).

MSE is the average difference between skin refined image Is(x, y)
and input noisy image I(x, y) whereas, RMSE is the square root of MES.
MSE and RMSE is computed using following equations:

=
= =

I i j I i jMSE 1
mn

[ ( , ) ( , )]
i

m

j

n

s
0

1

0

1
2

(18)

=
= =

I i j I i jRMSE 1
mn

[ ( , ) ( , )]
i

m

j

n

s
0

1

0

1
2

(19)

For robust image enhancement the values of MSE and RMSE should be
minimum.

The signal to noise ratio (SNR), and peak signal to noise ratio
(PSNR) as in (Eq. (20, 21)), are the widely used measures to determine
the quality of the image. The higher values of SNR, and PSNR indicates
the image enhancement quality. For good image enhancement, the
empirical value of PSNR should be greater than 20 db [47]. The SNR,
and PSNR can be computed as:

= ×
P
P

SNR 10 log I

I
10

s

(20)

= ×
I

PSNR 20 log
MSE
s

10
(max)

(21)

UIQI estimates the linear correlation of input image and skin refined
image in terms of structure, contrast and luminance information during
the skin refinement phase. The UIQI can be computed as follows:

=
+ +( )[ ]

I I
I I

UIQI
4 ¯ ¯

¯ ¯
I I s

I I s

,
2 2 2 2

s

s (22)

In Eq. (22) σ, Īs , and Ī represents the variance, standard deviation, and
mean of skin refined image and mean of input image respectively. The
UIQI value range is between −1 to 1 that further confirms the quality of
image after the image enhancement [48]. It is notable from Table 6,
that skin refinement phase successfully remove some artifacts like hair,
and refine the image from clinical and natural artifact (e.g. black frame,
clinical ruler marks, clinical color swatches).

3.2.2. Melanoma localization
RCNN performs Melanoma region detection using greedy over-

lapping criteria of ground truth box and predicted box, known as in-
tersection-over-union (IoU), as shown in Eq. (23). Melanoma area de-
tection acceptable range of IoU is 0.5–1, where 0.3–0 for background
normal skin region. The correctly predicted box is known as true po-
sitive, otherwise as false positive, as follows:

=
+ +

IoU 2* TP
TP FN FP (23)

For evaluation of localization phase, we have used mean average pre-
cision (mAP) to compute the average precision to detect melanoma
region, as shown below:

=
+

mAP mean TP
TP FP (24)

3.2.3. Melanoma segmentation
For performance evaluation of segmentation phase, we have con-

sidered the dice score (Di), Jaccard coefficient (Jc), pixel level specifi-
city (SP), pixel level sensitivity (SE), and pixel level accuracy (Ac) as the
evaluation measures. These are the evaluation criteria that were also
used in the ISBI challenge for validating the quality of segmentation.

=
+ +

Di 2* 2*TP
FN (2*TP) FP (25)

=
+ +

Jc 2* TP
TP FN FP (26)

=
+

SP TP
TP FP (27)

=
+

SE TP
TP FN (28)

= +
+ + +

Ac TP TN
TP FP FN TN (29)

Where TP, TN, FP, and FN represents the number of true positive
pixels, true negative pixels, false positive pixels, and false negative
pixels, respectively. A Melanoma region pixel is considered as true
positive if it is detected as Melanoma; otherwise it is referred as false
negative pixel. A normal skin pixel is considered as true negative pixel
if it is detected as normal skin pixel; otherwise it is referred as false
positive pixel. To analyze the segmentation performance compared
with the state of the art system we have plotted the receiver operating
characteristic (ROC) using recorded values of sensitivity and specificity.

3.3. Results and discussion

In this section, we will discuss the results obtained at each step of
the Melanoma detection through the proposed algorithm.

3.3.1. Skin refinement
At skin refinement phase, noisy artifacts were removed to enhance

the visual information and improve the segmentation of affected re-
gions. From the results presented in Fig. 3, we can observe that the
image after skin refinement phase is free from various artifacts i.e. hair,
blood vessels, and clinical rule marks etc. To estimate the quality of
image we have computed the image quality parameters such as RMSE,
PSNR, and UIQI, and results are represented in Table 3. From the results
we can observe that values of PSNR are higher than 20 db that re-
presents higher information rate in the refined images. Similarly, UIQI
represents fine resemblance ratio of skin refined image and input noisy
image in terms of structure, and contrast within the input image.

From Table 3, it can be observe that the highest value of PSNR is
37.78 at minimum RMSE error. Higher the PSNR value smaller will be
the RMSE. Similarly, lowest PSNR value is 18.90 at the cost of largest
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RMSE of 50. Images having PSNR value approximately equal to 33 re-
presents the RMSE of 9. PSNR value portray the strength of information
within the skin-refined image, greater values of PSNR indicates higher
rate of information within an image. The value of RMSE represents the
loss of energy in enhanced image without considering the perceptual
quality of image. RMSE calculates the intensity difference between
input and skin refined image, lower value represents fewer pixels dis-
tortion in enhanced image [47].

UIQI measures the quality of image in accordance with human vi-
sual system using luminance, contrast and structural information so, its
value is not dependent upon value of PSNR, SNR and RMSE. The largest
value of UIQI is 0.7 that represents minor loss of information in terms of
contrast, luminance and structural information at PSNR value of 30. It is
notable that the range of UIQI of 20 test skin-refined images are within
acceptable human visual perceptible range (0.4–0.7). Therefore, it is
deduced the skin refinement phase remove artifacts and sharpen image
without degrading the quality of image.

3.3.2. Melanoma localization
Localization is the next step in proposed RCNN based Melanoma

detection. The visual representation of feature map generated through
soft-max layer of RCNN to classify the affected regions are shown in
Fig. 4.RCNN precisely distinguishes the affected regions in the test
images, as shown in Fig. 4. The receptive fields extracted from con-
volutional layers assigns different probabilities to the Melanoma region

Fig. 3. Skin refinement phase: (a) Input image with artifacts i.e. black frame, thick and thin hair, gel bubbles, clinical ruler marks, color swatches, etc. (b) Outcome of
the closing morphological operation for artifacts removal. (c) Resultant smooth image. (d) Sharp image after convolution of un-sharped filter.

Table 3
Skin refinement performance measures computed for 20 test images with noisy
artifacts. PSNR, UIQI, and RMSE is recorded for each type of artifact to estimate
the strength of skin refinement phase of proposed framework.

Image artifacts PSNR UIQI RMSE

Black frame 33.00 0.61 9.98
28.52 0.41 16.56
34.00 0.60 9.24
30.30 0.54 13.50

Thick hair 30.67 0.60 12.92
31.75 0.50 11.41
30.02 0.50 13.93
35.70 0.51 7.25

Thin hair 34.50 0.43 8.31
32.57 0.64 10.39
33.70 0.58 9.15
37.78 0.56 5.69

Scale marks 18.90 0.40 50.12
29.71 0.57 14.43
32.26 0.55 10.77
32.35 0.50 10.65

Color swatches 35.31 0.55 7.57
32.35 0.53 10.66
33.05 0.67 9.82
30.15 0.70 13.72
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and the remaining normal skin region along with some clinical artifacts
for the localization of Melanoma area. The RCNN (Table 2) extract
convolutional features from the region proposals generated from the
selective search and then map them in accordance with the CNN trained
model to classify the region proposal. To train a binary classifier for

Melanoma localization, the region enclosing Melanoma affected region
is considered as a positive example. Whereas, normal skin region and
background pixels are treated as negative example. Partially overlapped
Melanoma detected area is labeled using IoU threshold, below this
threshold the region is considered as negative class region. The IoU

Fig. 4. Visual representation of feature map generated by RCNN soft-max layer for 20 test images to classify Melanoma and normal skin region.

Table 4
mAP score to localize Melanoma using RCNN

Image Image 1 Image 2 Image 3 Image 4 Image 5 Image 6 Image 7 Image 8 mAP
Precision 0.98 0.87 0.93 0.97 0.99 0.89 0.95 0.84 0.93

Fig. 5. 70 Test examples of high-scoring detections on the ISIC 2016 data set, selected from the top highest scoring Melanoma localization results.
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overlapping threshold chosen for Melanoma detection was 0.5. The IoU
overlap greater than 0.5 detect the area as melanoma and IoU value
lower than 0.3 detected as normal skin or black frame background re-
gion. The RCNN localized Melanoma region at regression layer with
good mAP shown in Table 4. Some high scoring Melanoma detection
results are presented in Fig. 5. From Fig. 5 it can be observe that RCNN
localize the Melanoma area precisely, overcoming the artifacts of
clinical swatches, clinical ruler marks, hair, and non-skin black frame
pixels in background regions. Moreover, RCNN can detect Melanoma of
different scale, orientation and at various location despite variation of
skin color as shown in Fig. 5.

content

3.3.3. Melanoma segmentation
To compare the segmentation performance of detected Melanoma

region, an accurate boundary area of Melanoma is required. The af-
fected Melanoma boundary was obtained through FCM clustering al-
gorithm. The algorithm grouped the Melanoma affected pixels in one
cluster (Fig. 6c, g, k, o), whereas, all the remaining pixels are grouped
separately. Therefore, the resultant segmented images are visually si-
milar to the ground truth Melanoma images, as illustrated in Fig. 6(d, h,
l, p).

Performance of the segmentation phase is evaluated by computing
the SP, SE, F1score, Ac, at pixel-level for all images present in the test-
set and the results are reported in Fig. 7. Proposed method achieved
average values of SP as 0.9417, SE as 0.9781, F1score as 0.9589, Ac as
0.948. Similarly, Di, and Jc were computed for all test samples and
average values were recorded. Average Di of segmentation was re-
corded as 0.94, which represent good segmentation performance.
While, Jc averaged value on entire testing images was 0.93. The seg-
mentation results are shown in Table 6 and compared with the state of
the art methods, details are discussed in Section 3.5.1.

The reason behind the good performance of the proposed frame-
work is an accurate localization of Melanoma region through RCNN.

However, in few images RCNN failed to precisely localize Melanoma
due to visual similarity with normal skin, as shown in Fig. 8. In Fig. 7
the results over the test images are displayed graphically, portraying SE
and Ac of few cases that are below 0.9, due to RCNN's erroneous pre-
diction of normal skin pixels as Melanoma.

3.4. Comparative analysis

3.4.1. Comparisons over ISBI 2016 challenge
In ISBI 2016 challenge of skin lesion segmentation 28 teams re-

ported results of their methods, the top ten teams results are re-
presented in Table 5 [46]. All the participants were ranked according to

Fig. 6. (a), (e), (i) and (m) Input images with artifacts. (b), (f), (j) and (n) RCNN localization of Melanoma lesion. (c), (g), (k) and (o) Fuzzy segmentation of
Melanoma boundary. (d), (h), (l) and (p) Ground truth Melanoma lesion images.

Fig. 7. Accuracy, F-measure, sensitivity, and specificity, on 175 test images are
represented graphically.
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the average value of Jc. The top ten participants used deep learning
algorithm for segmentation due to effective performance gain over
handcrafted features [33]. Majority of the participants at top ten po-
sition have used pre-trained models of CNN like Alexnet [49] and VGG
[50], whereas we have used RCNN which has shallower network. Our
proposed RCNN melanoma segmentation framework achieved Jc results
better than all the participants. The top participant EXB [46] employed
pre and post processing on images for precise segmentation. Whereas,
second place winner participant CUMED [33] used fully convolutional
residual network (FCRN) without pre and post processing with deep
network.

To further examine the performance of the framework we have
plotted box and whisker plot to understand the distribution of Jc per-
formance metrics for all test images of our framework as compared to
the state of the art methods (Fig. 9). The box and whisker plot re-
presenting the spread of Jc across the number line into four quartiles,

median, and outliers. Our resulting Jc represents smaller ratio of out-
liers and is comparable to top three participant, EXB [46], CUMED
[33], and Mahmudur [46].

The spectrum Jc of the proposed methodology represents similar
segmentation performance as compared to the challenge winners.
Median Jc of our framework is at 0.83 which is fairly close to the
median of boxplot of ExB [46]. Similarly, median Jaccard index Jc of
[46] appears at 0.84, whereas [35] and [36] median Jc is at 0.86. Thus,
preprocessing followed by RCNN and Fuzzy clustering algorithm sig-
nificantly outperforms segmentation and localization of Melanoma, as
compared to the state of the art techniques.

To estimate the performance of the proposed framework, we have
plotted ROC curve as shown in Fig. 10. Our computed average value of
the True Positive Rate (TPR) is (0.94) and the average False Positive
Rate (FPR) is (0.057). Our ROC curve is higher than Mahmudur algo-
rithm and closer to CuMed. It is notable from ROC Fig. 10 that our area
under the curve represents good accuracy and cares about percentage of
the relevant prediction results separating Melanoma area.

3.5. FCM evaluation

In this section we have compared the performance of the FCM
clustering algorithm used in our paper against active contour segmen-
tation method that is widely used in medical image segmentation re-
search [19]. The results of the comparison over 50 randomly selected
images are provided in Table 7. From the results it can be observed that
the FCM has slightly improved segmentation results compare to the
active contour method. Although the FCM explicitly demands the
number of cluster centers whereas, this is not a requirement for the
active contour method, but as we already have the precise information
about the number of classes (i.e. melanoma affected and normal skin
regions) therefore, the problem of grouping the data in wrong number
of groups/classes never occurs.

3.5.1. Comparison with state-of-the-art techniques
The performance of our proposed framework has shown better

segmentation results with respect to the state of the art methods, as
shown in Table 6. Earlier studies for segmentation of affected skin re-
gion using basic segmentation techniques, such as thresholding
[19–21], region merging [51,52], statistical region growing [23],
clustering [53], active contour [22,54,55], bootstrap learning [25],
contextual hypergraph [24], and sparse coding [26] with average Jc
score of 0.54, which is lower than our method.

Deep learning based segmentation techniques such as FCN [27], and
Segnet [35] performed segmentation with 0.86 Jc score. However, their
network depth was deeper than our network, that makes the system

Fig. 8. RCNN failed to precisely localize Melanoma due to visual similarity with normal skin.

Table 5
Skin lesion segmentation results of ISBI 2016 challenge [46].

Method AC Di Jc SE SP

ExB 0.95 0.91 0.84 0.91 0.965
CUMED 0.94 0.897 0.829 0.911 0.957
Mahmudur 0.952 0.895 0.822 0.88 0.969
SFU-mial 0.944 0.885 0.811 0.915 0.955
TMUteam 0.946 0.888 0.81 0.832 0.987
UiT-Seg 0.939 0.881 0.806 0.863 0.974
IHPC-CS 0.938 0.879 0.799 0.91 0.941
UNIST 0.94 0.867 0.797 0.876 0.954
Jose Luis 0.934 0.869 0.791 0.87 0.978
Marco romelli 0.936 0.864 0.786 0.883 0.962
Proposed 0.942 0.94 0.93 0.95 0.94

Table 6
Performance comparison.

Method Ac Di Jc SP Time

Adaptive thresholding [19] 0.72 0.56 0.45 0.8 2
ISO [20] 0.82 0.68 0.56 0.77 –
Yen thresholding [21] 0.81 0.67 0.58 0.77 0.05
Level set active contour [22] 0.7 0.58 0.46 0.79 0.84
Statistical region growing [23] 0.73 0.55 0.43 0.76 0.4
Bootstrap learning [25] 0.78 0.72 0.57 0.75 –
Contextual hypergraph [24] 0.83 0.75 0.6 0.78 0.3
Sparse coding [26] 0.91 0.8 0.67 0.86 0.1
Segnet [35] 0.91 0.92 0.86 0.96 0.06
FCN [27] 0.82 0.82 0.86 0.70 0.05
Proposed method 0.94 0.94 0.93 0.942 0.08

N. Nida et al. International Journal of Medical Informatics 124 (2019) 37–48

45



computational expensive in contrast with our method. From Table 6, it
can be notable that our proposed method performed better than state of
the art methods, due to good localization of Melanoma region using
RCNN at shallower network with fewer computational resources. We
have improved the segmentation results by 0.07 Jc score. According to
Table 6, the computational time for traditional machine learning
techniques is higher than our method, except the Yen's thresholding
technique. The Yen's [21] thresholding technique is 1.6 times faster
than our method, however, the segmentation performance in term of
Ac, Jc, Di, SP are lower than our method. In contrast deep learning
approach for segmentation, FCN [27] is 1.6 times faster than our
method, where the segmentation performance is lower than our
method.

4. Conclusion

In this paper, we proposed a novel a technique based on RCNN and
FCM clustering for efficient precise and automated Melanoma region
segmentation within dermoscopic images. Our method constitutes of
three steps: skin refinement, localization of Melanoma region, and fi-
nally segmentation of Melanoma. In contrast with state of the art sys-
tems, the RCNN is capable to compute deep features with good re-
presentation of Melanoma, and hence improves the segmentation
performance. The RCNN can detect multiple skin diseases of same pa-
tient as well as various diseases of different patients with efficient
training mechanism and subject to sufficient training data. Moreover,
our method can be applied to solve complex medical image segmen-
tation problems. Series of experiments were performed on ISBI 2016
open source dataset “Skin Lesion Analysis towards Melanoma
Detection”, validates the effectiveness of our method. Future research
work in melanoma detection may include integration of classification
task in the proposed method.
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Summary Table

The contributions of our work are summarized as follows:

• Discriminating the melanoma regions from the normal skin regions
through computer vision based segmentation is a challenging task.
In this paper we utilized the RCNN based approach for melanoma
detection. Our findings concludes that combination of RCNN with
FCM results in precise detection of the affected regions, thus ensures
the accurate recognition of the disease in an automatic way.
• RCNN was not previously used for medical analysis. Experimental
analysis reveals capability of RCNN to identify Melanoma, acquiring
deep, discriminative feature representation and obtaining better
performance gain.
• The RCNN is also capable to detect multiple Melanoma regions in
the input image; and if the patient suffers from various other skin
diseases such as Lipoma, Fibroma, Sclerosis, Melanoma, etc. our
system can detect these affected regions with higher precision. The
characteristic of RCNN to detect multiple infectious area inspire
more researchers to tap the potentials of RCNN to solve challenging
problems of medical imaging analysis.
• Comparative analysis has demonstrated the superiority of the pro-
posed method.
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