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ABSTRACT 
Disease classification is the crucial part of the medical diagnosis. Automated classification methodologies are highly recommended 

over manual methods so as to avoid the intra and inter observational errors. Image processing plays a vital role in making 

classification simple and accurate. Early detection of melanoma is very much essential as it is dangerous form of the skin cancer. 

By capturing the image of the skin lesion and processing the image for diagnosis is in recent trends. So, in this work, for the 

detection of melanoma from the dermoscopic images, automatic segmentation is done and different classifiers are employed for 

classifying the images. Classification is performed by using the characteristics of the extracted features representing the normal 

and melanoma skin lesions. From the classifier results, analysis is made.  Based on the comparison of various evaluated 

parameters like accuracy, ROC(Receiver Operator Characteristic), error and others, best classifier is chosen and implemented. The 

above proposed methodology has proved to produce promising automatic classification of melanoma from other dermoscopic 

images using fuzzy classifier with 96% accuracy. 

 

KEYWORDS: Anisotropic Diffusion Filter based Improved Distance Regularised Level Set Method(ADIDRLSM), 

Dermoscopic image classification, Classification performance evaluation,  Local binary patterns,  Melanoma  detection.  
 

INTRODUCTION 
 

Melanoma is the skin cancer of the melanocytes, the cells which produce melanin for our skin which in turn 
decides the color of the skin. If melanoma is not detected at the early stages, it can spread to other body parts via 
lymphatic nodes or through the blood. At the later (advanced) stages of melanoma, it is virtually untreatable and 
thereby reduces the survival rate of the victim. Melanoma has the highest mortality rates in spite of its low 
occurrence rates. So, the early detection of melanoma is very much essential. Mostly in our country, the current 
method of diagnosis for melanoma is the ‘biopsy’. Biopsy is the scraping of the skin lesion and the sample has 
to undergo a series of laboratory testing. The setbacks of this method are pain and time consumption. Another 
alternative option is using a ‘dermoscope’ diagnosis method. Dermoscope is an optical, low cost device which 
can be used none invasively and hence it is the pain free modality. Manual dermoscope diagnosis requires 
highly experienced dermatologists. In order to improvise the diagnostic methodology, automated diagnosis is 
highly preferred. This computer based [1] classification methodology can act as a tool for the dermatologists. 
The invention of dermoscope and the viability of the image processing techniques, paved the way for the 
automatic diagnosis of skin lesions. 
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Fig. 1: Comparison of melanoma screening methods

 
Figure.1 illustrates the drawback of biopsy and manual 

For automatic classification, features are extracted from the segmented lesions. Using these extracted features, 
best classifier algorithm [2] is adopted in order to classify the dermoscopic images 
melanoma. 

 
II. Related Work: 

Automated and painless method
imaging  modality was introduced for  examining the skin layers, for the automatic melanoma detection, many 
works, using image processing[3] have been emerged. Different feature extraction techniques and classifiers 
were implemented with the aim of improving the 
works, prior to applying classifier algorithms, the dermoscopic images needed 
images are low contrast and contain hair)  and the lesion region had  to be extracted out.
compared to other methods, for the dermoscopic images, edge based methods have produced good results. The 
features of which could successfully represent the lesion, were extracted out. They were extracted 
descriptor like GLCM [1] and ABCD [6] rule. 

The local feature descriptor is vastly used as it can combine the pixel, local and global level of feature 
details. LBP and its variations and extensions [7] have been widely used . Color features [8] are extracted for 
color images mainly by HSV (Hue Saturation Value) color histograms as it matches the human perceptions.
supervised and supervised learning algorithms [
of classifier, SVM (Support Vector Machine
classifier[13] were also reported to be producing appropriate results for the automatic classification of 
dermoscopic images[14]. The idea or aim behind the works were to produce the accurate, fast and 
automated classification without manual intervention to match the need of real time use. From the related works 
done so far,  it is observed that, in general for the given feature vector, no single classifier algorithm can be 
recommended. The performance of a particular classifier 
appreciated when the comparison is 
Extreme comparison using different classifiers for di
different parameters are needed with different test 
parameters  were  mostly 70% to 85% of ideal value. 

 
III. Proposed methodology: 

The methodologies used here in this work for 
Image Processing technique (using
dermoscopic images which are digital images
Usually, dermoscopic images contain noises, so 
contrast enhancement. To separate the lesion region from healthy skin, segmentation is done using
level set method.  For finer texture features extraction, 
Ternary Pattern) and LTrP( local Tetra Pattern) are used. Color features are extracted by HSV 
matrix method. Classifier is used to
on the training given by the extracted feature set.
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Comparison of melanoma screening methods 

Figure.1 illustrates the drawback of biopsy and manual methods and the need for automated classification. 
For automatic classification, features are extracted from the segmented lesions. Using these extracted features, 

2] is adopted in order to classify the dermoscopic images 

and painless method of disease diagnosis has always been in demand. As the dermoscopy  
modality was introduced for  examining the skin layers, for the automatic melanoma detection, many 

works, using image processing[3] have been emerged. Different feature extraction techniques and classifiers 
were implemented with the aim of improving the classification performance better. In most of the previous 
works, prior to applying classifier algorithms, the dermoscopic images needed preprocessing [
images are low contrast and contain hair)  and the lesion region had  to be extracted out.
compared to other methods, for the dermoscopic images, edge based methods have produced good results. The 

could successfully represent the lesion, were extracted out. They were extracted 
[1] and ABCD [6] rule.  

The local feature descriptor is vastly used as it can combine the pixel, local and global level of feature 
details. LBP and its variations and extensions [7] have been widely used . Color features [8] are extracted for 

Hue Saturation Value) color histograms as it matches the human perceptions.
algorithms [9] were used for the classification. From the function family tree 

Support Vector Machine) [10],[11] was mostly used. Neural networks [
classifier[13] were also reported to be producing appropriate results for the automatic classification of 
dermoscopic images[14]. The idea or aim behind the works were to produce the accurate, fast and 
automated classification without manual intervention to match the need of real time use. From the related works 
done so far,  it is observed that, in general for the given feature vector, no single classifier algorithm can be 

ormance of a particular classifier varies, depending upon the features. So, it is always 
appreciated when the comparison is done [10] based on the results of vast analysis of evaluation 
Extreme comparison using different classifiers for different combination of features and rigorous analysis for 
different parameters are needed with different test options [16]. So far, the reported accuracy and other 
parameters  were  mostly 70% to 85% of ideal value.  

logies used here in this work for detecting the melanoma from other skin diseases are Digital 
Processing technique (using MATLAB) and classifiers. The inputs to the classification system are 

are digital images of the skin lesions, contains micro structural details of the lesion. 
Usually, dermoscopic images contain noises, so they undergo the pre-processing like removal of hair and 
contrast enhancement. To separate the lesion region from healthy skin, segmentation is done using
level set method.  For finer texture features extraction, LBP (local Binary Pattern) and its extensions 
Ternary Pattern) and LTrP( local Tetra Pattern) are used. Color features are extracted by HSV 

used to classify the input dermoscopic image as melanoma or non melanoma based 
training given by the extracted feature set. 
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for automated classification. 
For automatic classification, features are extracted from the segmented lesions. Using these extracted features, 

as melanoma and non 

diagnosis has always been in demand. As the dermoscopy  
modality was introduced for  examining the skin layers, for the automatic melanoma detection, many 

works, using image processing[3] have been emerged. Different feature extraction techniques and classifiers 
. In most of the previous 

preprocessing [4],[5](as the 
images are low contrast and contain hair)  and the lesion region had  to be extracted out.  For segmentation, 
compared to other methods, for the dermoscopic images, edge based methods have produced good results. The 

could successfully represent the lesion, were extracted out. They were extracted by global 

The local feature descriptor is vastly used as it can combine the pixel, local and global level of feature 
details. LBP and its variations and extensions [7] have been widely used . Color features [8] are extracted for 

Hue Saturation Value) color histograms as it matches the human perceptions. Un 
9] were used for the classification. From the function family tree 

networks [12] and fuzzy 
classifier[13] were also reported to be producing appropriate results for the automatic classification of 
dermoscopic images[14]. The idea or aim behind the works were to produce the accurate, fast and complete 
automated classification without manual intervention to match the need of real time use. From the related works 
done so far,  it is observed that, in general for the given feature vector, no single classifier algorithm can be 

depending upon the features. So, it is always 
is of evaluation parameters [15]. 

fferent combination of features and rigorous analysis for 
16]. So far, the reported accuracy and other 

melanoma from other skin diseases are Digital 
MATLAB) and classifiers. The inputs to the classification system are 

ions, contains micro structural details of the lesion. 
processing like removal of hair and 

contrast enhancement. To separate the lesion region from healthy skin, segmentation is done using improved 
local Binary Pattern) and its extensions LTP (Local 

Ternary Pattern) and LTrP( local Tetra Pattern) are used. Color features are extracted by HSV color histogram 
classify the input dermoscopic image as melanoma or non melanoma based 
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Fig. 2: Block Diagram 
 
Figure 2, is the block diagram representation of the 

input images. After preprocessing, the lesion part is segmented from the healthy skin. Local texture and color 
features are extracted out and given as the training set to the classifier which classify the images and detect the 
melanoma. 

Fig. 3: Classifier selection for melanoma detection
 
In Figure 3, the method of choosing the best classifier for detecting the melanoma from other dermoscopic 

images is illustrated. For a classifier, the extracted features from different feature des
LTrP[7] and HSV color histogram are used  independently and as the concatenated feature vector set. 
different classifiers from different family trees are fed with independent and combined features. The results are 
compared and the best classifier is chosen based on the analysis with several estimated parameters.

 
3.1. Dermoscopic Image: 

Dermoscopic image is the image of the skin lesion, taken with the help of 
‘Dermoscope’. Dermoscope magnifies and illuminates the skin in such a way that the micro structures of the 
skin layers (till dermal-epidermal junction) can be seen. Dermoscope consists of magnifying lens with high 
resolution and lighting source for illumination. It is a compact, 
dermoscopic images used in this work, are obtained from the online 
(https://www.dropbox.com/s/k88qukc20ljnbuo/PH2Dataset.rar).
images of skin lesions of different types. However, the images can be classified broadly as melanoma(40) and 
non melanoma(160). This database has been released by 
Hispano at Portugal, mainly for the research and bench marki
images having the resolution of 768* 560 pixels. The database includes the medical annotations for all the 
images along with the corresponding ground truth images.

 

 
Fig. 4: Dermoscopic image 

2016/ Advances in Natural and Applied Sciences. 10(14) Special

Figure 2, is the block diagram representation of the overall work. The dermoscpoic 
input images. After preprocessing, the lesion part is segmented from the healthy skin. Local texture and color 
features are extracted out and given as the training set to the classifier which classify the images and detect the 

Classifier selection for melanoma detection 

In Figure 3, the method of choosing the best classifier for detecting the melanoma from other dermoscopic 
images is illustrated. For a classifier, the extracted features from different feature descriptor like, LBP, LTP, 
LTrP[7] and HSV color histogram are used  independently and as the concatenated feature vector set. 
different classifiers from different family trees are fed with independent and combined features. The results are 

and the best classifier is chosen based on the analysis with several estimated parameters.

Dermoscopic image is the image of the skin lesion, taken with the help of the medical
magnifies and illuminates the skin in such a way that the micro structures of the 

epidermal junction) can be seen. Dermoscope consists of magnifying lens with high 
resolution and lighting source for illumination. It is a compact, hand held, easy to operate optical device. The 
dermoscopic images used in this work, are obtained from the online medical database
(https://www.dropbox.com/s/k88qukc20ljnbuo/PH2Dataset.rar).This PH2 database holds the 200 dermoscopic 

esions of different types. However, the images can be classified broadly as melanoma(40) and 
This database has been released by the dermatology department of the hospital pedro 

Hispano at Portugal, mainly for the research and bench marking works. This database images are 8 bit RGB 
images having the resolution of 768* 560 pixels. The database includes the medical annotations for all the 
images along with the corresponding ground truth images. 
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In Figure 3, the method of choosing the best classifier for detecting the melanoma from other dermoscopic 
criptor like, LBP, LTP, 
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different classifiers from different family trees are fed with independent and combined features. The results are 

and the best classifier is chosen based on the analysis with several estimated parameters. 
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images having the resolution of 768* 560 pixels. The database includes the medical annotations for all the 
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3.2. Preprocessing: 
The dermoscopic imges contain body hair which partially obstructs the skin lesions. As it may reduce the 

accuracy of classification, the hair is removed by the tool called ‘Dull razor’. Dermoscopic images are low 
contrast images by nature as they contain colors as skin shades alone. Thus, the image’s contrast is enhanced [17] 
by ‘CLAHE’ (Contrast Limited Adaptive Histogram Equalization). It enhances the contrast of local region 
called ‘tiles’  by doing local histogram equalization appropriate for that tile, adaptive to the contrast values 
available  in that tile and then combined. To avoid the contrast enhancement of any noise that might be present 
in the image, optional parameters are used to limit the contrast, especially in uniform regions.  

 
3.3. Segmentation: 

To extract the  region of interest(ROI), from the background,  segmentation  is done. In dermoscopic 
images, the skin lesion is segmented out from the healthy skin. For the segmentation, edge based improved level 
set method is used. Anisotropic Diffusion filter based Improved Distance regularized Level Set 
Method(ADIDRLSM) is implemented where  the images are smoothened using non linear filter - anisotropic 
diffusion filter[17] to preserve the edges of the lesion. These methods automatically segment the ROI, and thus 
completely avoids any manual intervention. Using FCM (Fuzzy ‘C’ Means) clustering [18], the level set 
function is initialized automatically.  The distance with in which the level set evolution can take place is 
controlled by the improved distance regularization term[19] which avoids the re initialization of level set 
function. 

 
3.4. Feature vector set: 

A machine (computer) cannot compare two images as human does. It needs dominant features, that is, key 
points from the images, based on those important details only, comparison is done and hence the images are 
classified. To extract the finer texture features, Local Binary Patterns (LBP)[20] are used along with their 
extensions. LBP are invariant to gray level transformations. Contrast LBP features are resistant to rotations of 
the image. Local Ternary Patterns (LTP) is redundant to noise. Local Tetra Patterns (LTrP)[7] give the 
directional and magnitude details.  From each pattern histogram, the six features like mean, variance, skewness, 
kurtosis, energy and entropy are calculated. On combining all the features, texture feature vector set is formed. 
For scaling in variant color information, HSV color histogram matrix is used and forms the color feature set. 
The texture and color features are joined and forms the complete feature vector set which is represented by 
equation (1). The feature vector in equation (1) is used for the detection of melanoma by classifying the 
dermoscopic images.  
 
Feature vector (All) = LBP + Contrast LBP + LTP + LTrP + HSV histogram matrix                               (1) 

 
3.5. Classification: 

Detecting melanoma dermoscopic images from other dermoscopic images is done by classifying the images 
using classifier. Different classifier like adaboostM1, random forest, SMO (SVM) and naïve bayes are chosen 
from different classifier families like meta, trees, functions, bayes respectively. The multi- layer percptron 
(neural network) and fuzzy ‘k’ nearest neighbor (fuzzy family) are also chosen. The classifier is subjected to 
training using feature vector set which represents the image in the form of key features. Stratified 10- fold cross 
validation is used for calculating the performance estimates. Stratification ensures that each class is represented 
with same proportions roughly as in entire data set. Concerning melanoma classification, True Positive (TP) is 
number of correctly classified dermoscopic images of melanoma. True negative (TN) is number of correctly 
classified non melanoma images. False Positive (FP) is the number  of incorrectly classified non melanoma 
images as melanoma. False Negative (FN) is the number of incorrectly classified images of melanoma as non 
melanoma. Normal performance measure for the classifier is the accuracy or error rate but no single measure 
can decide the efficiency. Consideration of multiple measures is always recommended. True Positive 
Rate(TPR), otherwise known as recall or sensitivity, is the probability of correctly classifying(labelling) the 
members of the target class. False Positive Rate (FPR) is otherwise called as false alarm.  

To evaluate the performance of a classifier for a given feature vector set, confusion matrix, accuracy, recall, 
F- measure, precision, area under the ROC curve and error value are being considered and relative comparison 
is done. Accuracy represents the percentage of correct classification and precision is the percentage of positive 
predicts that are correct and recall is the percentage of positive instances that were predicted as it is(predicted as 
positive), F- measure is the combination measure of precision and recall which gives the harmonic mean of 
them. Mean absolute error is the average of absolute errors where error is the difference between predicted and 
true values. In recent years, ROC(Receiver Operating Characteristic)curves  have been  widely  used  in   
classifier’s performance analysis. ROC(Receiver Operating Characteristic) curve is the graphical plot drawn 
between False Positive Rate ( x- axis) and True Positive Rate (y- axis) This curve illustrates the performance of 
the classifier by means of area under the curve(AUG). Greater the value (ideal is 1.0), better the performance.  
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The ‘Random Forest’ classifier is based on the ensemble approach as the nearest neighbour predictor. Multi
layer perceptron used to describe any feed forward network with no recurrent connections. This 
typically used in supervised learning
neighbor algorithm. K nearest neighbors is a simple algorithm that stores all available cases and classifies new 
cases based on distance function. 

 The concept of fuzzy is introduced
algorithm is the boosting technique from 
accuracy of weak classifiers. SVM (
optimization algorithm. SMO is the iterative algorithm which breaks the optimization problem in to smaller 
problems which get solved analytically.
the following equation.  
 
P(Y/X1,….,Xn) =  P(X1,….,Xn/Y)P(Y) / P(X1,….,Xn)                                                               

 
Where P(X1,….,Xn/Y) is the likelihood, P(Y) is the prior and P(X1,….,Xn) is the normalization constant.                      

  
IV. Experimentation results: 

The results obtained for preprocessing, segmentation, feature extraction and classification for distinguishing 
melanoma and non melanoma dermoscopic

 
4.1. Preprocessing and segmentation results
 
Dermoscopic   
image 

Hair removed 
image 

  

Fig. 5: Preprocessing and segmentation results
 
4.2. Feature extraction results: 

In the following figure (fig.7),  (a) shows the segmented dermoscopy image (ROI) and  (b)  is the gray 
image where (c) is the (LBP) local binary pattern of the gray image (b) and  (d) is the rotation invaiant contrast 
information. Likewise LTP, LTrP 
tabulated for all the 200 dermoscopic images in the database.

 

 
Fig. 6: Reults of local binary pattern

 
In Fig.7, (a) shows the segmented dermoscopy image (ROI) and (b) is the gray image where (c) i

LBP(6) of the gray image (b) and
LTrP(24) statistical features and color histogram matrix
 
4.3. Classifier results: 

For each feature vector set from different descriptors like LBP, LTP, LTrP, HSV colour 
concatenated feature vector set (all)
Table 1 for adaboostM1,  table 2 for naïve bayes, table 
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‘Random Forest’ classifier is based on the ensemble approach as the nearest neighbour predictor. Multi
layer perceptron used to describe any feed forward network with no recurrent connections. This 

learning problems. Fuzzy k-nearest neighbor is the extension of classic nearest 
neighbor algorithm. K nearest neighbors is a simple algorithm that stores all available cases and classifies new 

The concept of fuzzy is introduced into KNN to develop the fuzzy version algorithm.
the boosting technique from Meta family where boosting is the general 

SVM (SMO) is the support vector machine classifier using sequent
optimization algorithm. SMO is the iterative algorithm which breaks the optimization problem in to smaller 
problems which get solved analytically. Naïve bayes, from bayes family, works on the bayes theorem given by 

P(Y/X1,….,Xn) =  P(X1,….,Xn/Y)P(Y) / P(X1,….,Xn)                                                               

Where P(X1,….,Xn/Y) is the likelihood, P(Y) is the prior and P(X1,….,Xn) is the normalization constant.                      

The results obtained for preprocessing, segmentation, feature extraction and classification for distinguishing 
melanoma dermoscopic images are discussed and shown here. 

segmentation results: 

Hair removed Gray          
image 

Contrast 
enhanced 
image 

Ground truth 
image 

   

Preprocessing and segmentation results 

figure (fig.7),  (a) shows the segmented dermoscopy image (ROI) and  (b)  is the gray 
image where (c) is the (LBP) local binary pattern of the gray image (b) and  (d) is the rotation invaiant contrast 

 statistical features and color histogram matrix values are calculated and 
tabulated for all the 200 dermoscopic images in the database.   

Reults of local binary pattern 

In Fig.7, (a) shows the segmented dermoscopy image (ROI) and (b) is the gray image where (c) i
of the gray image (b) and (d) is the rotation invaiant contrast information(6)

and color histogram matrix(32) values are calculated and tabulated.

from different descriptors like LBP, LTP, LTrP, HSV colour 
all), each classifier is trained and the estimates are tabulated
for naïve bayes, table 3 for SVM(SMO), table 4 for random forest , t
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‘Random Forest’ classifier is based on the ensemble approach as the nearest neighbour predictor. Multi-
layer perceptron used to describe any feed forward network with no recurrent connections. This networks are 

nearest neighbor is the extension of classic nearest 
neighbor algorithm. K nearest neighbors is a simple algorithm that stores all available cases and classifies new 

to develop the fuzzy version algorithm. AbaboostM1 
 method for improving 

SMO) is the support vector machine classifier using sequential minimal 
optimization algorithm. SMO is the iterative algorithm which breaks the optimization problem in to smaller 

Naïve bayes, from bayes family, works on the bayes theorem given by 

P(Y/X1,….,Xn) =  P(X1,….,Xn/Y)P(Y) / P(X1,….,Xn)                                                                           (2) 

Where P(X1,….,Xn/Y) is the likelihood, P(Y) is the prior and P(X1,….,Xn) is the normalization constant.                                       

The results obtained for preprocessing, segmentation, feature extraction and classification for distinguishing 

Ground truth Segmented 
image 

  

figure (fig.7),  (a) shows the segmented dermoscopy image (ROI) and  (b)  is the gray 
image where (c) is the (LBP) local binary pattern of the gray image (b) and  (d) is the rotation invaiant contrast 

d color histogram matrix values are calculated and 

 

In Fig.7, (a) shows the segmented dermoscopy image (ROI) and (b) is the gray image where (c) is the 
(6). Likewise LTP(18), 

(32) values are calculated and tabulated. 

from different descriptors like LBP, LTP, LTrP, HSV colour histogram and for 
are tabulated and compared. 

for random forest , table 5 for 
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multi layer perceptron and table 6 for fuzzy KNN give the results of classification performance results in terms 
of confusion matrix, accuracy, precision, recall, F- measure and mean absolute error (MAE) and ROC. 
Table 1: AdaboostM1 

Feature 
vector 

Confusion 
Matrix 

Accuracy Precision Recall ROC F-Measure MAE 

 
LBP 

24 16  
86.5 

 
0.6.86 

 
0.6 

 
0.864 

 
0.64 

 
0.1839 11 149 

 
LTP 

23 17  
86.5 

 
0.697 

 
0.575 

 
0.85 

 
0.63 

 
0.1822 10 150 

 
LTrP 

9 31  
84 

 
0.9 

 
0.225 

 
0.693 

 
0.36 

 
0.265 1 159 

 
HSV 

23 17  
88 

 
0.767 

 
0.575 

 
0.897 

 
0.657 

 
0.1454 7 153 

  
All 

25 15  
87 

 
0.694 

 
0.625 

 
0.919 

 
0.698 

 
0.135 11 149 

        
Table 2: Naïve bayes( Bayes  family) 

Feature 
vector 

Confusion 
Matrix 

Accuracy Precision Recall ROC F-Measure MA*E 

 
LBP 

33 7  
75.5 

 
0.44 

 
0.825 

 
0.858 

 
0.574 

 
0.245 42 118 

 
LTP 

34 6  
77 

 
0.459 

 
0.85 

 
0.882 

 
0.596 

 
0.2279 40 120 

 
LTrP 

23 17  
71.5 

 
0.365 

 
0.575 

 
0.744 

 
0.447 

 
0.2837 40 120 

 
HSV 

28 12  
83.5 

 
0.571 

 
0.7 

 
0.87 

 
0.629 

 
0.1723 21 139 

  
All 

34 6  
75.5 

 
0.442 

 
0.85 

 
0.851 

 
0.581 

 
0.2454 43 117 

 
Table 3: SVM(SMO)( Functions  family) 

Feature 
vector 

Confusion 
Matrix 

Accuracy Precision Recall ROC F-Measure MAE 

 
LBP 

16 24  
86 

 
0.8 

 
0.4 

 
0.688 

 
0.533 

 
0.14 4 156 

 
LTP 

18 22  
85.5 

 
0.72 

 
0.45 

 
0.703 

 
0.554 

 
0.145 7 153 

 
LTrP 

0 40  
79.5 

 
0 

 
0 

 
0.497 

 
0 

 
0.205 1 159 

 
HSV 

22 18  
88 

 
0.786 

 
0.55 

 
0.756 

 
0.647 

 
0.12 6 154 

  
All 

25 15  
90 

 
0.833 

 
0.625 

 
0.797 

 
0.714 

 
0.15 5 155 

 
Table 4: Random Forest – Tree family 

Feature 
vector 

Confusion 
Matrix 

Accuracy Precision Recall ROC F-Measure MAE 

 
LBP 

18 22  
84 

 
0.643 

 
0.45 

 
0.837 

 
0.539 

 
0.176 10 150 

 
LTP 

25 15  
85.5 

 
0.641 

 
0.625 

 
0.817 

 
0.633 

 
0.1635 14 146 

 
LTrP 

9 31  
77 

 
0.391 

 
0.225 

 
0.685 

 
0.286 

 
0.249 14 146 

 
HSV 

20 20  
87.5 

 
0.8 

 
0.5 

 
0.897 

 
0.615 

 
0.162 5 155 

  
All 

26 14  
90.5 

 
0.839 

 
0.65 

 
0.916 

 
0.732 

 
0.137 5 155 

 
Table 5: Neural Network –Multilayer Perceptron 

Feature 
vector 

Confusion 
Matrix 

Accuracy Precision Recall ROC F-Measure MAE 

 
LBP 

15 25  
85 

 
0.75 

 
0.375 

 
0.861 

 
0.5 

 
0.1885 5 155 

 
LTP 

17 23  
87 

 
0.85 

 
0.425 

 
0.848 

 
0.567 

 
0.1858 3 157 

 
LTrP 

7 33  
82.5 

 
0.778 

 
0.175 

 
0.741 

 
0.256 

 
0.231 2 158 

 
HSV 

26 14  
88.5 

 
0.743 

 
0.65 

 
0.892 

 
0.693 

 
0.1351 9 151 

  
All 

26 14  
89 

 
0.765 

 
0.65 

 
0.909 

 
0.703 

 
0.1199 8 152 
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Table 6: Fuzzy KNN – Fuzzy family 

Feature 
vector 

Confusion 
Matrix 

Accuracy

 
LBP 

25 15  
90.5 4 156 

 
LTP 

23 17  
89.5 4 156 

 
LTrP 

25 15  
92.5 0 160 

 
HSV 

24 16  
88.5 7 153 

  
All 

32 8  
96 0 160 

 

 
Fig. 7: Multiple Receiver Operating Characteristic

 
The graph (fig.8), is the snap shot of 

analysis, the ‘Fuzzy KNN’ (fuzzy 10 nearest neighbour) is chosen as the best classifier for the given feature 
vector and used for the classification of dermoscopic images in order to detect the me

 
V. Conclusion and future work: 

Dermoscopic image processing and classification for detecting the melanoma, is the 
as it is fast, accurate and automated.  
classifier. Automatic segmentation is done to avoid manual initialization and intervention which has produced 
accurate segmentation results. Feature extraction of dermoscopic images
features are extracted by Local Binary 
images are color images, color features are also extracted using HSV color histogram matrix. An attempt has 
been made to detect the melanoma from the images of the skin 
Different combinations of, classifier and extracted feature vector set are used to find the best performance. 
Based on the vigorous analysis of results, the fu
from the dermooscopic images. The combined feature vector set used in fuzzy classifier can effectively classify 
the melanoma  images from other dermoscopic  images( rather than with separate 
descriptors) with the accuracy of 96% and area under the curve ROC of  0.9.
extended for the larger data set or the data set which covers skin types(lesions) from most part of the world . So 
that it can be incorporated as an application tool which can be used universally.  As this work  can be used for 
the pre screening of melanoma, where the false negative leads to miss out the detection of cancerous growth at 
the earlier state  and false positive  m
classification  is always entertained.  Initial staging information of the disease will be an added advantage.
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Multiple Receiver Operating Characteristic (ROC) curves 

the snap shot of the ROC curves of all the six classifiers used. Based on the above 
fuzzy 10 nearest neighbour) is chosen as the best classifier for the given feature 

vector and used for the classification of dermoscopic images in order to detect the melanoma. 

Dermoscopic image processing and classification for detecting the melanoma, is the emerging methodology
as it is fast, accurate and automated.  Its success lies in using appropriate feature vector set and selecting proper 
classifier. Automatic segmentation is done to avoid manual initialization and intervention which has produced 
accurate segmentation results. Feature extraction of dermoscopic images is performed, in which the texture 
features are extracted by Local Binary Patterns (LBP) and its extensions like LTP, LTrP. As dermoscopic 
images are color images, color features are also extracted using HSV color histogram matrix. An attempt has 

e to detect the melanoma from the images of the skin lesions (dermoscopic images) automatically. 
Different combinations of, classifier and extracted feature vector set are used to find the best performance. 
Based on the vigorous analysis of results, the fuzzy classifier is chosen for the automatic detection of melanoma 
from the dermooscopic images. The combined feature vector set used in fuzzy classifier can effectively classify 
the melanoma  images from other dermoscopic  images( rather than with separate feature set from independent 
descriptors) with the accuracy of 96% and area under the curve ROC of  0.9. In future, this work can be 
extended for the larger data set or the data set which covers skin types(lesions) from most part of the world . So 

can be incorporated as an application tool which can be used universally.  As this work  can be used for 
the pre screening of melanoma, where the false negative leads to miss out the detection of cancerous growth at 
the earlier state  and false positive  may lead to unnecessary mental stress, fast and 100% successful automated 
classification  is always entertained.  Initial staging information of the disease will be an added advantage.
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