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Abstract 
Skin cancer is one of the most common cancers in the world. 
However, the disease is curable if detected in the beginning 
stage. Early detection of malignant lesions through accurate 
techniques and innovative technologies has a significant im-
pact on reducing skin cancer mortality rates. Recently, artificial 
intelligence has come to the forefront to facilitate skin cancer 
diagnosis based on medical images. This work is concerned 
mainly with the analysis of dermoscopic images from PH2 
database, the extraction of quantitative parameters that may 
describe the pattern for Skin Cancer Diagnostic System. Tex-
tural information is the major concern of the study. To show 
how textural patterns can be well described by texture spec-
ification, co-occurrence wavelet features are extracted. Then, 
Random Forest (RF) with ensemble method-based classifier is 
used for classification. Accuracy, Precision, Sensitivity, f1-score 
are considered as a measure of the usefulness of the pro-
posed model. 
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Introduction 
Skin cancer is one of the most common forms of 

cancers in the United States and many other countries, 
with 5 million cases occurring annually [1], [2]. Der-
moscopy [3], [4], a recent technique of visual inspec-
tion that both magnifies the skin and eliminates sur-
face reflection, is one of the essential means to improve 
diagnostic performance and reduce melanoma deaths 
[5]. Classifying skin lesions, particularly the melano-
ma, in dermoscopy images is a significant compute 
raided diagnosis task. A number of automated skin 
lesion classification methods have been proposed in 
the literature. Among them, intelligence technique, 
particularly those based on machine learning (ML) 
algorithms have achieved significantly improved per-
formance. However, accurate classification of skin le-
sions remains a challenge due to three factors. First, 
the insufficiency of training samples limits the success 
of ML in this task, as there is usually a small dataset in 
most medical imaging research, and this relates to the 
work required in acquiring the image data and then 
in annotation [6]. It is difficult for ML to achieve the 
same success on skin lesion classification, which usu-
ally has only thousands of data, as they have done in 
the ImageNet Challenge [13], which has tens of mil-
lions of data. Second, the accuracy of skin lesion clas-
sification suffers from the inter-class similarity and 
intra-class variation [7]. 

Skin lesion classification is much more complicat-
ed than classifying objects or scenes in natural im-
ages. As shown in Fig. 1, there is a significant visual 
difference among each group of four skin lesions in 
the same class, but visual similarities in shape and 
color between some lesions, which are from different 
classes. Such visual confusion makes it hard even for 
a human to distinguish the fine-grained lesion ap-
pearances without the expertise. Third, the region of a 
skin lesion occupies only a small part of a dermoscopy 
image, and most parts of the image are normal skin 
tissues, which are irrelevant but may have an interfer-
ence with the lesion classification. 

Recently, artificial intelligence has also been used 
in dermoscopy. Machine learning has shown encour-
aging results in accurate diagnosing of the skin diseas-
es. These applications under-perform with the images 
taken in poor lighting conditions and generally lead 
to wrong diagnoses [20]. The problem is more severe 
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in the diseases with similar symptoms. The main lim-
itations of machine learning is the code complexity 
and the requirement of large amounts of input data for 
training. 

In this paper, The hybrid wavelet feature combine 
RF classifier is propsoed. For getting high perfor-
mance and compare all base learners and ensemble-
methods are usedThe rest of the paper is organized as 
follows: in section IIwe have summarized the literature 
review on skin diseasedetection and classification.. In 
section IV we havediscussed proposed hybrid feature 
extraction and machine learning technique which we 
haveused in our model. We analyze the esult in section 
V. Finally, in section VI we conclude the paper. 

Related work
In literature, multiple skin lesions are classified us-

ing different image processing and machine learning 
techniques. The most used machine learning tech-
niques used for skin lesion classification are SVM [11] 
[24], trees [20], artificial neural network K-nearest 
neighbour [18] [19], ensemble classifiers and convolu-
tion neural network(CNN) [15] [16] [17]. 

Yang, J et al propose a self-paced balance learning 
(SPBL) algorithm. Specifically, introduce a compre-
hensive metric termed the complexity of image cate-
gory that is a combination of both sample number and 
recognition difficulty. First, the complexity is initial-
ized using the model of the first pace, where the pace 
indicates one iteration in the self-paced learning par-
adigm. Then, assign each class a penalty weight that 
is larger for more complex categories and smaller for 
easier ones, after which the curriculum is reconstruct-
ed by rearranging the training samples. 

Zhang, J et al propose an attention residual learn-
ing convolutional neural network (ARL-CNN) model 
for skin lesion classification in dermoscopy images, 
which is composed of multiple ARL blocks, a global 
average pooling layer, and a classification layer. Each 
ARL block jointly uses the residual learning and a nov-
el attention learning mechanisms to improve its abil-
ity for discriminative representation. Instead of using 
extra learnable layers, the proposed attention learning 
mechanism aims to exploit the intrinsic self-attention 
ability of DCNNs, i. e. using the feature maps learned 
by a high layer to generate the attention map for a low 
layer

Xie, Y et al propose the mutual bootstrapping deep 
convolutional neural networks (MB-DCNN) model 

for simultaneous skin lesion segmentation and classi-
fication. This model consists of a coarse segmentation 
network (coarse-SN), a mask-guided classification 
network (mask-CN), and an enhanced segmentation 
network (enhanced-SN). On one hand, the coarse-
SN generates coarse lesion masks that provide a pri-
or bootstrapping for mask-CN to help it locate and 
classify skin lesions accurately. On the other hand, 
the lesion localization maps produced by mask-CN 
are then fed into enhanced-SN, aiming to transfer the 
localization information learned by mask-CN to en-
hanced-SN for accurate lesion segmentation. 

Liu, Q et al present a novel relation-driven semi-su-
pervised framework for medical image classification. 
It is a consistency based method which exploits the 
unlabeled data by encouraging the prediction consis-
tency of given input under perturbations, and lever-
ages a self-ensembling model to produce high-quality 
consistency targets for the unlabeled dataXie, Y et al 
propose a novel and generic framework called Seg-
mentation-Emendationre Segmentation-Verification 
(SESV) to improve the accuracy of existing DCNNs 
in medical image segmentation, instead of designing a 
more accurate segmentation model

Pham, T. -C et al proposes a hybrid method for 
handling class imbalance of skin-disease classifica-
tion. This method combines the data level method of 
balanced minibatch logic followed by real-time im-
age augmentation with the algorithm level method 
of designing new loss function. The training dataset 
includes 24, 530 dermoscopic images of seven skin 
disease categories, which is by far the largest dataset 
of skin cancer

Wu, Z et al studied different CNN algorithms for 
face skin disease classification based on the clinical 
images. First, from Xiangya–Derm, which is,, China’s 
largest clinical image dataset of skin diseases, estab-
lished a dataset that contains 2656 face images belong-
ing to six common skin diseases [seborrheic kerato-
sis (SK), actinic keratosis (AK), rosacea (ROS), lupus 
erythematosus (LE), basal cell carcinoma (BCC), and 
squamous cell carcinoma (SCC)]. 

Thurnhofer-Hemsi et al propose an ensemble of 
improved convolutional neural networks combined 
with a test-time regularly spaced shifting technique 
for skin lesion classification. The shifting technique 
builds several versions of the test input image, which 
are shifted by displacement vectors that lie on a regu-
lar lattice in the plane of possible shifts. These shift-
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ed versions of the test image are subsequently passed 
on to each of the classifiers of an ensemble. Finally, 
all the outputs from the classifiers are combined to 
yield the final result. Khan, M. Q et al propose an in-
telligent system to detect and distinguish Melanoma 
from Nevus by using state of the art image processing 
techniques. At first, Gaussian Filter is used for remov-
ing noise from the skin lesion of the acquired images 
followed by the use of improved K-mean clustering 
to segment out the lesion. A distinctive hybrid super 
feature vector is formed by the extraction of textur-
al and color features from the lesion. Support Vector 
Machine (SVM) is utilized for the classification of skin 
cancer into melanoma and nevus

Gupta, C et al r investigates the application of the 
Gaussian mixture model (GMM) based on the analy-
sis and classification of skin diseases from their visual 
images using a Mahalanobis distance measure. The 
GMM has been preferred over the convolution neural 
network (CNN) because of limited resources available 
within the mobile device. Gray-level co-occurrence 
matrix (GLCM) parameters contrast, correlation, en-
ergy, and homogeneity derived from skin images have 
been used as the input data for the GMMHameed, N et 
al proposed an intelligent diagnosis scheme for multi-
class skin lesion classification. The proposed scheme 
is implemented using a hybrid approach i. e. using 
deep convolution neural network and errorcorrecting 
output codes (ECOC) support vector machine (SVM). 
The proposed scheme is designed, implemented and 
tested to classify skin lesion image into one of five cat-
egories, i. e. healthy, acne, eczema, benign, or malig-
nant melanoma

Lin, J et al used VGGNet and CaffeNet to do clin-
ical disease classification tasks on the SD-198-P data-
set. Then, find that the accuracies of both CaffeNet 
and VGGNet are improved after using position infor-
mation. It shows that position information can really 
make deep visual features better. Ahmad, B et al pro-
posed a new framework by fine-tuning layers of Res-
Net152 and InceptionResNet-V2 models with a triplet 
loss function. In the proposed framework, first, learn-
ing the embedding from input images into Euclide-
an space by using deep CNN ResNet152 and Incep-
tionResNet-V2 model. Second, compute L-2 distance 
among corresponding images from euclidean space to 
learn discriminative features of skin disease images by 
using triplet loss function. Finally, classify the input 
images using these L-2 distances

Proposed model
Medical diagnosis of skin cancer involves two dis-

tinct examinations; invasive and non-invasive proce-
dures. Histology is the true reliable method to classify 
the lesion. It requires samples taken from the lesion 
which is obviously unsuitable for routine examination. 
The traditional non-invasive examination is carried 
out by a simple visual inspections but it is not always 
conclusive. To increase the accuracy of the non-inva-
sive procedure, computerized algorithms are devel-
oped. In this work, Skin Cancer Diagnostic System us-
ing hybrid wavelet domain features and RF classifier is 
developed and shown in Fig. 1.

Input image 

RGB to gray  RGB image

2D-DWT 3D-DWT 

Hybrid  

RF 

Classification & 
analysis  

Figure 1: Proposed work flow

Wavelet Feature Extraction 
In order to extract Two-Dimensional (2D) as well 

as Three-Dimensional (3D) wavelet features from the 
dermoscopic images, 2D-DWT and 3D-DWT are ap-
plied independently. As dermoscopic images are co-
lour images and stored in RGB format, to extract 2D 
features from the 2D-DWT, the input colour images 
are converted to gray scale at first and then COFs are 
extracted. Fig. 2 shows the 2D-DWT decomposed im-
ages. 
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The 2D-DWT and 3D-DWT decomposes the in-
put image into number of sub-bnads based on level 
of decomposition. Tables 1 and 2 show the number of 
sub-bands by 2D-DWT and 3D-DWT at various de-
compsoition levels used. 

After decompostiion, COFs are extracted by nor-
malizing the sub-bands in the range [0 255] and then 
computing the co-ocuurence matrix for the normal-
ized sub-bands. They are denoted by n. The mean and 
variance of n are denoted by and respectively. The ex-
tracted COF are as follows: m 2 s

The local variance is computed using the contrast 
features by Eqn. 1.
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The texture’s relations are computed by correlation 
features by Eqn. 2.
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The texture’s energy is computed by the energy fea-
tures by Eqn. 3.
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The texture’s uniformity is computed by the homo-
genity features by Eqn. 4.
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For each sub-band, these COFs extrated as features 
are stored for further analysis. Table 3 shows the num-
ber of features extracted using 2D-DWT and 3D-DWT. 

These COFs are fed to MLP individullay and also 
combined to analyze the performance of SCDS. 

Random Forest
Random Forest is used for both classification 

and regressionproblems. It is a supervised machine 
learning technique thatis more useful for simplici-
ty. Random Forest generates fromthe decision tree. 
In RF there are many collections of trees in a forest. 
It selected the subset of data randomly by creating 
multiple decision trees and each tree gives the pre-
diction. After that, merge all the decision trees to 
find the best solution by voting and get an accurate 
prediction. 

Ensemble Methods
Ensemble methods are a machine learning illustra-

tion that produces several models to predict a problem 
and enhance results by combining them, which origi-
nates more accurate performance than a single model. 
It can combine different models in two ways – using a 
single classifier of the sametype (homogeneous) and 
multiple classifiers of different types(heterogeneous). 
In our paper, we have used three popular ensemble 
techniques bagging, boosting, and stacking to com-
pare the performance. 

1) Bagging: Bagging ensemble techniques applied 
in classification and regression by reducing the vari-
ance to a large extend. It increases the accuracy of 
models with the help of eliminating the over fit. It is 
also known as bootstrap aggregating. In bagging, sam-
ples are divided into a randomized procedure and re-
placed with a training set. Then run all the algorithms 
on the subset. Take the average of all the output from 
different base learners which is more reliable than a 
single model. 

2) Boosting: Boosting ensemble techniques learn 
from previous errors to make better performance 
in the future and combines multiple weak learners 
to convert it into a strong learner. Boosting fits a se-
quence of weak learners and analysis the mistake of 
former models in the sequence. When we misclassify 

Fig. 2.2D-DWT decompsotion; Original image, Gray image, 1-level DWT, 2-Level DWT (from left to right) 
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data, the weight of the data is increased. But the next 
data is correctly classified by strong learners with low 
bias. 

3) Staking: Stacking is a most popular ensemble 
technique that differs from bagging and boosting, 
where bagging and boosting consider homogeneous 
base learners but stacking is heterogeneous base 
learners. It combines several base learners’ algorithms 
models with the help of the Meta classifier. To train the 
model, we used five ML classifiers NB, KNN, SVM, 
RF, and MLP on a complete training set. Then the out-
put of each base learner is used by Meta classifier that 
can be trained. The main goal is to increase the final 
accuracy than a single model by averaging together all 
multiple models. 

Result Analysis
We used python to develop our code and im-

plement the machine learning techniques. We used 
five base learners. The performances of the Skin 
Cancer Diagnostic System are discussed in this sec-
tion by the use of 200 images in the PH2 database. 
The extracted features are classified into two class-
es; normal and abnormal by proposed classifier. To 
implement the Skin Cancer Diagnostic System, the 
database images are grouped into two categories. 
The normal images are under the first category. The 
abnormal images; atypical nevi (benign) and mela-
nomas (malignant) in the database form the second 
category By using 10 fold cross validation we cal-
culated the overall accuracy of these trained mod-
el. We also calculate precision, sensitivity, f1-Score 
with help of confusion matrix. Also, three ensemble 
methods are measured for better analysis. By using 
this following formula, we can calculate Accuracy, 
Precision, 

Sensitivity, f1-Score of all classifiers: 

 TPSensitivity
TP FN

  (5) 

 TNSpecificity
TN FP

  (6) 

 TP FNAccuracy
TP FP TN FN

  (7) 

 21
2

TPF Score
TP FP FN

  (8) 

Table 
Performance analysis

Method Accuracy Precision Sensitivity F-Score
Adaboost 89 90 90 89

KNN 92 93 93 93
SVM 96 95 96 96
RF 98.5 98 98 97

As a base learner techniques, we use adaboost, 
KNN, SVM, And RF for skin disease prediction.. From 
the accuracy table I and accuracy graph of base learn-
er techniques we can determine that RF has achieved 
the highest accuracy of 98.5 %. It performs better 
than other techniques. KNN, SVM, and adaboost also 
achieved great accuracy which is impressive. Though 
adaboost doesn’t perform well for this case as shown 
in Figure 3.Itsaccuracy is not that impressive than oth-
er techniques in this case. 

84
86
88
90
92
94
96
98

100

Accuracy Precision Sensitivity F-Score

Adaboost KNN SVM RF

Figure 3: Graphical analysis

Table
Performance analysis

Ensemble technique Accuracy
Bagging 95
Boosting 96
Stacking 98

As an ensemble method, we use staking, bagging, 
and boosting methods for skin disease prediction. Here 
ensemble method is used for enhancing the perfor-
mance of skin disease prediction. we can determine 
that staking performs better than bagging and boost-
ing. Also staking ensemble method achieved better and 
highest accuracy (100%) than other ensemble methods

Conclusion 
Skin lesions are caused due to multiple factors, like 

allergies, infections, exposition to the sun, etc. These 
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skin diseases have become a challenge in medical di-
agnosis due to visual similarities, where image classi-
fication is an essential task to achieve an adequate di-
agnostic of different lesions.. In this way, our proposed 
technique has been able to classify skin cancer images 
more accurately and efficiently. The effectiveness and 
performance of the proposed approach are validated 
on PH2 image dataset. RF achieved the highest accu-
racy and also provides better performance over oth-
er algorithms. Compared to other ensemble, staking 
provides better accuracy and better performance over 
other ensemble methods
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