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Abstract: A good image analysis model can be very helpful in 

accurate diagnosis/classification of diseases for which images are 
available. Due to a plethora of public image databases, training 
and testing of algorithms on the dataset have helped in the 
development of an efficient framework for image classification. 
Skin cancer is one such disease for which recently image 
databases have been developed. Of the various methods of 
classification of skin cancer based on image analysis, 
convolutional neural network (CNN) has proven to be better 
performing than conventional machine learning approach. 
Realizing the importance of developing an efficient framework for 
skin cancer classification, this paper proposes a framework which 
utilizes VGG-16 CNN model to classify cancer images into 
categories namely, malignant or benign. We have trained the 
model using the skin cancer images freely accessible on the ISIC 
archive and attained an accuracy of 97.81%. 

Keywords: VGG-16 Model, Convolutional Neural Network, 
Deep Learning, ReLu, skin cancer, image processing.  

I. INTRODUCTION 

Being one of the most common type of cancer, skin cancer 
contributes to almost 40% of reported cancer cases 
worldwide. In malignant skin cancer, the cancer cells divide 
very rapidly and interfere with the normal functions of the 
cells of the body whereas in benign skin cancer the normal 
functioning of the cells of the body is not meddled with [1]. 

Benign tumors are normal cells that can divide at an 
alarming rate and grow quite large but they do not intervene 
with the functioning of the neighboring normal cells. They do 
not have the ability to migrate from where they originated. No 
matter how large they grow, they are usually not cancerous. 
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Although malignant skin cancer is the most dangerous 
among the type of skin cancers, almost all types of skin 
cancers are curable if detected at a early stage, enough for 
possible treatment. That’s why it is very important to detect 

them as well as classify them based on category, as malignant  
cancers are very dangerous and need immediate attention. 
Malignant skin cancer if recognized early, can be easily 
treated and cured, otherwise it can become fatal and cancer 
can advance and spread adjoining cells, where it becomes 
hard to treat, In US annually around 9,320 people are killed 
by Skin Cancer. Out of which, 5,990 will be men and 3,330 
will be women. This makes it important to discriminate 
between the benign and skin cancer. Deep learning is a class 
of machine learning methodologies used to solve demanding 
problems that arise in computer vision (CV) such as 
self-driving cars, digit recognition, image reconstruction etc., 
image processing such as pixel regeneration, colorizing black 
and white images, etc. Deep learning techniques such as 
Artificial Neural Network (ANN) and CNN give much more 
sophisticated results than the traditional machine learning 
techniques. Nowadays GPUs have high performance and 
computation power which makes the preparation of 
comprehensive datasets, less cumbersome which in turn gives 
results with better precision [2]. In the proposed paper, we 
have used a VGG-16 CNN framework which is pre-trained on 
the ImageNet Dataset and fine-tuned it to meet the 
requirements of the given classification problem [3].  

The paper is comprised of following sections: 1- 
Introduction, 2- Literature Review, 3- Methodology, 4- Result 
and Discussion, and 5- Conclusion. 

II. LITRATURE REVIEW 

Formerly, researchers have proposed various techniques 
for classification of different types of cancer. Amirreza 
Mahbod et al. [4] used pre-trained VGG-16 and AlexNet 
models for feature extraction .These features are then utilized 
for training a non-linear multi-class Support Vector Machine 
(SVM) classifier for the evaluation of the classification 
results, then they used logistic regression to map SVM scores 
to probabilities, because the classifiers were trained for a 
multi-class classification into 3 classes namely seborrheic 
keratosis, melanoma and benign nevi and they achieved 
exceptional results in doing this. Xulei Yang et al. [5] have 
used Deep Convolution Neural Network (DCNN) to perform 
lesion segmentation and binary lesion classifications on 
Melanoma type skin cancer dataset from ISIC challenge 
2017.  
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They utilized a multi-task DCNN strategy that enables 
distinctive segments to share the distinguished features 
among various attribute categories. These components 

generate features representations explicit to the attribute 
classes, and a multi-task training on the features can be used 
to deduce the attributes.  

This will allow hearty detection of the skin lesion from the 
dataset. Lei Bi et al. [6] have used a fine tuned ResNets Model 
pre-trained on ImageNet dataset for lesion segmentation 
classification of three classes on a similar dataset and 
achieved good results. They compared the proposed 
segmentation method (ResNet-Seg) with the FCN 
architecture (VGGNet model) and further evaluated the 
performance of using the additional training images and the 
proposed multi-scale integration approach. Noel C. F. 
Codella et al. [7] have paired original images with manual 
tracing of lesion boundaries to perform legion segmentation. 
Andre Esteva et al. [8] used CNN that was trained using 757 
disease classes. They made use of GoogleNet Inception v3 
model, a architecture pre-trained on around 1.28 million 
images from the 2014 ImageNet Large Scale Visual 
Recognition Challenge (ILSVRC), and implemented it on the 
dataset using transfer learning. Zongyuan Ge et al. [9] have 
used VGG-16 model comprising of 3 fully-connected and 13 
convolutional layers, (VGG-BL). They used VGG-BL 
network which utilizes bilinear pooling (BP). The BP layer is 
infused with the non-linearity function (ReLu) after the last 
convolutional layer. The last VGG-16 convolutional layer has 
512 feature kernels which leads to bilinear feature dimensions 
of 512x512, they used ResNet with the original pre-trained 
specifications taken from the ImageNet models and after the 
last ReLU layer inserted a bilinear pooling layer. Teck Yan 
Tan et al. [10] have used Generic Algorithm (GA) for 
optimizing the features and segregate most distinctive 
features for classification. This process removes inessential 
features thus improving accuracy. Later, the most distinctive 
features were used to classify between healthy and cancerous 
skin conditions by giving those features as input to SVM. 
Catarina Barata et al. [11] presented a different approach for 
melanoma identification that make use of dermoscopy 
imagery, for feature extraction based on texture of surface and 
color shades. They compared the performance on Texture and 
color basis, in which the color turned out to be more effective 
for isolation. Kiran Ramlakhan et. al. [12] developed a 
portable classifier application for epidermal lesion 
classification. They used the computer vision library of 
python named OpenCV for contour detection and image 
segmentation, later on feature extraction and classification is 
performed on the images. 

III. METHODOLOGY 

There are a number of proven techniques for image 

classification but Deep Learning techniques such as CNN 

have proven to be the most effective among the lot [13].  

For robust skin cancer image classification, the brightness of 

the images has to be adjusted to obtain better features during 

the feature extraction stage. This brightness adjustment is 

done in the preprocessing stage of the proposed framework 

(Fig 1.). Other tasks done in this stage includes grayscale 

conversion and edge detection using canny method [13].  

After the preprocessing stage, the pre-processed images are 

fed to a Fine-tuned VGG-16 Pretrained model.  

 

 

 

Fig 1: Proposed Approach 
Framework 

VGG16 is a CNN model proposed in ILSVRC 2014 by K. 

Simonyan and A. Zisserman [14]. CNN is a class of neural 
nets that comprises of convolution layer, these layers execute 
convolution operations on the input and give output to the 
next layer [15], CNN uses the technique of backward 
propagation. The first convolutional network was presented 
in 1989 [16]. CNN comprises of 4 steps: 1-Convolution, 

2-Max Pooling, 3-Flattening, 4-Full Connection. 

  

 

Fig 2: Pretrained VGG-16 Model 

The pretrained VGG-16 model (Fig 2) achieved top-5 test 

accuracy of 92.7% in ImageNet, the dataset contained 1000 

classes and around 14 million images. VGG-16 was one of the 

most renowned models proposed in ILSVRC 2014. A fixed 

RGB image of 224x224 is fed to the first convolution layer. 

The images are fed to a network of convolutional layers which 

uses very small filters of size 3x3. In one of the 

configurations, After the input channels are linearly 

transformed a ReLu unit is added with a 1x1 convolution 

filter. To preserve the spatial resolution after convolution, the 

convolution stride is fixated to 1 pixel. The small-size 

convolution filters allow VGG to have a huge number of 

weight layers; of course, more layers lead to improved 

performance. Spatial pooling is performed with the help of 5 

max-pooling layers, some of the convolution layers are 

followed by these max pooling layers and this maxing polling 

is done by using 2x2 filter with a stride of 2.  

VGG has 3 fully connected (FC) layers as demonstrated in 

(Fig. 2.),  
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The first and second FC layers both contain 4096 channels 

whereas there are only 1000 channels in the final FC layer, 

where each of the 1000 channels is representing one class in 

the classification. 

 
Fig 3: Fine Tuned Pretrained VGG-16 Model 

 

In our proposed framework, the last 4 layers of the pretrained 

VGG-16 architecture are fine-tuned, and remaining layers 

which are responsible for extracting the dominant features 

from the input images are frozen. The pre-processed images 

are fed into this proposed VGG-16 Architecture in which, of 

the 4 fine-tuned layers the first 2 FC layers are made with 

1024 number of channels each and then are further 

manipulated get the best results for the classification of our 

dataset into 2 classes.  

The 3 FC layers follow a network of convolutional layers, the 

first 2 layers have been tried and tested with different number 

of channels, the third layer contains 2 layers which is used for 

2-way classification. A soft-max layer is added at the end for 

probability distribution. 

IV. RESULTS AND DISCUSSION 

The approach proposed here uses a fine-tuned VGG-16 
network to gather the dominant features needed to classify 
skin cancer into broadly two types. The proposed approach 
was implemented on a machine constituting of a 16 GB RAM, 
a GPU of 4GB Nvidia Gtx 1050Ti, and an Intel i7 7th Gen 
octa-core processor.  

 
Fig 4: Sample Dataset 

The deep learning classification models require a hefty 
dataset to obtain good testing results. The available images 
from ISIC archive [17] gallery was used for training purposes. 
The dataset used for this framework consists of 3801 colored 
dermoscopic skin images prorated into two classes, malignant 
and benign. There are 1896 malignant skin cancer images and 
1905 benign skin cancer images in the dataset, the images at 
hand are of various dimensions (varying from 1022 × 767 to 
6748 × 4499), lightening conditions and photographic angles. 
Some sample dataset images are shown in Fig 4.  

Table I: Size of Dataset 

Class Number of Images 

Malignant 1896 

Benign 1905 
Total 3801 

Dataset shown in Table 1, is divided into 70% images in the 
training set and the rest 30% in test set for both classes.  
All the images of a fixed size of 224x224 are fed to the 
preprocessing stage. In the pre-processing state edge 
detection was performed on the images, which is one of the 
most dominant features during the feature extraction stage, 
and carried out the classification on these images but got an 
accuracy of only 90.23 % which is not a satisfactory result. 
Thus, the original images are converted to grayscale, which 
has proven from time to time to be the widely used image type 
as it reduces computational time as well as give fair results 
but, this framework gave a subpar accuracy of 93.26% when 
fed with grayscale images. After getting underwhelming 
results when the framework was trained with the above two 
pre-processed images, finally we trained the framework on 
the images after brightness adjustment done in the 
pre-processing, though these images took the longest to be 
trained on our framework but it gave the best accuracy of a 
staggering 96.07% out of the lot. 

Table II: Accuracy Assessment of different image types 

Image Type Accuracy 

Edge Detected Images 90.23 % 

Gray Scale Images 93.26 % 

Brightened Colored Images 96.07 % 

After getting the best accuracy in the Brightened coloured 
images we further continued our analysis by manipulating the 
channel count in the fine-tuned layers of our model. Firstly, 
we tried taking 2048 and 1024 as channel count in the first 2 
FC layers, which yielded an accuracy of 96.98%, further we 
tried increasing the channel count of the 2 FC layers to 2048 
and 2048, and achieved a staggering accuracy of 97.81%. 
Observing this exponential growth in accuracy on increasing 
number of channels, we increased the number of channels to 
4096 and 2048, but contrary to expectations the accuracy 
dipped to 96.2%. On further increasing the number of 
channels to 4096 and 4096, the accuracy dipped to 94.8%. 
Observing the above pattern, it can be concluded that 2048 
and 2048 number of channels yield best accuracy among the 
lot. Table 3 gives the complete accuracy assessment of 
different channel count in the fine-tuned layers of the 
Brightened colored images. 

Table III: Accuracy Assessment of different number of 
channels in the fine-tuned layers 

Number of channels in FC 
Layer 1 

Number of channels in FC 
Layer 2 

Accuracy 

1024 1024 96.07 % 
2048 1024 96.98 % 
2048 2048 97.81 % 
4096 2048 96.2 % 
4096 4096 94.8 % 

 
 



 
An Efficient Framework using Deep Learning for Skin Cancer Classification 

1950 

Retrieval Number: B7854129219/2019©BEIESP 
DOI: 10.35940/ijitee.B7854.129219 
Journal Website: www.ijitee.org 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

 

 

 
 
 
 

 
 
 
 

Graph in (Fig.5.), represents the accuracy variation with 
respect to the variation in the channel count in the first 2 FC 
layers of a pretrained VGG model. 

 
 Fig 5: Accuracy Representation of different channel 

count in the fine-tuned layers 

V. CONCLUSION 

In this paper, we have applied a fine-tuned deep learning 
framework which uses the pretrained VGG-16 model to 
classify skin cancer into benign and malignant, and have 
obtained a competent accuracy of 97.81%. After testing out 
manipulations in various parameters such as image type, 
channel count in the first 2 FC layers of the VGG-16 
framework we have concluded that our proposed framework 
model works best when the first 2 FC layers of the VGG 
network comprises of 2048 channels each and fed with 
brightened images of size 224x224. The model uses a 
compilation of nearly 4000 images of good quality with 
proper color and dimensions. These images include both the 
malignant and benign type of skin cancer. In future, there is 
scope of improvement to the proposed framework by further 
preprocessing of the images with advanced techniques as well 
as increasing the current dataset.  
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