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Abstract 

The uncontrolled growth of abnormal epidermal cells leads to a cancer, which like any other 

malignancy proves to be baneful if not treated at an early stage. Prior prognosis of whichever type of skin 

cancer urges the possibility of betterment. But the present-day technique used to recognize cancer is a 

tedious process. The machine assisted approach for detection of cancer is at the same time more efficient. 

Deep learning is an artificial intelligence operation that emulates the working of human brain in 

organizing data and designing patterns for decision making. Most modern deep learning models are 

based on artificial neural networks categorically convolutional neural networks. In this paper we 

developed a unique deep learning architecture which focuses in the timely evaluation of skin cancer. The 

model could classify the melanoma into a benign or malignant class with 70%accuracy. 

1. Introduction 

Skin cancer is one of the most prevalent types of cancer worldwide, accounting for approximately 

one third of all the diagnoses. The overwhelming increase in its incidence rate, particularly of melanoma 

that has grown over 300% from 1990 to 2018 just in the US [Siegel2018], has raised the attention of 

researchers. In particular, there is a focus on the development of methods for the mechanized diagnosis 

of dermoscopy images. There are many types of skin cancer like Basal Cell Carcinoma, Squamous Cell 

and Melanoma, among which melanoma is one of the deadliest types of skin cancer. It affects the 

melanocyte cells which in turn prevents the synthesis of the melanin and accounts 75% of skin cancer 

related deaths in the world [Abuzaghleh2015].  Hence, detecting melanoma in the early stages becomes 

very important in combating cancer related deaths. 

According to Skin Cancer Foundation Statistics, 2 and 3 million non-melanoma skin cancers and 

132,000 melanoma skin cancers occur globally each year, one in every three cancers diagnosed is a skin 

cancer. Over one million people are diagnosed with skin cancer every year and more than 2 people die of 

skin cancer every hour. It is estimated that a 10 per cent decrease in ozone levels will result in an 

additional 300,000 non-melanoma and 4,500 melanoma skin cancer cases [Panda2010]. Figure 1 presents 

a melanoma mortality statistic. 

. 

 

Fig. 1:  Melanoma skin cancer mortality statistics 
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 Dermatology is one of the most unpredictable and difficult terrains to diagnose due its 

complexity. In the field of dermatology, many a times extensive tests are to be carried out so as to decide 

upon the skin condition the patient is facing. Accurate diagnosis and timely result of the skin lesions 

depend upon the experience of the physician as well as the tools they are equipped with. Thus, there is a 

need of a system which can diagnose the skin diseases without any of these constraints 

 Traditionally dermatologists adopted different diagnostic guides such as ABCDE rule 

[Nachbar1994] (asymmetry [A], irregularity of borders [B], unevenness of distribution of color [C], 

,diameter [D] and evolving[E] )  and CASH rule (color[C], architecture[A], symmetry[S], and 

homogeneity[H]) to identify most of the lesions. Now in practice, assessment of suspicious skin lesions 

typically begins with a physical examination and visual inspection of the skin with the naked eye and 

also use of dermoscope which is a magnifying lens equipped with a polarized or nonpolarized light 

source that is held near the suspicious lesion 

Further for cases wherein experts are prudent, lesion is removed to be sent to a pathologist to render a 

microscopic diagnosis and results are often available in 4 to 10 days. However, it is quite challenging to 

diagnose extra subcategories based on visual features. The existing methodologies have their own time 

constraints and human errors are unreliable paving the way to computer aided diagnosis using 

technologies like machine learning and deep learning which highly reduces the chances of error. 

Computer aided diagnosis systems of dermoscopic images have been developed since 1987. In our 

project work we propose to develop an automated deep learning framework i.e. deep CNN that 

efficiently performs a reliable lesion classification as either lesion type or as malignant. Deep learning is 

a technique that attempt to teach a computer to gain knowledge through example. Deep learning model 

automatically categories directly the set of input which may be images audio text or so on. It can give an 

excellent up to date categorization or classification that sometimes beat human assessment. Deep 

learning has several layers on its neural network architecture and trained with large dataset. 

For image classification, the Convolutional Neural Networks (CNNs) are considered the most 

prevalent architecture in several applications, especially in the medical image classification processes. 

The CNN has a significant conceptual framework, including weights sharing, local perception of the 

area, and time domain/ down-sampling space, which guarantee a relative unchanged displacement, 

distortion and scaling characteristics. The idea of this strategy is to improve the model’s performance by 

repeated training of the model on wrongly classified samples, which is consistent to the human’s 

recognition procession. 

Recently, Deep Convolutional Neural Networks (DCNN) has achieved tremendous success in many 

machine learning applications and has shown an outstanding performance in various computer-assisted 

diagnosis applications. In terms of accuracy, DCNN outperformed highly qualified dermatologists 

[Esteva2017]. DCNNs classify the lesions based on high-level features rather than the conventional 

method incorporating the low-level dermoscopic visual information that requires a segmentation step 

beforehand to extract those features. 

2. Literature Survey 

There have been related works done in the past to detect skin diseases using machine learning and 

deep learning. Catarina Barata and Jorge S. Marques [Barata2019] conducted a study on using deep 

learning for diagnosis of skin cancer by employing hierarchical architectures. They discovered that skin 

lesions are organized in a hierarchical way, which is taken into account by dermatologists when 

diagnosing them. However, automatic systems do not make use of this information, performing the 

diagnosis in a one-vs.-all approach, where all types of lesions are considered. In the survey they proposed 

to mimic the medical strategy and train a deep-learning architecture to perform a hierarchical diagnosis. 

Their results highlight the benefits of addressing the classification of dermoscopy images in a structured 

way. Additionally, they provide an extensive evaluation of criteria that must be taken into account in the 

development of diagnostic systems based on deep learning. 

Yoonsik Kim, Insung Hwang and Nam Ik Cho [Kim2017] presented two convolutional neural 

networks (CNN) and their training strategies for skin detection. The first CNN, consisting of 20 

convolution layers with 3×3 filters, is a kind of VGG network. The second is composed of 20 networking 

network (NiN) layers which can be considered a modification of inception structure. When training these 

networks for human skin detection, we consider patch-based and whole image-based training. The first 

method focuses on local features such as skin color and texture, and the second on the human-related 

shape features as well as color and texture. Experiments show that the proposed CNNs yield better 

performance than the conventional methods and also than the existing deep-learning based method. Also, 

it is found that the NiN structure generally shows higher accuracy than the VGG based structure. The 
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experiments also show that the whole image-based training that learns the shape features yields better 

accuracy than the patch-based learning that focuses on local color and texture only. 

Le Thu Thao and Nguyen Hong Quang [Thao2017] conducted a study on automatic skin lesion 

analysis towards melanoma detection. Deep learning methods for image analysis have shown impressive 

performance in recent years. The survey presented deep learning based approaches to solve two problems 

in skin lesion analysis using a dermoscopic image containing skin tumor. The proposed models are 

trained and evaluated on standard benchmark datasets from the International Skin Imaging Collaboration 

(ISIC) 2017 Challenge, which consists of 2000 training samples and 600 testing samples. The result 

shows that the proposed methods achieve promising performance. 

Jainesh Rathod et.al [Rathod2018] conducted a study on skin diseases diagnosis using Convolutional 

Neural Networks. This survey suggests that dermatology is one of the most unpredictable and difficult 

terrains to diagnose due its complexity. In the field of dermatology, many a times extensive tests are to 

be carried out so as to decide upon the skin condition the patient may be facing. The time may vary from 

practitioner to practitioner. This is also based on the experience of that person too. So, there is a need of a 

system which can diagnose the skin diseases without any of these constraints. They proposed an 

automated image-based system for recognition of skin diseases using machine learning classification. 

This system will utilize computational technique to analyze, process, and relegate the image data 

predicated on various features of the images. Skin images are filtered to remove unwanted noise and also 

process it for enhancement of the image. Feature extraction using complex techniques such as 

Convolutional Neural Network (CNN), classify the image based on the algorithm of SoftMax classifier 

and obtain the diagnosis report as an output. This system will give more accuracy and will generate 

results faster than the traditional method, making this application an efficient and dependable system for 

dermatological disease detection. Furthermore, this can also be used as a reliable real time teaching tool 

for medical students in the dermatology stream. 

The contributions include: 

 

 The intended system is a less complicated deep learning framework where in the accuracy can 

be further increased keeping pace with its simplicity in architecture. 

 The system on one side is a trusted assistant for the skin experts especially in the remote areas, 

where there is a restriction of time and tools to be equipped with. 

 At the same time, the very next level of the system is to develop a friendly web platform for 

users such that they can take care of their skin at their fingertips. 

 

3. Proposed Model 

 

Here for skin lesion\cancer classification, dermoscopic images were employed to Deep CNN 

architecture to extract deep features for classification of melanoma into cancer\malignant type and 

benign/non- cancerous type. 

The perception of skin disease is accomplished through two phases. Phase I involves collection and 

preprocessing of dataset and the training phase and the testing phase of the developed Deep CNN model. 

Phase II includes real time implementation and visualization of result in GUI. Since one of the factors 

that determines the accuracy of prediction is the database, we combined at least six different databases 

(available online) which is collected by different physicians/researchers/medical 

students/pathologists/competitions. Also, for each image in the database, the manual segmentation and 

the clinical diagnosis of the skin lesion as well as the identification of other important dermoscopic 

criteria is available. These dermoscopic criteria include the assessment of the lesion asymmetry, and also 

the identification of colors and several differential structures, such as pigment network, dots, globules, 

streaks, regression areas and blue-whitish veil. The datasets consist of images collected from 

International Skin Imaging Collaboration (ISIC) 2018 Challenge, HAM10000, Benign vs. Malignant and 

PH2. The dataset was divided into training and testing set in the ratio 8:2. Each image in the dataset 

undergoes a preprocessing part, which involves rescaling of image and labeling of image. Label ’0’ is 

assigned for benign class and ‘1’ is assigned for malignant class. 

 

Phase I: Training and testing of model 

 

1. Training of model: The preprocessed images from the training set were supplied into the proposed 

deep convolutional neural network. Features were extracted from the image through a series of 

convolution, pooling, and ReLU layers. The proposed neural network has 5 hidden layers. As the 

input image proceeds through these layers, the features are extracted one by one and pass onto the 

next layer. The image is convoluted, max pooled, and then it is again convoluted, and then average 
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pooling is done. There are 2 dense layers at the end. Global average pooling layer is used to reduce 

overfitting by minimizing the number of parameters in the model. The dense layers are the fully 

connected layer that classifies the images into the benign and malignant category. 

2. Neural network Architecture: An artificial neural network is an interconnected group of nodes 

inspired by a simplification of neurons in brain. Thousands of such neurons when combined form 

the bases of a neural network wherein the connectivity between neurons tend to capture the 

invariance of patterns to distortion or shift in the input data. Three main types of layers in Deep 

CNN model are: Convolutional Layers, Pooling Layers, and Dense Layer. 

 

Convolutional Layers: A convolutional layer is produced by a higher-level abstraction of the input 

data which is, in turn, called a feature map. Units in a convolutional layer are arranged in a feature 

map, within which each unit is further connected to local regions in the feature maps of the 

previous layer and represent a convolution of the input. Each neuron represents a receptive field, 

which receives as input a rectangular section (a filter) of the previous layer and produces an output 

according to the stimuli received from this filter. Each of these convolutional neuron processes data 

only for its receptive field. 

Pooling layer: Pooling layers merge similar features., it sub-samples the input layer, which is done 

to progressively reduce the spatial size of the representation and also the number of parameters and 

computation in the network. In the image processing domain, pooling reduces resolution of the 

image, which decreases complexity. Max-pooling is one of the most common types of pooling 

methods. It partitions the image first into sub-region rectangles and then returns the maximum value 

of that particular sub-region. 

Dense Layer: The dense layer is a linear operation in which the input is connected to every output 

by weight. It is responsible for classifying the features extracted by the convolution layer and down 

sampled by the pooling layer. It takes the number of neurons and activation function as arguments 

[Prasad2019]. 

 

3. Testing the model: The testing phase of the model includes inserting the test data, preprocessing it 

and fed it to the trained CNN model. The test image goes through every layer, searching for the 

existence of possible features of disease affection. If found, with the earned knowledge from the 

training phase, the system gives an output asserting malignant. If not, then the system gives an 

output asserting benign 

 

The development of the neural network model was done using various software. Anaconda (open source) 

which comes with python is used with Tensor Flow and Keras for building the neural network, training, 

and testing. Figure 2 presents an overview of the proposed model for skin cancer detection. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Training and testing phase of proposed model 
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Phase II: Real Time Implementation with GUI: 

 

The introduction of an interface confers the model to everyone ina much captivating way. It 

comprised of a progressed aiding website that enabled the live uploading of the image by the 

person/patient himself. The image that needs to be uploaded could be taken from any source of imaging 

device focusing on the patch/lesion over the skin, given that the format of the image must be in .jpeg 

format. The uploaded image is first directed into the model where it is subjected to preprocessing and 

then proceeds into the CNN architecture. The know-how gained by the system in the course of the 

training phase, runs out the results. The obtained result then makes its way on to the GUI, where the 

result is revealed as: ‘The image uploaded shows no sign of cancer. Nothing to Panic!’, in case of the 

image is predicted as benign and ‘The image uploaded shows some signs of cancer! You are advised to 

visit an expert.’ in case of the image predicted as malignant. Figure.3 below shows phase two. 

The GUI was done using with Website Front end Bootstrap, CSS framework that makes it easier to 

create website using Python. Figure 4 shows the Home HTML page where one can upload the target 

image. 

 

 

 

 

 

 

 

 

 

 

Figure 3: Real Time Implementation with GUI 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 4: Webpage 

 

4. Results 

 

Results with test images of datasets 

 

Results with test images of datasets: The system was evaluated by feeding in the images merged from 

different datasets. At the foremost stage, the system constructively differentiates between the cancer 

which outspreads, malignant and which does not spread, benign. In both cases, the input image fed into 

the network is predicted as either benign or malignant. Figure 5 shows the predicted results for two 

samples taken from test dataset 
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                               Actual: Benign, Predicted: Benign                                   Actual: Malignant, Predicted: Malignant 

 

Fig 5: Results with images from test set 

 

Results with live samples 

The pre trained model was tested in real-time by uploading the image captured with a normal camera. 

The results were then displayed through the webpage. Figure 6 shows few examples 

a. Testing on a cancer patient’s skin lesion 

 

b. Testing on a normal patient’s skin 

 

Fig. 6: Display of real time results on webpage 

 

5. Conclusion 

 

The proposed deep CNN model could classify the melanoma types into benign class or malignant 

class. In this work, a less complicated model is used and the accuracy obtained was around 70%. The 

future extension to this work includes improving the prediction accuracy by parameter tuning, 

remodeling the network to multiclass case, which could detect different categories of skin lesions. The 

system which is put forward is to a great extent an effective tool that helps in the timely as well as lively 

evaluation of the disease. The system further has an integrated user-friendly and user accountable form 

of GUI. 
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