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Abstract—Deep learning techniques have recently advanced and transformed image analysis,
particularly for applications in healthcare. Due to their proficiency in extracting fine features
from visual data, these approaches can improve the accuracy of melanoma detection. Deep
learning models for skin lesion analysis usually use pooling layers, convolutional processes, and
segmentation. Even while these processes help extract features effectively, they could result in a
reduction in picture resolution when compared to the original dermoscopic images. This
research analyzes dermoscopic pictures of skin cancers and suggests a unique deep learning-
based method to overcome these obstacles. After being trained and assessed on benchmark
datasets from the ISIC 2018 Challenge, the model achieves a validation accuracy of 96.67%. Its
performance surpasses the state-of-the-art methods in classification issues. Additional tests
using clinical datasets show how deep learning approaches have a great deal of promise to
increase the precision of skin lesion analysis in general and melanoma identification in
particular.

Index Terms— Skin cancer, Initial processing, Classification of Convolutional Neural Networks,
Transfer Education.

|. INTRODUCTION

More than 75% of skin cancer deaths are from malignant melanoma, making it one of the most deadly types of
the disease [1]. The World Health Organization [2] estimates that each year, about 2-3 million non-melanoma
skin malignancies and 132,000 cases of melanoma are discovered worldwide. Since early identification greatly
increases the odds of survival, it is essential for skin cancer. A sophisticated imaging method called
dermatoscopy makes skin lesions more visible by supplying enlarged and brightened pictures, which makes it
easier to spot questionable regions [3]. Additionally, this approach facilitates the diagnosis of the lesions by
reducing surface reflection. The ABCD rule [4] and the 7-point checklist [5] are two examples of dermatoscopic
techniques that have been created for a more precise diagnosis. Among them, the pattern

Analysis has been demonstrated to yield better diagnostic outcomes than alternative techniques. [6]Even with
advances in dermatoscopy, it is still difficult to automatically detect skin cancer in photos. The segmentation of
lesion sites is made more difficult by the low contrast between normal skin and skin lesions.
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Furthermore, it might be challenging to distinguish between benign and malignant melanoma tumors due to their
visual similarities. Additionally, different patient characteristics, such skin color and hair type, influence the
color and texture of melanoma and contribute to a variety of appearances. Deep learning methods have drawn a
lot of attention lately due to their capacity for object detection and feature learning, especially in biomedical
applications such as the detection of skin cancer [7]. Deep learning models, especially those that employ
convolutional neural networks, are capable of automatically detecting a wide range of characteristics across
several network layers. This feature enables deep learning models to overcome obstacles commonly faced by
conventional pattern analysis techniques and manage significant changes in skin lesion datasets.

Il. RELATED WORKS

Melanoma detection has greatly improved with the use of computer vision and image processing techniques.
Medical image processing has been revolutionized by the advent of automated learning systems, especially deep
learning, which have achieved impressive accuracy and sparked debates over the future role of radiologists [8].
Convolutional neural networks, or CNNs, have become a dependable technique for classifying skin lesions.
Esteva et al. [7] showed how well deep learning works for categorizing photos of skin lesions. A neural network
that was previously trained on 1.28 million images from the ImageNet dataset was constructed using 129,450
images of skin lesions. With a 72.1% accuracy rate, their model performed on par with or better than 23 licensed
dermatologists. Nylund [9] used an ImageNet pre-trained network and obtained an 89.3% classification
accuracy. For retraining, the team used more than 20,000 photos from different datasets.

Using Google's inspection model, Mirunaliniy et al. [10] developed an automatic classification method using
visual representations obtained from dermoscopic imagery. The system's total AUC score on the ISBI challenge
validation dataset was 65.8%. Kawahara et al. [11] recommended employing a CNN that has previously been
trained as a feature extractor rather than building a model from scratch. This technique used filters from a pre-
trained CNN to categorize 10 classes of non-dermoscopic skin pictures with an accuracy of 81.8%.

For the categorization of melanoma vs benign nevi, Haenssle et al. [12] optimized the weights of a GoogLeNet
Inception v3 model for transfer learning. Their strategy produced an AUC-ROC of 0.86.

Using Google's Inception v3 architecture, Ridell and Spett [13] trained a CNN to distinguish between benign
nevi and melanoma. The study tested image sets with sizes ranging from 200 to 1,600 images and examined the
impact of training dataset size. Accuracy ranged from 70.8% to 77.5%.

Codella et al. [14] extracted picture descriptors from the ILSVRC 2012 database using CNNs and a pre-trained
model. They examined advanced network architectures including the Dense Residual Network (DRN). The
accuracy rate of this method was 76%.

I1l. THEORETICAL BACKGROUND

The "deep learning™ branch of machine learning is concerned with algorithms that are intended to extract
significant characteristics from sensory input, including text, audio, and pictures [15]. There are several hidden
layers and several levels in its structures. Teaching machines to adjust settings across layers based on the outputs
of those levels is the aim. A set of neurons typically processes an input signal before it is transferred through
layers to generate output signals. While training such models can be computationally intensive, complex pattern
recognition problems are usually resolved by incorporating many hidden layers [16]. The required number of
hidden layers depends on the issue's complexity.

Supervised learning and unsupervised learning are the two primary learning strategies used in deep learning. In
supervised learning, the system learns to anticipate outcomes by using labeled examples of training data. In
contrast, unsupervised learning finds underlying structures or patterns in unlabeled data.
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Fig. 1. A CNN architectural example [17]
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For processing visual input, Convolutional Neural Networks (CNNs) are one of the most useful deep learning
methods. CNNs differ from typical neural networks in that they organize neurons in three dimensions: width,
height, and depth Each neuron is connected to a specific area of the layer that comes before it, as opposed to all
neurons, as in fully connected networks. Convolutional, pooling, non-linear activation, and fully connected
layers are frequently used as sequential layers in CNN designs. Figure 1 [17] illustrates how these elements
cooperate to derive hierarchical patterns from incoming data.

IV. PROPOSED SYSTEM

The method used to create the CNN model to categorize skin lesions as benign or melanoma is presented in this
section. One can view the suggested System Architecture in A.Pre-Processing
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Fig 2. CNN Architecture

Skin lesion photos at different resolutions make up the first training set. Since the resolution of several of these
images exceeds 900 x 750, they demand costly calculation. The lesion images in the deep learning network must
thus be shrunk. Because scaling the direct image would cause the structure of the skin lesion to be distorted, the
region's size was first reduced to a lower resolution and the central portion of the lesion image was eliminated.
Each of the collection's photos has been shrunk to 227 x 227 pixels.

A. CNN Architecture

The deep learning system CNN is used in this study to automatically identify malignant melanoma.
Convolutional filters are useful for CNN networks. They will look at the input image various structures. As a
result, the image itself serves as the input when utilizing CNN, and the network automatically pulls the pertinent
elements from the image. 227 x 227 x 3 RGB pictures make up the input to the suggested CNN network. These
figures represent the channel's breadth, length, and size. The channel size is three because the data set is made up
of color pictures. There are several layers in our CNN model.

V. RESULTS AND DISCUSSION

» Datasets and Evaluation700 tagged digital photos of skin lesions—350 of which were benign and 350 of
which were malignant—obtained from the ISIC 2018 Challenge were used to train the suggested network
[19]. The dataset, which was in JPEG format, was used to assess how well the suggested system performed.
The main performance indicator utilized to evaluate the network's efficacy was classification accuracy.

» Network Optimization Using Quantitative Test Results MATLAB® 2017b was used to train and test the
optimized network on a computer with a Core i5 2.27GHz CPU and 8GB of RAM. The network performed
best when the values in Table I were used.

TABLE I: QUANTITATIVE TESTING RESULTS FOR THE OPTIMIZED

Parameter Value

Total Samples 700
Develop to Test Ratio 70% to 30%
Total Epochs 40

Rate of Learning 0.001
Accuracy of Validation 96.67%

Fig. 4, which depicts the following measures, shows the training progress:

Training Accuracy: Mini-batch classification accuracy.The training accuracy that has been smoothed using a
smoothing technique is called the "smoothed training accuracy."Validation Accuracy: The validation set's overall
categorization accuracy.
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Fig. 4: CNN Training Development: 96.67% validation accuracy is attained

C. Quantitative Test Results

Ratio of Train. To TestThe CNN's performance is greatly influenced by the train-test ratio. The impact of
different train-test ratios on accuracy is seen in Table Il. A 70%-30% split produced the greatest accuracy of
96.19%, guaranteeing that the training dataset adequately represented the variety of patterns.

TABLE Il: PERFORMANCE AT DIFFERENT TRAIN-TEST RATIOS

Ratio of Train to Test Accuracy
Total Sample Count 700

Train to Test Ratio 70% to 30%
Total Epochs 40

Rate of Learning 0.001
Accuracy of Validation 96.67%

TABLE I11: FINDINGS ACROSS DIFFERENT EPOCHS

Epochs Accuracy Time Spent Training
1 70.95% 5 min 56 sec

10 95.25% 20 min 10 sec

20 95.75% 31 min 19 sec

40 96.19% 73 min 28 sec

50 96.19% 92 min 3 sec

60 95.25% 179 min 4 sec

The quantity of eras. The accuracy and training time of the network are strongly influenced by the number of
epochs. The outcomes from different eras are compared in Table 11l. At 40 epochs, the accuracy was 96.19%,
achieving a balance between training time and accuracy.

Rate of Learning- During training, the step size of weight updates is controlled by the learning rate. The impact
of changing the learning rate is displayed in Table IV, where the greatest accuracy of 96.67% was attained at a
learning rate of 0.001.

TABLE IV: FINDINGS FROM THE LEARNING RATES TEST

Rate of Learning Accuracy Spending Time Training
0.1 89.05% 61 min 23 sec
0.01 96.19% 73 min 28 sec
0.001 96.67% 95 min 15 sec

TABLE V: COMPARING QUANTITATIVELY

Method Accuracy
Saleem, M. [14] 66.7%
Kawahara et al. [11] 81.8%
Nylund [9] 89.3%
Menegola et al. [17] 79.2%
Burdick et al. [13] 69.3%
Proposed System 96.67%

D. Evaluation Against Alternative Deep Learning Methods

A number of other cutting-edge systems were surpassed by the suggested network. According to the comparison,
which is summarized in Table V, our system had the greatest accuracy of 96.67%. In contrast to models trained
on far bigger datasets, such Nylund's technique, which achieved 89.3%, this shows the robustness and
effectiveness of the suggested strategy.
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V1. CONCLUSION

Finding the sites of lesions is necessary for accurate skin cancer detection, which is crucial for early diagnosis
and successful treatment. This work presented a deep learning-based technique for using clinical photos to
distinguish between benign skin lesions and cancer. In the suggested strategy, benign and malignant instances
were successfully identified using convolutional neural networks (CNNs). The model was trained and assessed
using the ISIC 2018 dataset, guaranteeing its robustness and dependability. With an accuracy of 96.67%, tests
showed that the model outperformed both traditional and alternative deep learning techniques. The results of this
work show how deep learning approaches might transform skin cancer detection, greatly enhancing medical
imaging and diagnostic systems in the process.
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