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Abstract

The recent depletion of the ozone layer due to industrial pollution has resulted in an increase in UV radiation, which is a
significant environmental risk factor for invasive skin cancer and other keratinocyte tumors. Over the last few decades,
cancerous deaths have increased alarmingly throughout the world. For dermatological diagnosis, deep learning has been
practised successfully. This study, therefore, presents a deep-learning-based technique for automatically segmenting skin
lesions and identifying skin cancers from dermoscopy images. The lesion is segmented from the adjoining areas of the skin
by using the U-Net which limits the use of deep neural networks. This problem is resolved through the techniques of data
augmentation and transfer learning. In our studies, we added a variety of augmentation effects to the training images to
improve the data samples, and we utilised U-Net with dropout to solve the overfitting issue. On two separate datasets, the
model was analysed. On the ISIC 2018 dataset, it had a mean Jaccard Index of 0.80 and an average dice score of 0.87.
Using a transfer learning strategy, the trained model was evaluated against the PH dataset and got a mean dice score of 0.93
and an average Jaccard index of 0.87. A DCNN-SVM model was used to classify malignant melanoma, and to evaluate
how well transfer learning is being used in the field of dermatological diagnosis, we compared cutting-edge deep
architectures as feature extractors. On the PH2 dataset, our top model had an average accuracy of 93%.

Keywords: Deep learning, Segmentation, Skin cancer, Augmentation, transfer learning, Melanoma classification,
Dermoscopy image.

1. INTRODUCTION

One of the most prevalent malignancies, skin cancer comprises about half of all cancer diagnoses globally [1].
Skin cancer affects more than five million individuals annually in the US alone. Melanocytes, a group of
pigment-containing cells, give rise to melanoma which is a malignant skin cancer. The rate of incidence and
fatality of melanoma in recent years has considerably increased. In the United States, there were about 10,000
new melanoma-related fatalities and about 87,000 new cases of melanoma recorded in 2017. A study predicts
that in the US, the lifetime risk of getting malignant melanoma will rise to more than 1. But Melanoma can be
treated if it will be diagnosed at an initial stage. Seborrheic keratosis, which is categorised as benign, is
mistakenly used to describe melanoma. So, by supporting dermatologists, automated melanoma identification
could increase diagnostic precision. [6] Pham et al. employed support vector machines, random forests, neural
networks, data augmentation, and Inception-v4 for feature extraction to categorize skin lesions [1]. The authors
of [2] introduced a deep learning system for categorizing melanoma utilizing a variety of pre-processing
techniques, like morphological procedures and harmonic inpainting for eliminating hair from skin images. A
comprehensive convolutional-deconvolutional framework is provided in [6] and uses vgg16 to classify lesions
using transfer learning. This architecture achieves a Jaccard index of 0.507 on the ISIC 2017 dataset. For
segmenting skin lesions, the authors of [7] introduced U-Net with residual connections. The article presents a
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transfer learning-based automated deep learning system for segmenting skin lesions and categorising various
forms of cancer. The lack of sufficient data to train deep models in medical imaging is a drawback. To expand
the training set, we added several extensions to the original training photos. For segmentation and classification
problems, respectively, the ISIC 2018 and PH datasets were used to evaluate our model. The essay's remaining
sections are organised as follows: In Section 2, the suggested methodology is covered. A thorough analysis of
the findings is provided in the following part and lastly, a conclusion is drawn.

2  Methodology

The main goals of the approaches used in the present paper are lesion classification and lesion segmentation.
Deep learning provides novel approaches for solving problems in different domains with very good accuracy.
To train DCNNs for lesion segmentation, nevertheless, is challenging due to the lack of datasets for annotated
dermoscopic images. U-Net with Data augmentation and dropout which is shown in Fig.1 is used for the

segmentation task [23-24].
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Figure 1: U-Net trainning with augmention Data

We offer a support vector machine (SVM)-based deep convolutional feature extractor approach for melanoma
identification. Fig. 2 presents the overall categorization model [25].
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Figure 2: Proposed architecture for Melanoma detection

2.1 Dermoscopic Image Augmentation

Augmentation should be used with extreme caution since medical pictures are very sensitive to noise since too
much augmentation can produce too many outliers, which can skew the distribution of the training data. In [1,
8], the authors improved the results by applying several data augmentation techniques to skin lesion images.
In our proposed methodology, we utilized multiple types of image augmentation techniques to training data:
random zoom, random flip, random brightness, random rotation, random contrast, Gaussian distortion, random
colour, histogram equalization, and random elastic distortion [9]. The skin lesion images were obtained from
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various sources. As a result, the data augmentation is carried out in an approach that allows us to increase the
variety of our training dataset without decreasing the accuracy of the training photos. For the test dataset, 390
of 2594 lesion pictures were initially kept. Through data augmentation, 2500 more lesion pictures were
produced. Lastly, 3815 of the 5094 lesion mages were utilized to train the model and 889 photos for validation.
Model variance is decreased by augmentation, while model generalization error is enhanced. Fig. 3 illustrates
the augmented samples [26,27].
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Figure 3: Augmented sample Images

2.2 Lesion Segmentation with U-Net

An effective fully convoluted network called U-Net has been suggested for biomedical image segmentation
[10]. In this study, we developed a fully convolutional neural network framework that was inspired by U-Net
and that can be continually trained to differentiate skin cancer lesions from Dermoscopic pictures. We
employed batch normalisation and spatial dropout on our network, which demonstrated better efficiency. The
network comprises recurring layers of two 33 convolutions with the same number of feature mappings. The
activation function is ReLU, and the downsampling method is 22-max pooling. In the second half of the
network, feature concatenation, two 33-convolutions, and a 22-up convolution are used to upsample the feature
maps. A sigmoid activation and an 11 convolution are employed in the final layer. Fig. 4 and Table 1 both
display the proposed model's elaborate network design. Gradient scaling and batch normalisation are used to
decrease the network's internal covariance shift and enhance backpropagation performance. Along with data
augmentation, spatial dropout is employed as a regularisation technique. Figure 6 illustrates the model's
improved generalisation with dropout and augmentation [28]. 3815 photos were used to train the model over
100 epochs with a learning rate of 0.001. A 32-byte stack size was utilised with the Adam optimizer. The Dice
coefficient loss approach was applied to train this network [29].
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Figure 4: Proposed architecture for lesion Image Segmentation

2.3 Feature extraction with DCNN
Deep CNNs have shown remarkable success in solving many computer vision problems across multiple
domains. The characteristics are retrieved by employing multiple convolutional and pooling layers layered
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together. The extracted features are given as input to a classifier. Mallat developed the mathematical study of
Deep CNN as a feature extractor using scattering neural networks, when signals are given to convolutional
layers that calculate semi-discrete wavelet transformations without pooling operations. This makes the network
translation invariant and can be used as a feature extractor. It has been further pointed out that feature
invariance depends on pooling operations and the depth of the network. The translational invariance property
is determined by the network depth, whereas vertical translational invariance requires pooling [13,14]. Deep
CNN feature a lot of parameters, therefore the network needs a lot of training data to be properly trained. Using
a representation language from one domain in another is called as transfer learning, and it is a deep learning
approach. On the representation map, a trained deep CNN may be used as a feature extractor with other machine
learning models to tackle a particular problem. To extract features in this study, pre-trained Deep CNN that
were trained on a large ImageNetdataset are used [15-16]. A deep CNN called DenseNet uses a lot of feature
reuse. DenseNet provides numerous benefits over conventional models, such as dampening the vanishing
gradient issue, resilient function Propagation, decreased feature sharing and parameters [17]. The Feature
Extractor with DenseNet block architecture is depicted in Figure 5 [30].
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Fig.5. DenseNet Feature extraction

3 Result Analysis

The PH dataset and ISIC 2018 were used to test the model and evaluate the efficacy of our suggested
segmentation procedure. 2500 extra training samples for the ISIC-2018 dataset were produced using the data
augmentation technique. 390 of the 2594 training images were kept to test the model. Finally, 889 images out
of 5094 were used for validating the model [18-20].

The model was then retrained on the PH data set [21]. The proposed model obtained the best outcomes on the
PH dataset because transfer learning was used. During training, the model's two variations—U-Net with and
without dropout—were assessed. In Fig. 7, U-Net with dropout and data augmentation had good generalisation
capability and outperformed the initial segmentation model. The binary masks that the model predicted are
compared in Figure 8. U-Net with augmentation and dropout prevent the model from overfitting and produced
better results, as seen in Fig. 6 because augmentation and dropout functioned as a regularisation technique [31].

Table 2. SEGMENTATION RESULTS

Dataset Dice-coefficient Jaccardindex
score
ISIC2018 0.87 0.80
PH2 0.93 0.87
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Fig.6. Predicted binary masks using U-Net and Dropout U-Net (augmentation)

Table 3. Classification results

“Feature- Total no.of Classifier Accuracy with 10-fold
extractor features cross-validation)
VGG-16 25088 SVM 0.89

RandomForest 0.86

DecisionTree 0.82

Gradient boosting 0.91

AdaBoost 0.89

VGG-19 25088 SVM 0.90
RandomForest 0.86

DecisionTree 0.76

Gradient boosting 0.86

AdaBoost 0.91

InceptionResN 38400 SVM 0.90
etve RandomForest 0.82
DecisionTree 0.82

Gradient boosting 0.88

AdaBoost 0.88
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ResNet50 2048 SVM 0.91
RandomForest 0.85

DecisionTree 0.85

Gradient boosting 0.88

AdaBoost 0.90

Xception 100352 SVM 0.89
RandomForest 0.86

DecisionTree 0.79

Gradient boosting 0.82

AdaBoost 0.86

InceptionV3 51200 SVM 0.89
RandomForest 0.81

DecisionTree 0.78

Gradient boosting 0.83

AdaBoost 0.86

DenseNet201 94080 SVM 0.93
RandomForest 0.84

DecisionTree 0.83

Gradient boosting 0.84

AdaBoost 0.91”

The segmentation performance parameters are summarized in Table 2, and a histogram analysis of the model's
effectiveness is shown in Figure 8. We initially compared the most advanced deep CNN as feature extractors
for classification, which may be employed with little additional training due to the little amount of training
data. After extracting the features, we used various classifiers to categorize the lesion types, and we evaluated
them by comparing our findings to the best practices currently available [32].
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Fig.8. Histogram analysis of Dice Coefficient Score and Jaccard’s Coefficient

In our experiment, DenseNet showed the best results on transfer learning as a feature extractor. DenseNet as a
feature extractor and SVVM as a classifier obtained the highest mean accuracy of 93% on the PH dataset. 200
dermoscopic pictures were utilised to examine the efficiency of the classification model for the diagnosis of
melanoma (MEL). To extract the specific lesion area of interest from pictures, the input images and the binary
masks generated by U-Net were combined. The generated image is then utilised to extract features. The features
are utilized as input for a classifier. Due to the uneven distribution of this dataset, the class weight was enforced
to train the SVM. For the validation of our model, 10-fold cross-validation is used. A comparative analysis was
carried out with multiple possible feature extractor-classifier pairs. The obtained results are summarised in
Table 3.

4 Conclusion

The paper demonstrated an automated deep-learning-based system for segmenting skin lesions and melanoma
identification. There are various drawbacks to methods for tackling these problems that use parameterized
algorithms that are challenging to fine-tune and deep neural networks that need a large training data. Due to
the usage of additional augmented training images, U-Net with Spatial Dropout worked well. Transfer learning
is useful in situations where there aren't enough data samples. Modern computer vision models that have been
trained on natural pictures were employed as feature extractors to identify skin lesions from dermoscopy
images, and they perform better. The model can also be used in a domain with limited data sample sizes due to
its better generalisation capacity in automatic classification and segmentation. Future research could look into
further augmentation methods to enhance the efficiency of the model. This model can be tested using various
lesion images that were taken from people of various racial and ethnic backgrounds.
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