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ABSTRACT

Melanoma has increased in prevalence over the last three decades, and early detection is critical for lowering the
mortality rate linked to its type of skin cancer. Thus, access to an automated, dependable system capable of
detecting the existence of melanoma using a dermatoscopic image of lesions can be an essential instrument in the
field of clinical diagnostics. Among the state-of-the-art technologies for automated or computerized clinical
diagnostics, deep learning based on Convolutional Neural Networks should given attention, which have been
utilized to create classification and detection systems for various disorders. The method suggested in this article
utilizes an imaging stage to generate the features of the dermatoscopic picture using the EfficientNet-based
Convolutional Neural Network, followed by an attention mechanism to reweight the features. Following that, we
utilize the dense layer to process metadata and build a fully connected layer that categorizes lesions as "benign™
or "malignant". We have trained, validated and tested the suggested model using the database related to the 2020
International Symposium on Biomedical Imaging challenge. The ensemble model’s ROC-AUC is 0.9628, while its
recall, precision, and F1-score are 0.8639, 0.8746, and 0.8692, respectively. Thus, it shows that the model can
discriminate accurately between benign and malignant lesions without bias toward any class.
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1. INTRODUCTION

The WHO reports more than 3.1 million individuals worldwide being diagnosed with melanoma in
2015, and there were 60,000 died. Melanoma is the third most prevalent malignancy among men and
women in their twenties [1]. The most frequent cancer for men and women in the USA is melanoma.
Melanoma is most prevalent in Australia and New Zealand [2][3][4]. According to research, this illness
is often aggravated by UV radiation throughout the day, sunbed tanning, and skin tone, among other
factors. Early detection, physicians believe, is the safest method of diagnosing any kind of malignant
skin disease. When the illness is diagnosed early, the five-year survival rate increases to about 95% [5].

Dermoscopy, also known as Epiluminescent Microscopy (ELM), is a surgical procedure used to evaluate
whether a malignant tumor is cancerous or benign. This method uses dermatoscopy, a device that
consists of a light source and a magnifying lens. It is used to enhance the perception of clinical patterns
like pigmented veils, networks, globs, ramifications, and shades. This method is beneficial in the
diagnosis of melanoma [4].

When classifying skin lesions as malignant or benign, the initial step is picture segmentation. Image
segmentation occurs when filters are utilized to highlight lesions within images (the area of interest).
Next, images are transmitted to dermatologists who examine several lesions from the same patient and
look for anomalies representing melanoma [6]. Because the present methodology is not digital and
primarily depends on dermatologists, this research aims to utilize the present data set to construct a
model with maximum accuracy to predict whether a lesion is malignant or non-malignant [1].

Computer-aided detection (CAD) systems and methods have been advanced since the development of
image processing techniques in the classification of Skin Lesions without startling or painful surgical
treatment in the early stage of the disease. Currently, convolutional neural networks (CNN) perform
very well in a broad range of computer vision, including picture classification, segmentation, and target
recognition[7].

Many studies have used CNN to categorize skin lesions, but they continue to face difficulties:

the high level of intra-class variation and similarity between classes;
several artifacts, such as hair, color lighting, and so on;

CNN’s limited capacity to generalize;

imbalanced classes of lesion images.

Challenges of Skin Cancer Detection

Due to the variety of images and sources, there are numerous difficulties with diagnosing skin cancer.
First, the type of human color complicates and complicates the diagnosis of skin cancer. The visual
characteristics of skin lesion pictures include the following:

e The main challenges in skin cancer are the different sizes and shapes of the images, making
accurate identification difficult. According to this point of view, pre-processing is critical for
proper analysis in this instance.

e A few wasted signals that were not initially part of a picture but may disrupt to get a desirable
outcome must be sacrificed. As a result, all noise and artifacts should be eliminated during the
pre-processing processes.

e Low contrast from nearby tissues may also contribute to the difficulty of analyzing skin cancer
correctly.

e Due to light beams, color texture, and reflections, color lighting poses extra difficulties.

e Some moles in the human body may never become cancer cells, but they identify skin cancer
correctly from malignant images.
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e Another problem in skin cancer diagnosis is the present bias, altering the models’ performance
to reach a better outcome.

The remaining paper is organized as follows: Section 2 shows Review summarises the current state of
knowledge about deep learning classification methods for melanoma diagnosis; Section 3 presents
proposed methods and the fundamental ideas, an overview of the dataset, and the suggested technique
in depth; Section 4, Training and Results illustrates the specifics of the training or training loop, as well

as the results of experiments; Section 6, provides context for the conclusion and future scope.

2. RELATED WORKS

Recently, numerous techniques have been proposed for the detection of melanoma from skin images.
The summary of the literature review is illustrated in table 1.

Table 1. Related Works of Melanoma Detection.

Refer Contribution Training Dataset Results
ences Techniques
[8] Skin Cancer classification using the pre- | Transfer PH2 Accuracy: 92.4%
trained model on a large dataset. Learning
[9] Transfer learning was applied on two | Transfer ISIC Accuracy: 91.6%
datasets for the detection of melanoma. Learning
[10] Classification of skin lesions utilizing pre- | Transfer ISIC Accuracy: 97.5%
trained transfer learning models. Learning
[11] Melanoma classification using Bag-of- | Bag-Of- unpublish | Accuracy: 95%
Features and CNN. Features ed dataset
[12] Skin cancer classification using the | Gradient ISIC Accuracy: 88%
Gradient Descent Algorithm for CNN. Descent
Algorithm
[13] Melanoma recognition using Residual | Deep ISIC Accuracy: 95.7%
Networks and FCN. Residual
Network
[14] Detection of skin cancer by noise reduction | Gradientand | PH2 Accuracy: 89.7%
and picture segmentation. feature
adaptive
contour
[15] Skin lesions classification using an | Ensemble ISIC Accuracy: 84.7%
ensemble learning model. DNN
[16] Use of inter and intra-network fusion for | Fusion + | ISIC Accuracy: 95.1%
skin cancer classification. Ensemble
DNN
[17] Melanoma diagnosis using VGG16 and Transfer ISIC Accuracy: 90.2%
RseNet50. Learning +
crowdsourci
ng
[18] “You Only Look Once (YOLO)” is based | YOLO ISIC Accuracy: 89.6%
on deep learning CNN Algorithm +
CNN
[19] Ensemble two CNN architecture and | EfficientNet | ISIC Accuracy: 94.8%
metadata for multiclass classification. + SENet154

3. PROPOSED METHOD

Our model consists of two phases, the first phase is an image phase (including augmentation and feature
extraction and attention mechanism) and a metadata phase (including preprocessing, two dense layers).
In the image phase, first, we reduce the size of the image according to different EfficientNet models and
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apply the Progressive Sprinkles augmentation techniques.EfficientNet begins by extracting image
features through its convolutional layers. After that, the attention mechanism is used to reweight
features, enhancing the activation of essential regions. Next, we passed metadata in two dense layers
with swish activation function, dropout, and batch normalization layer and obtained the output (using
sigmoid activation function). Subsequently, the classification of pictures is performed using the fused
features. The proposed methodology is shown in figure 1. This process performs for all the models (i.e.,
BO, B1,..., B7) of EfficientNet families and ensembles all the results and obtains the results.

Efficient-Net

256%256x3 Layer

Augmentation

Dense Dense
Metadata Layer, ReLU Layer, RelU

Multiply

Dense Layer,
Dropout

Concate
nate

Classification
Layer, Sigmoid

patient's
age, gender,
_J lesion
H location,
patientID,
Etc.

Figure 1. In the image stage, use the EfficientNet, including the Attention Mechanism. In the Metadata stage,
use two dense layers, and concatenate them with the output generated from the image stage.

3.1 Dataset

The International Skin Imaging Collaboration (ISIC) collected data as part of a worldwide strategy to
improve melanoma diagnostic efficiency, the dataset shown in figure 2. The data comprised information
such as the patient’s age, gender, lesion location, patient ID, and whether the lesion was malignant or
non-malignant; each picture had a row within the data [20]. This dataset includes meta-information such
as the patient’s age group (by five-year increments), anatomical location (eight possibilities), and sex
(male/female). In addition, there are missing values for specific photos in the metadata. Some Images
of melanoma and Non-melanoma are shown in figure 3.
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Figure 3. Melanoma and Non-melanoma images of Skin Lesions

3.2 Data Augmentation and Normalization

Data augmentation allows for a rebalancing of the dataset’s classes, reducing the load on imbalanced
classes. Data Augmentation is a successful method for increasing the quantity of training data by
randomly altering many training data properties. We employ random brightness and contrast
adjustments, random rotation, random flipping, random scaling (or, if the image needs it, proper
padding/cropping), and random shearing.

Image normalization is a method that is used to distribute the pixel values in an image uniformly [21].
Furthermore, We utilize the data augmentation variant of Cutout, Progressive Sprinkles, which offers
superior learning and transfer due to full pictures with random masking. Images of the Progressive
Sprinkles augmentation method are shown in figure 4.

Figure 4. Augmented image with Progressive Sprinkles methods

3.3 EfficientNet
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Tan et al. [22] propose a technique for determining the ideal balance of depth, breadth, and resolution
in a CNN shown in figure 5. Additionally, the same study described an EfficientNet design for CNNs.
The basic model has inverted residual blocks like in MobileNetV2. This structure can be enlarged while
maintaining the set of compound coefficient formulas.

depth = af 1)
width = B° (2)
resolution = y° 3)
a * ,82 * ]/2 =2 (4)

While a, 8,y = 1
0 is a user-defined coefficient that specifies the number of accessible resources, while a, B, and y are
parameters that define the depth, width, and resolution respectively.

$
$
- wider - -
e —
E = 3 e
|
#channels —
jmmm——hmm=- ' — L - f —
$ -—- —_—
i I
deeper - —
= = — 1
. — deeper
== — = =
- e — A L |
1 e ==
' [+ higher | nigher
[ |} resolution HxW ] |_| | resolution 1. resolution
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

Figure 5. EfficientNet Architecture for determining the ideal balance of depth, breadth, and resolution

3.4 Attention Mechanism

The main idea is that a Global Average Pooling is simple since certain areas are more important than
others. So, before pooling, we design an attention mechanism that turns pixels in the GAP on/off and
then rescales the results depending on the number of pixels [26]. Thus, the model might be thought of
as a "global weighted average" pooling method.
Steps to generate Attention Layer

1. Compatibility Score

The "compatibility score" is calculated by integrating the local features | with the global feature
vector g (i.e., dot product).

¢ =g.1f ©)

2. Attention Weights
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s _ _exp(c)
H =3 exp(c) ©)

We're going to compress the compatibility scores c into the range (0,1) using a softmax/Sigmoid
and name the result a.

3. Attention Mechanism Outputs for Each Layer
ga =21 .1} (7)
4. Final Attention Output Predicts Classification
We want to categorise an item using the attention outputs g, from layer I.

3.5 Evaluation Metric

The number of samples that are true-positive (TP), true-negative (TN), false-negative (FN), and false-
positive (FP) is a widely used statistic for binary classification assessment (FN). The evaluation metric
is precision, recall, and F1-score.

Sensitivity/Recall = _r (8)
Y TP +FN
TP (9)
Precision —
recision TP T FP
(Precision * Recall) (10)

F1 —score = 2%

(Precision + Recall)

5. TRAINING AND RESULTS

We trained all the efficient-net models on Kaggle’s GPU. For training, some parameters are illustrated
in table 2.

We proposed the EfficientNet structure (i.e., BO to B7), and it is fused with additional patient
information(or metadata). After generation output, we ensemble all the EfficientNet structures (i.e., BO,
B1..., B7) and achieved a ROC-AUC of 0.9628, as shown in figure 6. Moreover, we compared our
proposed method to other methods.

Table 2. Hyper-parameters used for training the EfficientNet.

Parameter Name Value
Input Image 256x256x3
Epochs 30
Optimizer Adam
Loss Function Cross Entropy Loss
Batch Size 128
Learning Rate le-3
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Figure 6. ROC-AUC Curve for Ensemble EfficientNet

According to F1-score, our EfficientNet B6 model outperformed its family illustrated in Table 3.

Table 3. Our Experimental Results on Different EfficientNet Models.

EfficientNet Model Precision Recall F1-Score
BO 0.8534 0.8441 0.8487
Bl 0.8683 0.856 0.8621
B2 0.8824 0.8653 0.8738
B3 0.8764 0.8651 0.8698
B4 0.873 0.8868 0.8798
B5 0.8871 0.8676 0.8772
B6 0.8909 0.8795 0.8852
B7 0.8674 0.8466 0.8569

According to F1-score, our ensemble EfficientNet model outperformed from recent studies of ensemble
methods illustrated in Table 4.

Table 4. Comparison of Our Ensemble EfficientNet Method to Recent studies.

References Precision Recall F1-Score

[23] 0.8800 0.7500 0.8100

[24] -- 0.8100 0.8128

[25] 0.8900 0.8300 0.8300

[26] 0.8599 0.8284 0.8351

[27] -- 0.7570 0.8610

[28] 0.8800 0.7600 0.8200
Our Proposed Method: 0.8746 0.8639 0.8629
Ensemble EfficientNet

6. CONCLUSION AND FUTURE SCOPE

We demonstrated that an ensemble of EfficientNet-based algorithms might achieve competitive
performance in classifying dermoscopic pictures to identify skin lesions/melanoma. This may evolve
into a highly automated and accurate technique to categorize dermoscopic pictures in collaboration with
experienced dermatologists. However, with a significant difference in the total number of pictures per
class, the unbalanced dataset makes it harder to generalize visual features of the lesions. Additionally,
the bigger dataset with more feature variation will improve the overall performance of the classification
by learning a more accurate representation, reducing the risk of overfitting, and successfully
generalizing. The proposed approach achieves a 0.9628 greatest AUC value for the EfficientNet model
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ensemble. According to the results of various experiments provided in these works and compared to the
required evaluations, increasing the number of original photos does not ensure a better classification
result in terms of classification metrics. Consequently, we believe that to enhance classifier
performance. We must add more images of the same type; i.e., two databases not subjected to the same
preprocessing are not always complimentary. Common picture modifications or adjustments, such as
rotation, cropping, zooming, contrast/brightness alteration, etc., may influence the performance of the
image classifier. This data increase may serve as a regularizer in neural networks, preventing or lowering
overfitting and boosting performance while handling unbalanced data sets.
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