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Abstract

Background: Skin diseases are reported to contribute 1.79% of the global bur-
den of disease. The accurate diagnosis of specific skin diseases is known to be a
challenging task due, in part, to variations in skin tone, texture, body hair, etc.
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Classification of skin lesions using machine learning is a demanding task, due to the
varying shapes, sizes, colors, and vague boundaries of some lesions. The use of deep
learning for the classification of skin lesion images has been shown to help diagnose
the disease at its early stages. Recent studies have demonstrated that these models
perform well in skin detection tasks, with high accuracy and efficiency.

Objective: Our paper proposes an end-to-end framework for skin lesion clas-
sification, and our contributions are two-fold. Firstly, two fundamentally different
algorithms are proposed for segmenting and extracting features from images during
image preprocessing. Secondly, we present a deep convolutional neural network
model, S-MobileNet that aims to classify 7 different types of skin lesions.

Methods: We used the HAM10000 dataset, which consists of 10000 dermato-
scopic images from different populations and is publicly available through the Inter-
national Skin Imaging Collaboration (ISIC) Archive. The image data was prepro-
cessed to make it suitable for modeling. Exploratory data analysis (EDA) was per-
formed to understand various attributes and their relationships within the dataset.
A modified version of a Gaussian filtering algorithm and SFTA was applied for
image segmentation and feature extraction. The processed dataset was then fed
into the S-MobileNet model. This model was designed to be lightweight and was
analysed in three dimensions: using the Relu Activation function, the Mish acti-
vation function, and applying compression at intermediary layers. In addition, an
alternative approach for compressing layers in the S-MobileNet architecture was
applied to ensure a lightweight model that does not compromise on performance.

Results: The model was trained using several experiments and assessed using
various performance measures, including, loss, accuracy, precision, and the F1-
score. Our results demonstrate an improvement in model performance when ap-
plying a preprocessing technique. The Mish activation function was shown to out-
perform Relu. Further, the classification accuracy of the compressed S-MobileNet
was shown to outperform S-MobileNet.

Conclusions: To conclude, our findings have shown that our proposed deep
learning-based S-MobileNet model is the optimal approach for classifying skin lesion
images in the HAM10000 dataset. In the future, our approach could be adapted
and applied to other datasets, and validated to develop a skin lesion framework
that can be utilised in real-time.

Keywords: Skin lesion, Image Segmentation, Classification, Deep learning, Convolution
Neural Network, MobileNet

1 Introduction

The skin is the body’s largest organ and consists of three layers: the epidermis (out-
ermost layer), dermis, and hypodermis (innermost layer). Some common skin diseases
include acne, eczema, psoriasis, lesions, and skin cancer [1]. Skin lesions are unusual
patches or bumps on the skin and can be categorized into 3 classes: those formed by
fluids, those which are solid-like masses in the skin, and those which are flat, like rashes.

Manual detection and classification of skin lesions is challenging because of the varying



shapes, sizes, colors, and vague boundaries of lesions. There are a number of studies in
the literature on image segmentation using deep learning (DL) algorithms and artificial
intelligence (Al) approach, and transfer learning, to detect and classify skin lesions in a
timely manner, before they become fatal [2], [3].

This paper aims to build an end-to-end deep convolutional neural network (D-CNN)
framework to classify skin lesion images. The proposed S-MobileNet D-CNN model is
a modified version of the MobileNet architecture [4]. The clinical image dataset used
in this work is HAM10000 [5]. The skin lesion images in the dataset are distributed
among 7 classes: Melanocytic nevi, Melanoma, Benign keratosis-like lesions, Basal cell
carcinoma, Actinic keratoses, Vascular lesions, and Dermatofibroma. The skin lesion
images were pre-processed before being fed into the neural network (NN) model. Image
preprocessing techniques viz. image segmentation and feature extraction were carried out
using the proposed algorithms to identify the latent clean image from the hidden layers.
Exploratory data analysis (EDA) and hypothesis formulation was carried out to obtain
a better understanding of the data. An additional analysis of the relationship between
various attributes was conducted to improve prediction. The dataset is split into train
and test sets for training and validation in the ratio of 80:20. The S-MobileNet model is
built, trained, and evaluated using various performance measures like accuracy, precision,
and F1 score. The main contributions of the paper include

1. Two new algorithms are proposed for image segmentation and feature extraction
respectively. The former segments images by analysing the pixels by constructing a
threshold and is more effective in removing noise from the image. The latter is a modified
version of the Segmentation-based Fractal (SFTA) that determines the texture pattern
from the image.

2. A D-CNN S-MobileNet is built to extract low-level features of the image and to
automatically classify skin lesion images into 7 classes of disease.

3. The proposed S-MobileNet model is fine-tuned and analysed using the Relu and
Mish Activation functions. Hyperparameters are fine-tuned to improve the model’s per-

formance.



4. A lightweight S-MobileNet model is built by altering the architecture of the model

and by compressing the intermediary layers to enhance the classification performance.

The paper begins with a general introduction about the types of skin cancer, an ex-
planation of the problem statement, and the main contributions. In section 2, a literature
survey is presented with a detailed analysis of existing machine learning approaches and
image preprocessing techniques. Section 3 details the algorithm used for image segmenta-
tion and feature extraction, methodology, and architecture of the proposed S-MobileNet.
Section 4 describes the implementation setup, the experiments, and the corresponding

results. Finally, the paper is concluded in section 5.

2 Background

A number of custom-made models are proposed by researchers in recent years in relation
to skin lesion classification and prediction. Some of them related to the proposed problem
statement are briefed in Table 1. The Table aggregates the algorithms and performance

metrics used in the latest years to classify skin lesion images.

2.1 Machine Learning approaches

Machine learning algorithms are used for image classification across a number of ap-
plications [2]. A specific focus of this section is on image-based methods of classifying
skin diseases. In [6], as an initial preprocessing step, the image data is rescaled, resized,
and then classified using Naive Bayes, k-Nearest Neighbour (KNN), Support Vector Ma-
chines (SVM), Neural Network(NN). In spite of the high classification accuracy of the
model, prediction accuracy is a major concern. Self diagnosis of skin diseases is intro-
duced in [7] which uses image transformation techniques like Discrete Cosine Transform
(DCT), Discrete Wavelet Transform (DWT), and Singular Value Decomposition (SVD).
A comparison of all the image analysis techniques is made and an ensemble transforma-
tion technique is proposed by combining all three. This approach is found to be faster in

diagnosing the skin disease.



A semi-supervised Computer-Aided System (CAD) [8] for Psoriasis image classifica-
tion uses both unsupervised and supervised image classification techniques. It builds a
dictionary for sparse image classification using aggregation methods deployed over local
features in an image. Multi-class machine learning classification techniques like Random
Forest (RF), SVM, and AlexNet are applied for severity score calculation. A detailed
analysis of pre-trained networks is applied in [9] for recognizing 20 skin abnormalities.
The performance of the different models is compared by generating the confusion matrix
and accuracy. However, the highest accuracy score is generated by an ensemble model.
Inspired by this work, the author in [10] used the median filtration technique to remove
the noise from the image. Following this sobel edge detection is applied to detect the
edges of the images. The result shows an increase in entropy value. Yet, ways to extract
the discriminative features from the image still remain fuzzy.

A mass of varying architectures of Convolution Neural Network (CNN) [11-15] is
applied in many research articles for skin image segmentation and classification. The
segmentation techniques, in general, help to minimize the distortions from the images
and improves the accuracy of classification. Although the impact of segmentation in the
classification of images has been explored partially in the literature work cited above,
there is still a lot of room for further research. D-CNN networks are also applied for
building learning models in [16-18] to classify skin lesion images. Gradient boosting is
applied to classify around 300 heterogeneous skin lesions into 5 categories in [16] and the
results of the machine learning algorithm are intervened by human interest and are cross
analysed to produce an accuracy of 82.95%. Five custom-designed deep learning CNN
models are proposed in by varying the convolution blocks, pooling blocks, and dropout
blocks. In addition, the model is tuned to bring the optimal results by modifying the
activation functions, and tuning the hyperparameters and so there is limited evidence for
considering this model as the de-facto standard.

Melanoma-affected skin lesion images are classified in multi-stage by analyzing their
pixels at the fine level using enhanced encoder-decoder feature map [18]. This approach

compares and classifies images in real-time using three segmentation techniques with



a minimal number of training parameters and resources. A real-time algorithm using
Generative Adversarial Network (GAN) to detect melanin and sebum from skin images
is proposed in [19]. In the first step, grayscale images are converted into black and white
and enhanced before being passed on to the UNet architecture. Failing to clearly identify
melanin and sebum in the same image is one drawback of this approach.

The Lyme skin infection is identified using the skin images taken from the EM image
dataset [20] and applied to the HAM10000 dataset using the transfer learning approach
in [21]. This study applies twenty-three well-known CNN architectures and confirms a
lightweight CNN model to be very effective and useful in classifying the images. Addi-
tionally, the extended study in [22] by the same author proposes a customised ResNet
for classifying the skin images. In a way similar to this, the proposed method creates a
lightweight, customised S-MobileNet to classify the skin lesion images in HAM10000.

Another article, [23] introduces a customised CNN with compression complexity pool-
ing as compared to the conventional pooling technique. The pooling technique extracts
the spatial features from the image by generating relatively complex feature maps. The
experimental results show the results of object detection with a number of cropped and
resized CNNs. Hence, in order to create a model that is appropriate for the given dataset
in the domain or across domains, the convolution, pooling, and flattening layers of CNN
and the operations carried out in them can be modified in correspondence with the ap-
plication. Similarly, the layers of the proposed S-MobileNet are pruned, customised and

the activation functions are modified in accordance to attain the proposed objective.

2.2 Image Segmentation and Feature Extraction algorithms

The classification of skin images is been automated in recent years and a number of
researchers have proposed Automated Classification Methods (ACM) [31]. In general,
a study of skin image analysis includes preprocessing of images; image segmentation;
image feature extraction, and image classification. Image preprocessing [32] comprises
a variety of procedures: Downsampling, space transformations, contrast adjustments,

normalization, and artifact removal [33]. The accuracy of image classification totally



Table 1: Literature related to the proposed problem statement

Ref| Year | Objective Algorithms used Performance
metrics
2017 | Classification of Skin diseases DCT, DWT, SVD Accuracy
7]
2018 | Comparative study of the proposed sys- | RF, SVM, Boosting F1 Score
8] tem with AlexNet and other CNN models
2018 | Propose a computer vision approach to | Inception_v3, MobileNet, | Accuracy
[9] differentiate and recognize 20 skin abnor- | Resnet, xception, RF,
malities with increased accuracy and LR
2018 | Apply segmentation and filtering tech- | Sobel Edge Detection, | Entropy
[10] niques to classify skin diseases. Provides | Median Filtering
a visualization of the skin images for im-
proved identification and classification of
skin lesions
2018 | Proposes a deep learning model called | Full Resolution Convolu- | Jaccard Index,
[11] FrCN for skin lesion segmentation analy- | tional Networks Accuracy
sis
2019 | Classification of skin images k-means Clustering, | Signal to Noise
[12] Morphology-based image | Ratio
segmentation
2019 | Classification of skin images RF, Naive Bayes, LR, | Accuracy and
[13] Kernel SVM, and CNN Error rate
2019 | Classification of skin images CNN and SVM Accuracy
[14]
2019 | Classification of skin images CNN with regularization | Accuracy and
[15] algorithms like Lasso ROC curve
2019 | Combines human intelligence with Artifi- | Deep learning, CNN Accuracy
[16] cial Intelligence to classify skin images
2019 | Classification of Skin diseases Deep learning model ROC Curve
[17]
2020 | Classification of skin images and build an | CNN Accuracy
[18] automatic grouping system of the skin
diseases
2020 | Builds a system based on D-CNN with | D-CNN Accuracy
[24] a supervised encoder-decoder network
to recognize and differentiate between
melanoma and non-melanoma lesions.
2020 | Creates a web application for diagnosis of | D-CNN Accuracy
[25] skin lesion
2020 | Build a Deep Learning model for classifi- | Mask R-CNN and | Sensitivity and
[26] cation of skin images DeeplabV3+ Specificity
2020 | Build a deep learning model with an en- | CNN and Transfer Learn- | Jaccard Index,
[27] semble model with U-Net and ResNet ing Accuracy
2021 | Investigates a number of deep learning | 7 layered deep CNN Accuracy
[28] and transfer learning models in classifica-
tion of skin diseases
2021 | Classification of skin diseases and a com- | D-CNN Accuracy
[29] parative study of the proposed D-CNN
with other transfer learning models
2021 | Uses Deep Learning and Artificial Intel- | AT and CNN Accuracy
[30] ligence to build an automated system for

skin disease




depends upon the algorithms used in these stages.

In the process of segmentation, the infected area is extracted from the dermoscopy
image [27] and the segmentation process is carried out in three ways: Pixel-based seg-
mentation, Region-based segmentation, Edge-based segmentation [34,35]. In addition
to the aforementioned methods, clustering-based segmentation and threshold-based seg-
mentation are also proposed in literature [36]. The study of inter-relation between pixels
in the Region Of Interest (ROI) of an image, facilitates proper segmentation. The au-
thors in [37] apply edge-based segmentation to find the rapid change in the intensity of
the pixels in an image. The color, texture, and contours of the image are figured dur-
ing the segmentation process. While another segmentation approach that analyses every
pixel and classifies each of them to a specific class label named semantic segmentation is
applied in [38]. Performance is measured in ResNet with the VGG model. The model
appears to be too complex with large parameters that consume more time and memory.

Feature extraction is the process of converting the image into numerical values. It
analyzes the color, texture, shape, and other qualities of the image. Numerous feature
extraction methods is been explored in literature like Gray Level Co-occurrence Matrix
(GLCM), Local Binary Patterns, Bag of features, etc [39]. The extracted features are sub-
jected to correlation analysis, homogeneity, and entropy analysis and further transformed
in [40] for increasing the predicting accuracy. In another relevant article [41] an UNet
CNN architecture is proposed over the ISIC 2018 skin lesion dataset that fuses image seg-
mentation with feature maps for segmentation. A five cross-validation is applied and the
performance is measured. Alternatively, the model is characterized as computationally
complex because of the large number of parameters.

According to one of the related works, [20] which investigates the effect of frequency
bias in CNN image classification, a number of challenges prevent CNN from accurately
extracting the features when used alone. So it employs the use of the Gaussian kernel
function and suggests using feature discrimination in addition to CNN. Following this
direction, the suggested work applies a segmentation method (modified Gaussian filtering)

and feature extraction method (modified version of Segmentation-based Fractal (SFTA))



before moving on to the CNN model, which significantly increases accuracy as shown in
4. Image histogram, filtration and k-NN classifier is applied in on images of human finger
that is injured. Images of injured finger captured by mobile camera is processed after 60h,
160hr and 450 hrs of injury. This research work consumes minimal cost in capturing the
image and processing it in real time.

The challenges in segmenting lesion in skin images is detailed in [43] which noti-
fies that the color, texture, shape, hairs, veins and light reflections might add noise or
decrease the segmentation accuracy. The author applies the superpixel segmentation, L2
normalization and captures the variations in the superpixels using autoencoders. Given
that L1 norm is quite robust than L2 norm pruning [44], we apply L1 norm pruning
while designing the CNN model in our proposed system.

An end to end CNN is built using image segmentation techniques for edge prediction
in [45] to classify the skin lesion images. The deep CNN is customised and integrated
with modules to identify and highlight lesion boundaries for etfective segmentation. Edge
detection being a pivotal element, in the proposed system, we use homogenity predi-
cates that distinguishes the change in the pixel color and gradients across the edges and

etfectively segments the lesion. Section 3 discusses in detail the proposed system.

2.3 Dataset

Human Against Medicine with 10000 training images (HAM10000) [46] is an archive of
dermoscopic images from varying populations across the world Fig.1. The HAM10000
Dataset is cleaned to remove the ambiguous images as some of the images are similar but
shown in different magnifications and angles. Around 50% of the image, lesions are taken
from histopathology reports and from expert’s microscopical examination. The images
in the dataset are tracked using the metadata file. The HAM10000 dataset is used for
skin lesion classification in [47], [48], [49], [50], [51] and the performance of the proposed
Deep CNN framework is compared with the aforementioned state of the art approaches.

The dataset includes images from 7 different categories of skin disease. In order to

avoid bias, an equal number of images are taken from each of the 7 classes using a random



Figure 1: Images from Dataset

image generator.

3 Materials and Methods

Machine Vision is generally categorized into low-level and high-level vision. In the low-
level vision, image processing operations are performed to produce another new image
with minimal noise and edges being enhanced. On the other hand, high-level vision tries
to perform object recognition and scene interpretation. Both of these are connected using
the segmentation process. The block architecture of the end-to-end Deep CNN is shown
in Fig. 2. The first block, displays the input, an image of the skin, is followed by two blocks
for image segmentation and feature extraction. These are followed by the blocks of the
customised S-MobileNet. Fach block of customised S-MobileNet indicates a layer in the
CNN architecture and the two coloured (yellow and green) block signifies the depthwise
and pointwise convolution operations in the CNN layer. Also mentioned are the layer’s

filters and pruning percentages.

3.1 Proposed Image Segmentation Technique

As the first step in the proposed system, a modified version of the Gaussian Filtering [52]

algorithm is used for pixel-level segmentation of images. An ideal segmentor segments



Input block

Skin Lesion Input Image

m

Feature Extraction block

224%224*3

onvolution

~Banhn

S-MobileNet CNN block

-
=
Z
=

|Average Pooling(7%7)

Fully Connected
(1024*1000)

| Softmax

f

Depthwise
Convolution

A

Pointwise

CD

Convolution

Figure 2: Architecture of the proposed end-to-end Deep CNN framework






