Cdc cong trinh nghién cifu, phat trién va ing dung CNTT va Truyén théng

A Lightweight Model to Skin Disease Recogni-
tion

To Huu Nguyen'!, Ma T. Hong Thu?, Do Thanh Mai?, Trang Phung T. Thu®, An Dang*, Duc-Quang Vu’
! Thai Nguyen University of Information and Communication Technology, Thai Nguyen, Vietnam

2 Tan Trao University, Tuyen Quang, Vietnam

3 Thai Nguyen University, Thai Nguyen, Viethnam

4 Faculty of Computer Science, Phenikaa University

> Thai Nguyen University of Education, Thai Nguyen, Vietnam

Correspondence: Duc-Quang Vu, quangvd @tnue.edu.vn
Received: 14/2/2024, revised: 16/5/2024, accepted: 27/5/2024
Digital Object Identifier: 10.32913/mic-ict-research-vn.v2024.n1.1265

Abstract: Skin disease has become increasingly prevalent, emerging as one of the most widespread conditions. It
significantly affects human health and even causes skin cancer and death. Therefore, there are many methods have been
proposed to solve this issue recently, especially deep learning-based methods. However, these state-of-the-art methods
seem to only focus on how to achieve better performance and ignore the issue of inference time. Specifically, deep
learning-based methods usually build very deep with a huge of model size and computational cost. As a result, this
becomes very difficult to deploy these models on devices with no GPU support. In this study, we introduce a proficient
and lightweight model designed to address this issue, leveraging the Mobilenet architecture. Our experimental findings
demonstrate that the suggested network delivers comparable performance to contemporary cutting-edge techniques across
diverse benchmark datasets, including HAM 10000, International Skin Imaging Collaboration 2017, and International Skin
Imaging Collaboration 2019. Notably, our approach utilizes merely 0.2 million parameters and 0.3 GFLOPs for image
classification. This attribute holds substantial importance for deploying the model on edge devices lacking GPU support.
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Tiéu dé: Mot mé hinh nhe dé nhan biét bénh vé da

Tém tat: Bénh vé da ngay cang trd nén phd bién, ndi 1én nhu mot trong nhing tinh trang pho bién nhit. N6 anh hudng dang
ké den stic khoe con ngu’dl tham chi gy ung thu da va tif vong. Vi vdy, gan diy c6 rat nhiéu phuong phap dudc dé
xult d€ giai quyét vin dé nay, dic biét 1a phuong phap dua trén hoc siu. Tuy nhién, nhiing phuong phap tién tién nay
dudng nhu chi tap trung vao viéc lam thé nao dé dat dudc hiéu suét t6t hon ma bd qua vin dé vé thdi gian suy luan.
Cu thé, cic phuong phap dua trén hoc sau thudng xay dung rit siu véi kich thu6c md hinh va chi phi tinh toan rét
16n. Do d6, viéc trién khai cdc mo hinh nay trén cdc thiét bi khong hd trg GPU tr§ nén rat kho khén. Trong nghién
ciiu nay, ching t0i gidi thi€u mot mo hinh gon nhe va hiéu qud dugc thiét ké dé giai quyet vAn d& nay tan dung kién
triic Mobilenet. Cac két qua thit nghiém ciia chiing t6i chiing minh riang mang dugc dé xuit mang lai hiéu suit tuong
duong v6i cic ky thuat tién tién hién dai trén cic bo dit liéu chuin khac nhau, bao gdm HAMI10000, International
Skin Imaging Collaboration 2017 va International Skin Imaging Collaboration 2019. Pang chu y hon, phuong phap
ctia chiing t6i chi st dung 0,2 triéu thong s6 va 0,3 GFlops dé phan loai hinh anh. Piéu ndy c6 tim quan trong ding
ké trong viéc trién khai mo hinh trén cac thiét bi canh khéng c6 GPU hd trg.

T khéa:  bénh ngodi da, phdn loai ton thuong da, mang nhe, MobileNet

I. INTRODUCTION 200 cases per 100,000 population. In Vietnam, although
the prevalence of skin cancer is comparatively lower in

Skin cancer stands as the most prevalent among all comparison to Caucasians, there has been a noticeable
cancer types, surpassing the cumulative total of other  rise in cases. This trend is particularly notable among
cancer categories combined [1]. The occurrence of skin men, with an incidence of about 3.2 cases per 100,000
cancer is particularly prominent among individuals of Cau- population, and among women, with a rate of 3.1 cases
casian descent, with an incidence rate of approximately  per 100,000 individuals. The most lethal variant of skin
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cancer, melanoma, is projected to escalate to nearly half
a million cases by 2040, marking a 62 percent surge from
2018 [2]. Astonishingly, skin cancer claims a life every four
minutes, prompting dermatologists to classify the surge in
skin cancer occurrences as a worldwide pandemic.

Prompt intervention, particularly for melanoma, is piv-
otal for achieving favorable survival outcomes amidst the
burgeoning instances [3]. The chief discernible trigger for
skin cancer is prolonged exposure to ultraviolet radiation.
Dwindling ozone levels contribute to escalated high-level
ultraviolet radiation, consequently heightening the risk as-
sociated with natural sunlight exposure.

Dermatoscopy stands as a widely employed imaging
methodology, utilizing immersion fluid to amplify light and
enable visualization of the skin’s surface [4]. Nonetheless,
the precision of its diagnostic outcomes hinges greatly on
the experience of the dermatologist [5, 6]. The dearth of
specialized medical personnel, particularly in developing
or economically disadvantaged nations, can profoundly im-
pede the timely management of skin cancer cases. Con-
sequently, the necessity for automated, remote diagnostic
solutions is assuming heightened significance. The scarcity
of specialized medical personnel, especially in developing
or economically disadvantaged nations, can significantly
hinder the prompt management of skin cancer cases. Con-
sequently, the classification of skin lesions has emerged
as a burgeoning realm of study, spurred by the increasing
integration of deep learning techniques in the realm of
medical image analysis.

The advent of deep learning models has brought about
a transformative shift in conventional machine learning
applications, offering unparalleled performance enhance-
ments and the capacity to autonomously learn intricate
information. Deep neural networks have proven success-
ful across diverse domains, spanning image classification
[7, 8], object detection [9], action recognition [10, 11],
speech recognition [12, 13], and video prediction [14, 15],
among others. There are various methods proposed in skin
lesion classification (SLC) such as Zhang et al. [16], Datta
et al. [17], TALT [18] and Huynh et al [19]. However,
many of these methodologies lean towards utilizing ex-
ceedingly large models to attain peak performance, often
neglecting secondary factors such as memory usage and
runtime efficiency. For example, the ResNet-50 uses 45M
parameters and 8GFLOPs, VGGNet uses 133M parame-
ters and 8GFLOPs, etc. This seriously affects the process
of deploying these models on embedded/mobile devices
without GPU support. In this study, we introduce an ef-
ficacious lightweight network that prioritizes minimized
memory and computational expenses. This aspect bears
substantial significance, particularly when deploying the
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model on embedded devices devoid of GPU support. To
be precise, we present an innovative framework rooted in
MobileNet architecture [20] aimed at curbing the model’s
size and computational overhead in the context of SLC.
The principal contributions of this study can be succinctly
outlined as follows:

1) Our proposition involves the introduction of a stream-
lined and resource-efficient network for SLC, built
upon the MobileNet architecture.

Empirical findings from our experiments conclusively
demonstrate the remarkable reduction in both model
size and computational expenditure achieved by the
suggested network, standing in stark contrast to pre-
vailing deep models at the forefront of the field.

2)

II. PROPOSED MODEL

Table 1
THE PROPOSED LIGHTWEIGHT NETWORK FOR SKIN
LESION CLASSIFICATION BASED ON MOBILENET.

Type/Stride Kernel size x No. of filters  Output size
Input layer (224,224.3)
Conv2D / s=(2,2) (3,3) x 8 (112,112,8)
Depthwise / s=(1,1) 3,3) (112,112,8)
Pointwise / s=(1,1) (1,1) x 16 (112,112,16)
Depthwise / s=(2,2) (3.3) (56,56,16)
Pointwise / s=(1,1) (1,1) x 32 (56,56,32)
Depthwise / s=(1,1) 3,3) (56,56,32)
Pointwise / s=(1,1) (1,1) x 32 (56,56,32)
Depthwise / s=(2,2) (3.3) (28,28,32)
Pointwise / s=(1,1) (1,1) x 64 (28,28,64)
Depthwise / s=(1,1) 3.,3) (28,28,64)
Pointwise / s=(1,1) (1,1) x 64 (28,28,64)
Depthwise / s=(2,2) (3.3) (14,14,64)
Pointwise / s=(1,1) (1,1)x128 (14,14,128)
Depthwise / s=(1,1) (3,3) (14,14,128)
Pointwise / s=(1,1) (1,1)x128 (14,14,128)
Depthwise / s=(1,1) (3,3) (14,14,128)
Pointwise / s=(1,1) (1,1)x128 (14,14,128)
Depthwise / s=(1,1) (3,3) (14,14,128)
Pointwise / s=(1,1) (1,1)x128 (14,14,128)
Depthwise / s=(1,1) (3,3) (14,14,128)
Pointwise / s=(1,1) (1,1)x128 (14,14,128)
Depthwise / s=(1,1) (3,3) (14,14,128)
Pointwise / s=(1,1) (1,1)x128 (14,14,128)
Depthwise / s=(2,2) 3,3) (7,7,128)
Pointwise / s=(1,1) (1,1)x256 (7,7,256)
Global AVE Pooling (256,)
Output layer K (K,)

In this part, we first provide a concise overview of the
problem setup. Subsequently, we introduce our proposed
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Figure 1. Several example images on three datasets. In which, the top of the figure is the samples in HAM10000, the middle is the
samples in ISIC 2017 and the bottom is the samples in ISIC 2019.

lightweight network designed for skin disease recognition,
utilizing the MobileNet backbone as its foundation.

1. Problem Setup

Given a dataset denoted by D = {(x1,y1), ..., (XN, YN)}-
In which, x; denotes the RGB training image and y; is
its corresponding label with i = 1,2,...N and N is the
total of samples in D. Note that x; € R¥-W:C where
H,W,C as the height, width, and channel dimension of
the image, respectively, and y; € {1,2,..., K} where K is
the total of classes. We denote p; = Fg(x;) where Fy is
the proposed network and p; is the distribution probability
vector of the network Fg, 0 indicates the trainable set of
parameters. We aim to minimize the distance between the
output prediction y; from Fy and the ground-truth label
y; i.e., §; = argmax(p;) = y;. To do that, we utilize the
standard cross-entropy (CE) to perform this task as follows:

CE(yi,yi) = _Z)’i log(9:) (D

i=1

2. Lightweight Network

Conventional Convolution. is computed over the entire
depth (channel). Therefore, the total parameters of the
network increase significantly depending on the depth of
the previous layer. For example, we assume that the input
of a standard convolution is 2 X w X ¢ we need a set of
kX kxc parameters to perform the convolution operator and
generate an output size of 2’ xw’ X 1. Therefore, we need ¢’
different filters to create the output size of A’ xXw’xc¢’. From
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that, the total parameters used for a normal convolution will
be ¢/’ Xk xXkXc

The number of parameters is negligible if the depth of the
input channel is small (usually in the first layers). However,
when the depth increases gradually toward the final layers
of the Convolutional Neural Network (CNN), the number
of parameters of the model will increase significantly. This
increase in parameters creates cumbersome models that take
up a huge of memory and affect computation speed.

Depthwise Convolution. Inspired by MobileNet, we
adopt Depthwise Convolution to reduce the computational
cost by performing convolution on each slice. Specifically,
each channel will apply a different filter and not share
parameters at all. To produce a pixel point on the output,
regular convolution uses k X k X ¢ operations meanwhile
Depthwise Convolution only utilizes k X k.

Pointwise Convolution. is adopted to change the depth
channel of the output from ¢ to ¢’ by using 1 Convolution.
The detail of our proposed framework is described in Table
L. In which, s denotes the stride of the convolution oper-
ator, Global AVE Pooling is the Global Average Pooling
layer, Depthwise is the Depthwise convolution operator and
Pointwise is the pointwise convolution operator.

III. EXPERIMENT

In this section, we commence by introducing several stan-
dard datasets commonly employed in skin disease recogni-
tion. Following that, we delve into a detailed explanation of
the implementation of our proposed network. Concluding
this part, we provide the results of various experiments,
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Table II
THE COMPARISON BETWEEN OUR PROPOSED LIGHTWEIGHT NETWORK AND RECENT MODELS ON THE
HAM10000 DATASET INCORPORATES THE ACCURACY VALUES ACROSS SEVEN DISTINCT CLASSES.

Model AKIEC BCC BKL DF MEL NV VASC
DenseNet [21] 0.975 0.993 0.960 0.851 0.963 0.975 0.993
VGGNet [22] 0.949 0.977 0.93 0.847 0.925 0.954 0.972
ResNet [7] 0.980 0.997 0.948 0.973 0.961 0.974 0.995
Inception-v4 [23] 0.993 0.997 0.970 0.973 0.965 0.984 1.000
Inception-v4 [23] + SA 0.981 0.998 0.982 0.982 0.974 0.984 1.000
Ours 0.970 0.987 0.936 0.962 0.951 0.964 0.985
Table III

THE TOP-1 ACCURACY OF THE PROPOSED NETWORK AND COMPARE IT TO RECENT APPROACHES ON THE ISIC 2019 DATASET.

Method Method in [24] Ours
AUC Sensitivity Specificity AUC Sensitivity Specificity

AK 91.4 48.4 96.5 91.9 54.6 96.1
BCC 94.9 72.1 94.0 94.1 73.2 93.6
BKL 90.4 39.4 98.5 91.4 42.6 98.0
DF 97.9 57.8 99.2 97.7 58.2 98.1
MEL 92.8 59.4 96.2 924 60.1 95.8
NV 96.0 71.0 97.5 96.5 71.6 97.1
VASC 95.6 64.4 99.1 95.1 64.6 98.5
scc 93.8 439 98.6 922 48.3 98.3
UNK 71.5 0.3 99.9 78.2 38.5 97.8

conduct a thorough analysis, and compare the performance
of our framework against state-of-the-art approaches.

1. Dataset

The experiments are performed on three separate datasets
including the HAM dataset [25], the ISIC 2017 dataset, and
the ISIC 2019 dataset.

The HAMI10000 dataset [25] consists of 10,015 der-
matoscopy images, each sized 450 x 600. It encompasses
seven distinct diagnostic categories: AK, DF, BCC, MEL,
VASC, BKL, and NV. Before their inclusion in the pre-
dictive model, all samples are reshaped to dimensions of
224x224x3. Within the dataset, 9,187 images are allocated
for the training set, and the testing set comprises 828
images.

The ISIC 2017 dataset comprises 2,600 images, each
with dimensions of 767 x 1022. Within the training dataset,
a total of 2,000 images representing three distinct diseases:
benign tumors, seborrheic keratosis, and melanoma. Com-
plementing this, the testing dataset encompasses 600 images
for evaluation purposes.

The ISIC 2019 dataset represents the most expan-
sive compilation of publicly available, quality-assured der-
matoscopy images designed for research endeavors. This
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all-encompassing dataset encompasses a total of 25,331
images meticulously categorized into nine distinct classes.
An illustrative example featuring three datasets is presented
in Fig. 1, where the images from the HAM10000 dataset
are showcased at the top, those from the ISIC 2017 dataset
are displayed in the middle, and the example images from
the ISIC 2019 dataset are depicted at the bottom.

2. Imprementation Detail

Within the paper, we undertake both over-sampling and
under-sampling techniques to attain an equitably distributed
number of images across each class. Subsequently, the
images undergo normalization by scaling each pixel through
division by 255, thereby constraining pixel values within the
range of 0 to 1. Our chosen batch size is set at 128. Em-
ploying the Stochastic Gradient Descent (SGD) optimizer,
we initialize the learning rate to 0.01, which is subject
to a 10-fold reduction if, over 10 consecutive epochs, the
model fails to exhibit performance enhancements. Notably,
the data augmentation strategies adopted are rooted in the
RandAugment methodology [26]. All evaluations of test
results are conducted using the dedicated test dataset. All
experiments have been conducted in the PC with dual CPU
E5-2673 v3 2.4Ghz, 64GB of RAM, and a single GPU
A4000.



3. Performance and Comparison

First, we compare the proposed network with other recent
methods such as [7, 21-23]. The results have shown in
Table II, we found that the proposed framework archives
competitive performance on all classes including AKIEC,
BKL, DF, MEL, and VASC. Specifically, we achieve 97.0%
in terms of accuracy on the class AKIEC outperforms [22]
using VGG network, 98.7% in terms of accuracy on the
class BCC outperforms [22] using VGG network, 96.2% in
terms of accuracy on the class DF outperforms [21] using
DenseNet model and so on. Although our network is not
the best model, it is the smallest network i.e., using fewer
parameters and computational costs compared to very deep
networks such as VGG Net, DenseNet, ResNet, and SENet.

Subsequently, we assess the effectiveness of the pro-
posed network by conducting a comparative analysis with
established methodologies, including [7, 16, 27, 28], using
the ISIC 2017 dataset. The results presented in Table
IV demonstrate the superior performance of our proposed
method across various metrics. In particular, the proposed
network archives 92.5%, 87.8%, 90.2%, and 70.2% in terms
of AUC, accuracy, sensitivity, and specificity, respectively.
Notably, our network secures a top-2 position, trailing only
behind Irv2+SA [17], in terms of sensitivity and accuracy.

Table IV
THE TOP-1 ACCURACY OF THE PROPOSED NETWORK AND
COMPARED TO RECENT MODELS ON THE ISIC 2017 DATASET.

Model AUC Accuracy Sensitivity Specificity
ResNet-50 [7] 0.948 0.842 0.867 0.837
RANS50 [27] 0.942 0.862 0.878 0.859
SENet50 [28] 0.952 0.863 0.856 0.865
ARL-CNN50 [16] 0.958 0.868 0.878 0.867
Irv2+SA [17] 0.935 0.898 0.945 0.711
Ours 0.925 0.878 0.902 0.702

We extend the experiment on the ISIC 2019 dataset and
compare our framework with the method in [24]. Table III
shows that the proposed framework gives better results than
[24] in most classes in terms of standard measures such as
AUC, sensitivity, and specificity. Especially, our proposed
framework achieves 91.9%, 91.4%, 96.5%, and 78.2% on
AK, BKL, NV, and UNK, respectively outperforms the
method in [24] by a margin of 0.5%—1%.

Finally, we conduct a comparison of the model size
and computational cost, i.e., FLOPs, of our framework
with other recent methods for SLC. The data in Table V
indicates that our network achieves the smallest size and
the lowest FLOPs when compared to various methods such
as [17, 21, 23]. Specifically, our model utilizes only 0.2
million parameters and 0.3 GFLOPs for SLC, surpassing
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VGGNet by more than 600 times in terms of model size and
26 times in terms of computational cost. In comparison to
the Irv2+SA method [17], our framework reduces the model
size by 120 times and FLOPs by 20 times. These findings
underscore that our framework significantly alleviates the
memory requirements and inference time of the model,
facilitating easy deployment on embedded and/or mobile
devices without the necessity for GPU support.

Table V
THE DETAIL ABOUT THE NUMBERS OF PARAMETERS
AND COMPUTATIONAL COST (GFLOPS) AMONG OUR
PROPOSED FRAMEWORK AND RECENT APPROACHES.
NOTE THAT 1 GFLOPs EQUALS 10° FLOPs.

Method Architecture Model size FLOPs
Inception-v4 [23] InceptionNet ™ 2G
DenseNet [21] DenseNet SM 3G
VGGNet [22] VGGNet 133M 8G
ResNet-50 [7] ResNet 45M 8G
SENet50 [28] SENet M 0.8G
Irv2+SA [17] Inception ResNet v2 24M 6G
Ours MobileNet 0.2M 0.3G

IV. CONCLUSION

This paper presents the introduction of a lightweight
network for skin lesion classification, leveraging MobileNet
as its foundation. Rather than employing conventional con-
volution layers, our approach utilizes depthwise and point-
wise convolutions to effectively reduce both the model size
and computational cost of the network. Experimental re-
sults across diverse datasets demonstrate that our proposed
framework attains competitive performance compared to
recent methods, all the while utilizing only 0.2M parameters
and 0.3G FLOPs. Moving forward, our research endeavors
will focus on further analysis and the development of new
efficient and lightweight networks to enhance performance,
while concurrently minimizing memory size and inference
time.
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