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ABSTRACT

Skin diseases are among the most prevalent health concerns worldwide, affecting millions
annually and posing challenges in timely diagnosis and effective treatment. Access to
dermatological expertise remains unevenly distributed, particularly in underserved and rural
areas, where delays in diagnosis can lead to advanced complications and increased healthcare
costs. Leveraging advancements in artificial intelligence (Al) and deep learning, this project
introduces "SkinAlI", a mobile-based application for skin disease classification.

This study highlights the importance of developing an Al-powered solution that bridges the
gap between technology and real-world application. By integrating a deep learning- based
model into a user-friendly mobile application, "SkinAI" empowers individuals and healthcare
professionals with an accessible diagnostic tool for early skin disease detection. The proposed
system aims to classify common skin conditions using a robust dataset, ensuring stable
accuracy and adaptability across diverse skin types and diseases including eczema, psoriasis,
basal cell carcinoma and viral infection. The contributions of this project extend to advancing
Al in medical imaging, enhancing healthcare accessibility, and promoting cost-effective
diagnostic solutions. "SkinAlI" not only facilitates rapid skin condition analysis but also
provides users with intuitive interaction, enabling non- technical users to leverage cutting-

edge Al technologies effortlessly.

Area of Study: Deep Learning, Mobile Application

Keyword: Skin Disease, Medical Imaging, Deep Learning, Diagnostic Tools, Healthcare

Accessibility, Artificial Intelligence, Skin Analysis, Skin Disease Classification
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CHAPTER 1

Chapter 1

Introduction

In this chapter, we present the background and motivation of our research, our

contributions to the field, and the outline of the thesis. ..........

1.1 Background Information

Skin is the covering layer of human body’s surface, and it is the largest organ in human
body. The main function of skin is to provide protection and receives sensory stimuli
from external environment, mitigating the harmful impact on human body [1]. In
human daily life, there are so many factors that will inadvertently or unintentionally
affect the status of the skin, such as smoking, poor diet, poor-quality sleep, stress and
anxiety, a sedentary lifestyle and sun exposure [2]. These conditions not only weaken

the integrity of skin but can also lead to diseases that endanger human life.

Skin diseases are common in Malaysia and impose a notable public health
burden. According to the National and hospital-based research, it indicates that eczema
impacts approximately 13.4% of Malaysian children, making one of the highest figures
noted in Asia [3]. Furthermore, the rates of having psoriasis in Johor Bahru increased
from 0.27% to 0.51% from 2010 to 2020 [4], while 12.3% of restaurant workers in
Peninsular Malaysia were found to have suspected occupational skin diseases [5].
Taken together, these researches highlight the importance of resources that can prompt
identification of skin diseases whatever through online or offline channels. These data
emphasize the necessity for different solutions to facilitate prompt and dependable
disease identification. In recent, artificial intelligence (AI) development, especially
deep learning, has demonstrated considerable potential in medical imaging that can

provide automated solutions in assisting diagnosis of skin diseases.

Convolutional neural networks (CNNs) was one of the deep learning methods
that profoundly impacted the field of image detection and classification. By
progressively modifying the weight across various layers, CNNs can extract
hierarchical features from images and make them particularly efficiency at recognizing

skin conditions through clinical images. This project is aimed to develop an Al-based
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CHAPTER 1

application that can leverage deep learning methods like CNNs for accurate skin disease

classification, connecting dermatological knowledge with practical healthcare demands.

1.2 Problem Statement and Motivation

Skin diseases affect millions worldwide, yet access to dermatology expertise remains
unevenly distributed. The underprivileged population has restricted access to
dermatology specialty care due to the socioeconomic status, living area and
dermatologist location distribution [6]. In many rural areas, patients often experience
delays in diagnosis or obtain inaccurate assessments due to the shortage of specialists.
These difficulties may result in a decline in quality of life and higher medical expenses.
In the case of contagious conditions, this may further escalate into public health risks.
The need of effective diagnostic techniques with high accuracy of detection is required
to increase the sizeable section of the population served while ensuring the diagnostic
results are correct at the same time. Although recent advancements in Al show promise
for medical image classification, the existing skin diseases classification models face
limitations in Malaysia due to the variable accuracy, incompatible skin disease classes
and insufficient practical usability for broader implementation in healthcare

environments.

As an individual with an allergy-prone skin type, the past experiences further
motivated the development of Al-based skin disease classification application that is
more accessible, accurate and user-friendly. Due to the high expenses of medical
consultations and the time required to have a call on specialist care, these often create
uncertainty for patients about whether a skin disease warrants a dermatologist’s visit.
Moreover, most existing Al-based solution model are mainly intended for research and
do not have user-friendly interfaces for non-technical individuals like patients. As a
result, non-technical practitioners might be unsure about how to effectively engage with
these systems, such as submitting an appropriate skin image for classification. Thus,
this consider as a compelling reason to create “SkinAl” application that combines
cutting-edge deep learning methods for accurate classification of prevalent skin
diseases while also offering an easy-to-use platform. This proposed system would
ultimately connect advanced Al technologies with practical dermatological

requirements.
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CHAPTER 1

1.3 Project Objectives

The first objective of this project is to create and train deep learning models that can
reliably classify four types of common skin diseases with consistent accuracy. The skin
diseases classes include eczema, psoriasis, basal cell carcinoma and viral infections
such as warts and molluscum. By utilizing CNNs and transfer learning, the aim of the
project is to provide a dependable model that give reliable and consistent classification
results. The used dataset also guarantees that the project stay aligns to the need of

patients from regions around the world.

The second objective is to examine and compare three different deep learning
algorithms such as MobileNetV2, ResNet50 and EfficientNetB2, to determine the best
model for mobile use. This evaluation will enable the project to validate the selection
of the most effective algorithm and offer perspectives on the trade-offs related to
accuracy, efficiency and computational expense. In this way, it ensures that the final
chosen model is both precise and fine-tuned for immediate application on smartphones

with limited resources and environment.

The third objective centers on incorporating the chosen Al model into a mobile
application, featuring an easy-to-use and accessible interface. This application aims to
enhance the accessibility of Al-powered skin disease detection to public. In doing so,
the application is expected to narrow the gap between advanced Al technologies and

real healthcare requirements.

1.4  Project Scope and Direction

The scope of this project is to design an Al and mobile-based application named
“SkinAI”. This application integrated a deep learning model to identify four common
types of skin diseases. By analysing and comparing 3 different deep learning algorithms,
a final working prototype that includes pre-trained CNNs, techniques for transfer
learning and methods for images preprocessing to attain precise classification results
will be chosen. However, the scope of this project is limited to disease classification
only. Beyond classification, the model will not cover any complex medical diagnostics

or medical image segmentation result.

The working prototype will further design into a mobile application with a

simple and user-friendly interface to facilitate easy interaction for public. This
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CHAPTER 1

application will be able to run on common smartphone devices, ensuring broad usability
and practicality. Users can either register a new account or continue in anonymous
mode to access the application. They can upload images for classification and review
their classification history. However, beyond the skin disease classification function,
the application does not cover any other advance functions such as online medical

consultations and medicine prescription features.

1.5  Impact, Significant and Contribution

Firstly, this project aims to contribute significantly to the field of medical image
processing and Al-driven healthcare solutions. The core contribution is the exploration
of deep learning methods to improve the efficiency and accuracy for medical image
classification in the field of skin disease. By refining the existing algorithms and testing
them against challenging datasets, it advances the technical capabilities of Al
applications in medical field. The fast analysis and identification of skin disease will
help people get a basic understanding of their skin threats and it assists people to make

informed decisions about seeking professional dermatological care.

Secondly, another important contribution is the accessibility of people in
healthcare. The lack of an intuitive user interface in many current Al models for skin
disease medical picture classification renders them unsuitable for non-technical. In this
project, the integration of deep learning model and intuitive application will be explored
and provide convenience to public. With the help of this project, people could be able
to utilize cutting-edge technologies without requiring specific technical knowledge and

simply detect skin disease by himself even at home.

Lastly, this project seeks to address societal challenges by developing a scalable
and reasonably priced solution for early skin disease classification. Many people,
especially those in underserved communities, lack access to dermatologists or
affordable healthcare. By focusing on skin disease classification using deep learning,
contribution of development an Al-based tool can benefit a wider audience, offering a

second opinion that is cost-effective, time-saving, and easy to use.
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CHAPTER 1

1.6 Report Organization

This report has been divided into seven chapters: Chapter 1, Introduction, Chapter 2,
Literature Review, Chapter 3, System Methodology, Chapter 4, System Design,
Chapter 5, System Implementation, Chapter 6, System Evaluation and Discussion, and

Chapter 7, Conclusion and Recommendation.

Chapter 1 presents the background of the project, problem statement and motivation,
project objectives, project scope and direction, project significance and contribution,
and organization of the report. Chapter 2 discusses the associated concepts,
technologies, and past works associated with the classification of skin diseases, deep

learning, CNN models, and mobile-based healthcare applications.

Chapter 3 covers the system methodology, such as data set preparation,
preprocessing, the model training strategy, evaluation metrics, system architecture, use
case diagram, activity diagram and verification plan .Chapter 4 provides the system
design of the SkinAl system such as the system block diagram, system component

specifications, software component design and component interaction operations.

Chapter 5 covers the system implementation, such as the development environment,
the integration of the TensorFlow Lite model, the implementation of the Android
application, screenshots of system operation and problems faced during the
implementation. Chapter 6 assesses and discusses the final system by providing model
testing results, Android application testing, project challenges, system limitations, and

objectives evaluation.

This chapter is the final chapter of the SkinAl project, which summarizes the entire
development, performance, contributions of the project, limitations, and

recommendations to develop the project further.
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Chapter 2

Literature Review

2.1 Key Concept
2.1.1 Machine Learning

Machine Learning (ML) is a subfield of artificial intelligence (AI) that allows
computers to identify patterns in data and make predictions without explicitly
programming [7]. ML methods are typically categorized into supervised, unsupervised
and reinforcement learning. While supervised learning is the most prevalent for

classification tasks like medical diagnosis.

2.1.2 Deep Learning

Deep Learning (DL) is a specialized branch of ML. It leverages artificial neural
networks with many layers, which also known as deep architectures, to learn complex
hierarchical representation of data [8]. The difference is ML methods require manual
feature extraction while DL models automatically extract features directly from raw
data. This feature makes DL particularly more suitable for task such as image
recognition and medical image analysis. General DL algorithms including

convolutional neural networks, recurrent neural networks and transformer networks.

2.1.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a type of deep learning model specifically
developed for the analysis of visual information [9]. CNNs consist of multiple essential

layers:
1. Input image: Capturing visuals and text as pixels

2. Convolutional layers: A small filter moves across the images and detects

features like edges or corners.
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CHAPTER 2
3. Activation Function (ReLU, Rectified Linear Units): Triggers the network by
permitting only positive signals to go through.
4. Pooling layers: Reduce dimensionality while preserving important features.
5. Fully Connected layers: Combine extracted features for classification.

6. Output Layer: Produces the final result.

Convolutional Neural Networks
(Al Deep Learning)

Pooling Pooling Pooling /;_‘,‘;" Output

Convolution Convolution Convolution

SoftMax
Activation
Function

Kernel + + +
Flatten
RelU RelU RelLU Layer Fully
Connected
Feature Maps Layer
Feature Extraction Classification Probabalistic

Distribution

Copyright 2025, Dragon1, www.dragon1.com

Figure 2.1 Convolutional Neural Network flow diagram

A CNN is made up of several layers that collaborate together to progressively
gain a deeper understanding of an image. This enabled the network to initially learn
basic features such as lines, then gradually more intricate shapes such as eyes and
objects. Therefore, CNNs work much more efficiently and accurately in image

classification and computer version.

2.1.4 MobileNetV2

MobileNetV2 is a lightweight 53 layers CNN model with an input size of 224 x 224
[10]. It 1s specially designed for mobile and embedded vision applications due to the
low latency and low power consumption. By implementing the depth wise separable
convolutions concept, it separated the filter and process the features efficiently. This

reduces the number of parameters needed to perform precision training compared to
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traditional CNNs. In addition, mobileNetV2 utilized inverted residual blocks with
linear bottlenecks which features are expanded into a wider layer to capture richer
patterns and then they are compressed back into smaller dimension using a linear

activation to avoid losing import information.

Add conv 1x1, Linear
conv 1x1, Linear T

T Dwise 3x3,
stride=2, Relub

Dwise 3x3, Relu6 T

!

Conv 1x1, Relug

1
Cfﬂiw?) / Cinput >

Stride=1 block Stride=2 block

Conv 1x1, Relub

Figure 2.2 MobileNetV2 architecture diagram

These features help MobileNetV2 to achieves a strong balance between speed

and accuracy, making it ideal for limited computational resources [11].

2.1.5 ResNet50

ResNet50 is one of the most widely used versions in the family of Residual Network
family. It consists of 50 layers with an input size 224 x 224, each structured into a series
of bottleneck residual blocks. ResNet50 pioneered the concept of skipping connections
to address the vanishing gradient problem in deep networks. This concept allows the
input data to bypass one and more layers, making the gradients flow more directly
during training. Thus, the ultra-deep architecture will be more feasible and accurate

[12].
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identity

Figure 2.3 ResNet50 architecture diagram

Resnet acts as a solid baseline model for various image recognition tasks
because of its effective feature extraction and impressive accuracy. However, the

performance is directly proportional to the computational expenses.

2.1.6 EfficientNetB2

EfficientNetB2 is the scaled-up variant within the EfficientNet family. The architecture
of EfficientNetB2 is based on Mobile Inverted Bottleneck Convolution (MBConv)
blocks which similar to those found in MobileNetV2. EfficientNetB2 uses an input size
of 260 x 260 which is larger than the baseline EffcientNetBO that uses 224 x 224,
allowing it to capture finer spatial details in images. Unlike traditional CNNs that scale
by only increasing depth and weight, EffcientNet employs a compound scaling method.
This method scales the depth, width and input resolution in a coordinated manner,

enabling the network to attain high precision while remaining efficient [13].

Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Block 7
Stem Module 2 ’ Module 2 n Module 2 Module 2 ‘ Module 2 Module 2 | Final Layer i
Add Ih Add Add Add Add Add
Add Add Adld [N Add |§ Add
X2 X2 X3

Figure 2.4 EfficientNetB2 architecture diagram
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EfficeintNetB2 has demonstrated strong performance in transfer learning
scenarios. It delivers accurate classification with minimal computational costs when
pre-trained on large datasets like ImageNet and fine-tuned on smaller and domain-
specific datasets. This trade-off between accuracy and efficiency makes EfficientNetB2
a viable option for skin disease classification, especially for applications that may be

deployed on resource-limited or mobile devices.

2.1.7 Transfer Learning

Transfer learning is a machine learning approach where knowledge acquired from one
task is used to enhances model performance on another related task [14]. Since training
CNNs from scratch requires massive labeled datasets and high computational resources,
transfer learning addresses this challenge by reusing knowledge from pre-trained
models that have been trained on large datasets such as ImageNet. This approach speeds
up the development process, minimized computational requirements and greatly

improves the model performance.

2.2 Previous work on skin diseases classification

There are few ways to classify the skin diseases where it depends on traditional or
modern technologies. With the rapid development of the artificial intelligence and deep
learning technologies, the field of automated skin disease classification has been greatly
improved. These methods provide patient a valuable support for dermatologists while
ensuring a stable accuracy in diagnosing various skin conditions at the same time. This
section examines relevant research and categorizes them based on their assessment

criteria, dataset, feature extraction methods and classification algorithms.

2.2.1 Physical Examination with Clinical Expertise

Firstly, dermatologists would assess the patient’s medical record to discover the
possibility of genetic disease. After that, a full skin examination including examination
of scalp, nails and mucous membranes will be carried out to assist dermatologists to

determine the type of skin condition [15]. By observing the physical characteristics of
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the skin lesions such as color, shape, size and location of the abnormality,
dermatologists will have a preliminary diagnosis on the type of skin disease. In cases
where is serious conditions or diagnosis cannot be make based just on the appearance

of the skin lesion, advance tests should be conducted to further investigate on it.

This hands-on examination requires experienced dermatologists to accurately
distinguish between different skin diseases because it is challenging given the overlap
in symptoms across various conditions such as color, texture and other features.
However, the approach of making diagnoses based on experience and knowledge falls
well short of providing patients with the medical resources they need as the
dermatologists’ growth rate and the incidence rate of skin disease is mismatch at the

time.

2.2.2 Histopathology

Histopathology is the cornerstone in traditional skin disease diagnosis, especially to
detecting cancerous lesions. This technique involved taking a biopsy which is a small
piece of skin from the affected skin area and examining it under a microscope [15]. In
the process, dermatologists will numb a small area of skin using a scalpel or punch tools

and sent to a laboratory for examination after removing a piece of skin.

Tissue sample

|
Punch tool \F

J

o
TS\

Punch Biopsy

Figure 2.5 Histopathological examination
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Although this method provides a high accuracy, histopathological examination
is time-consuming and requires the results to be interpreted by qualified pathologists.
It takes 4 to 5 days to generate the result report which requires a large amount of time,
and it may affect the patient getting cure on time. Besides, histopathological

examination can be costly and invasive due to the need for laboratory investigations.

2.2.3 Skin Diseases Detection Using Image Processing in Machine Learning

Jagdish etal. [16] proposed a model to detect and classify skin diseases by applying
advanced image processing and machine learning techniques. This study is only
focusing on two types of skin diseases, Basal and Squamous cell diseases, and the
investigation process was divided to four stages which is image preprocessing,

segmentation of image using fuzzy clustering, feature extraction, and classification.

Data size is 50 images of sample, collected from 50 patients from the hospital.

Segmentation

Input Layer Convolutional Layer Pooling Layer Hidden Layer Output Layer|

|

CLASSIFICATION

Figure 2.6 Review model 1 progress cycle

The methodology is the highlighted point of the study. By employing a step-by-
step process, Jagdish started with image preprocessing which is a method to remove
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background noise from images by using median filter. Then, they use advanced
techniques like fuzzy clustering for segmentation and wavelet transform for feature
extraction have further underscores the methodological rigor. Moreover, a comparative
analysis of K-Nearest Neighbors (KNN) and Support Vector Mechanics (SVM) was
conducted to offer a valuable insight into their relative effectiveness in the context of
skin disease detection. As a result, KNN demonstrated higher accuracy with

performance of 91.2% which indicated as a reliable result for practical applications.
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Algorithm Feature Wavelet-based SYMLET Analysis
Extraction
sym2 sym3 sym4 sym5 symé6 sym7 sym8
R _Color 77 67 87 93 76 54 75
KNN G _Color 87 65 65 67 88 76 48
Classification B _Color 68 88 85 77 64 53 64
Mean_ Value 66 86 65 65 65 85 65
SD_Vvalue 85 92 73 54 63 76 81
Entropy 54 66 82 88 66 86 56
Ellipticity 73 55 76 64 75 96 79
Intensity 45 76 46 88 74 75 46
Coefficient 65 54 72 64 56 74 56
with
Correlation
Owverall Accuracy Using KNN Classification
symz2 sym3. symd symS symb sym7 sym8
Basal Disease Accuracy (%) a7 40% BB% 91.2% T A0% TE8%
Squamous Disease Accuracy (%) 34% 89% 0% 39% 54% B4% 60%
Feature sym2 sym3. symd symS symé sym7 sym8
Extraction
R _Color o7 20 B0 >3 32 34 =13
G _Color Lt B5 53 75 64 24 74
SVM B _Color 86 77 54 73 53 46 &9
Classification
Mean_ Value 8BS 43 63 32 46 57 &7
SD_Value 74 [:2=3 a7 7> a7 83 =23
Entropy 29 64 75 75 46 56 53
Ellipticity 83 =23 o3 =153 49 =3 45
Intensity 63 54 B85 63 52 B6 Fi:
Coefficient 76 B4 36 85 85 B84 87
with
Correlation
Owerall Accuracy Using SWM Classification
sym2 sym3. symd symbS symib sym7 syma
Basal Disease Accuracy (%)
T7% 50% 7O% BS % 83% TEM 56%
Squamous Disease Accuracy (%) 34% 79% o0% 69% 54% B3% 00%

Table 2.1 Result of review model 1

Despite its strengths, the major limitation of this study is the used of small
dataset size which consists of only 50 images. The limited sample size will raise
concerns about the generalizability of the result, especially when it applies to bigger
datasets or diverse populations. Furthermore, the reliance on machine learning

algorithms such as KNN and SVM is effective for structured data but not fully exploit
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to hierarchical features present in medical image. By using machine learning, the study
will need to develop extensive manual feature engineering which is both time-

consuming and prone to human error.

2.2.4 Skin Disease Detection Using Convolutional Neural Networks (CNNs)

T.Shanthi, R. S. Sabeenian and R.Anand [17] introduced a study about developing a
computer vision system for automatic diagnosis different type of skin diseases. By
utilizing an 11-layer CNNs architecture such as convolution layer, rectified linear unit
layer (ReLU), pooling layer and fully connected layer, it validated on DermNet
database images to classify common skin disease such as acne, keratosis, eczema
herpeticum and urticaria. Each of the image classes contain around 30 to 60 different
samples. As a result, the model demonstrated high classification accuracy ranging from

98.6% to 99.04%, showing the potential deep learning techniques in dermatological

diagnosis.
Classification of skin Predicted class Per class
disease images accuracy
Acne Keratosis Eczema Urticaria
herpeticum
Actual  Acne 12 2 0 0 85.7
class
Keratosis 1 24 0 1 923
Eczema 1 0 14 0 93.3
herpeticum
Urticaria 0 0 1 13 92.8

Table 2.2 Result of review model 2

The significant strength of the study is the usage of CNNs layer. It proven the
effectiveness in automatically extracting hierarchical features from images without the
need for manual feature engineering which belongs to machine learning. As CNNs are
deep learning models which capable of automatically learning important features from

raw images, it overcomes the limitations of using traditional texture-based analysis such
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as Gabor filters and Gray Level Co-occurrence Matrix (GLCM). CNNs adapt to
differentiate the variation in skin tone, texture and lesion appearance without requiring
manual intervention. Therefore, CNNs is exploited to better suited for tasks like skin
disease classification compared to machine learning methods to handle. Besides,
DermNet is a publicly reliable database platform which it enhances the reproducibility

and credibility of the result.

While the limitation of the study is the computational requirements. Training
CNNs is computationally expensive, especially for deeper layer of model. A powerful
GPUs and suitable environment must be set as a goof barrier for some researches or
institutions. It also takes significant processing time for training the deep learning
machine. Besides, domain expertise is still needed for the pre-processing steps in order

to make an image enhancement or augmentation for higher accuracy.

2.2.5 Skin Disease Detection Using Deep Learning and Ensemble Learning

Anabik Pal et al. [18] explores an ensemble deep learning approach to classify skin
disease using dermo copy images. The main approach of this study is to combine three-
state-of-the-art CNN architecture including ResNet50, DenseNet121 and MobileNet,
to classify seven types of common skin disease. The dataset used is available from ISIC
2018 website with 10,015 training images and 193 validation images which is
considered as high valuable dataset that can provide large insights. Lastly, majority
voting technical will be used to represent as the final result of skin disease detection
test. In this study, it is proven that ensemble methods performed a better performance
than individual models which 0.775 accuracy was achieved. When evaluated separately,
ResNet50 attained an accuracy of 0.773 but demanded significant computational
resources, DenseNetl21 reached a moderate accuracy of 0.698 while MobileNet

recorded the lowest accuracy at 0.597.
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EXPERIMENTAL RESULT

51 No. Method Score
1 ResMNet-50 073
2 DenseMet-121 0658
3 MobaleMNet 0507
B Ensemble (1.2) 076y
5 Ensemble (2.3) 0715
4 Ensemble (1.3) (il |
7 Ensemble (1,2.3) | L7758

Table 2.3 Result of review model 3

The strength of this study lies in the use of advanced diagnostic models like
ensemble learning, transfer learning, state-of-the-art architecture that leverage deep

learning to identify skin disease with higher accuracy.

However, the ensemble method is time-consuming and computationally
expensive due to the need of training multiple models and combining their outputs. This
raised the problem of heavy system and memory needed. Therefore, although the
method demonstrated high accuracy, it might not be appropriate for use in resource-
limited environments like mobile application, where efficient and lightweight models

are favored.

2.2.6 Skin Disease Detection Using CNN in Mobile-based

Maduranga etal. [19] presented an artificial intelligence based mobile application to
detect seven types of skin diseases. By using CNNs, MobileNet and transfer learning
technologies, different skin disease on the HAM10000 dataset can be classify with an

accuracy of 85%.

Precision Recall Fl-score | support
akiec 0.73 0.46 0.57 69
bec 0.83 0.67 0.74 93
bkl 0.65 0.77 0.71 228
df 0.81 0.6l 0.69 28
mel 0.73 0.69 0.71 226
nv 0.94 0.95 0.94 1338
vasc 0.95 0.86 0.90 21
Micro avg
0.87 0.87 0.87 2003
Macro avg 0.80 0.72 0.75 2003
Weighted avg 0.87 0.87 0.86 2003

Table 2.4 Result of review model 4
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On the other hand, a mobile application interface is built to integrate with the
model for quick and accurate action. This approach brings convenient for general

practitioners, allowing them to quickly diagnose skin diseases even using smart phone.

I se camera
Result

Image Selection .__'a.', : Y
Ha&

" s
Automatic skin \.“" CNN meodel Mobile S(reen\

disease identification ) o
mobile app Use Gallery
e
Additional
Information

Figure 2.7 Mobile app progress cycle of review model 4

Although the research displays encouraging results, certain limitations can be
recognized. In order to have a well fit in mobile application environment, this research
chose MobileNet as the favored model compared to other options. The lack of
presenting a thorough comparison with other deep learning models and robust evidence
tables to back the selection raised concerns about whether MobileNet was the best
architecture for achieving a balance between accuracy and efficiency in mobile
applications. This could greatly reduce the reliability of the research result.
Furthermore, while the dataset comprises seven skin diseases, these diseases may not
correspond with the most frequent or urgent skin diseases found in Malaysia. In this
way, it restricts the local relevance of the solution since healthcare requirements can

vary by region.

2.3  Fact Finding

The global shortage of dermatologists is a popular public health challenge whose
impact extends far beyond any single country. The shortage is most happened in sub-
Saharan Africa where these countries have fewer than one dermatologist per million
people. This causes large segments of the population cannot access specialized care in
time. Not only that, Asia which accounted for the largest share of the global population,

there are still many countries that have fewer than one dermatologist per 100,000 people

Bachelor of Information Systems (Honours) (Information Systems Engineering)
Faculty of Information and Communication Technology (Kampar Campus), UTAR

32



CHAPTER 2

and most specialists are highly concentrated in major cities only [20]. Based on the
research, the Global Burden of Disease Study 2021 ranked skin diseases as one of the
top ten causes of non-fatal disease burden. However, many resource limited regions are
continuing facing severe shortages of dermatologists, dermatology training and
underdeveloped health infrastructure, limiting public access to diagnosis and consult

medications [21].

This global mismatch showed that patients in rural areas are frequently
experiencing delayed diagnoses or they often rely on general practitioners that does not
have professional dermatological training to manage complex skin conditions.
Malaysia represents one example of this broader global trend. The official Ministry of
Health (MOH) reported an uneven distribution of dermatologists across multiple areas,
with certain states facing shortages of specialists and depending on contracted
dermatologists [22]. This deficit frequently results in extended wait times, especially in
rural and semi-urban regions. Furthermore, a study conducted in the Petaling District
showed a notable link between individual awareness of skin infections and their quality
of life, suggesting that insufficient public awareness is a major obstacle to timely

diagnosis and successful treatment [23].

To tackle this problem, a simple mobile application could aid in encouraging
early diagnosis because younger people generally favor easy digital options rather than

spending time waiting in hospitals.

2.4 Data Collection

Skin diseases represent one of the most significant health burdens globally. The Global
Burden of Disease Study 2021 reported a global incidence of 2 billion prevalent cases
and 41.9 million disability-adjusted life years (DALYs) due to skin diseases with

incidence and prevalence more than 35% higher than in 1990 [24].

Among the overall burden of skin disease, several common conditions deserve
particular attention, including skin cancer, eczema, psoriasis and viral infections. Basal
Cell Carcinoma (BCC) is the most common type of skin cancer. It makes up about 80%
of all non-melanoma skin cancer cases and the number of cases is increasing by around

3-10% each year [25]. Eczema is also a very common skin disease. It affects around
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11% of children and about 6% of adults worldwide [26]. In general, up to 20% of
children and 10% of adults may experience eczema at some point, showing the
infectivity of this disease [27]. Psoriasis is a long-term condition caused by the immune
system and is recognised as a serious noncommunicable disease. According to the
World Psoriasis Day consortium, 2 to 3% of the total population which approximately
125 million people around the world have affected by psoriasis [28]. In additional, viral
skin infections that include warts and molluscum are also a very common skin disease.
In 2021, there were about 84.7 million new cases worldwide with over 130 million total
cases [29]. All of this evidence shows that these four skin diseases are common and

affect many people worldwide.

In addition, technological advancements further strengthen the justification for
Al-based approaches. Reliable platforms such as Kaggle and GitHub provide free
access to comprehensive datasets that support deep learning model development. For
instance, the HAM10000 dataset, which contains more than 10,000 images of skin
conditions, has become a standard benchmark for training CNNs in dermatology [30].
Moreover, both lightweight and heavy deep learning architectures have been developed
to balance computational cost and accuracy, making them suitable for different
environments. This indicates that the resources required for training and deploying

mobile Al applications in dermatology are already sufficient and accessible.

2.5 Critical Remark for Previous Work

From the literature review, traditional methods like physical exams and histopathology
offer high precision but are constrained by their invasive nature expense and long
processing durations. This renders them impractical for rapid screening in resources
limited areas. The goal of this “SkinAI” proposed project will overcome this shortage
by emphasizing lightweight and rapid Al models suitable for mobile deployment to

achieve faster outcomes.

Approaches based on machine learning like Jagdish et al. showed that
combining feature engineering with classifiers such as KNN and SVM can reach
notable accuracy levels. Nonetheless, the research dependence on a limited dataset and
manual feature extraction restricts both scalability and resilience. To address this issue,

the proposed project will utilize extensive publicly datasets from Kaggle and apply
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transfer learning with CNNs architecture. In this way, it minimized the requirement for

manual feature extraction and enhancing generalizability.

On the other hand, CNN based studies like Shanthi et al. demonstrated the
effectiveness of deep learning in feature extraction and attaining exceptionally high
precision. However, the deep learning model consists 11 layers of CNNs only which
the small datasets was trained on superficial of CNN architectures. This could raised
issues regarding scalability and performance in real world scenarios. The proposed
project is differed by testing more advanced architectures like ResNet, MobileNet
which have deeper CNN layers and can demonstrate greater effectiveness in managing

intricate image classification challenges.

The CNN based research conducted by Anabik Pal at al. emphasized the
benefits of ensemble learning. By comparing the final accuracy of different
combinations of algorithms, it proven that ensemble learning achieved greater accuracy
than standalone models. Individual models such as MobileNet, ResNet and DenseNet
did not produce equally high accuracy levels. Even with this benefit, the considerable
time and computational expenses of ensemble methods render them less appropriate for
mobile apps. To achieve a balance between precision while minimizing the strain on
mobile device resources, the proposed project focuses on the analysis of lightweight
but efficient single-model designs by utilizing the layers and weights of CNNs

architectures.

Finally, the research by Maduranga et al. effectively showcased the possibility
of incorporating a CNN model into a mobile application and it was closely matches the
goals of the proposed project. However, the research did not offer comparative findings
on MobileNet model with other deep learning models. Moreover, the dataset utilized
contained skin diseases that might not reflect the most prevalent skin diseases in
Malaysia. To overcome these limitations, the proposed project intends to carry out a
comparison between different deep learning models while concentrating on a more

specific set of common skin diseases pertinent to the local environment in Malaysia.
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Chapter 3
System Methodology

This chapter presents the system methodology and design used to develop the Al-based mobile
application for skin disease classification, SkinAl. It explain clearly how the deep learning

model and Android application were planned and structured before implementation.

3.1 Project Methodology

The general methodology of this project is structured and organized into a pipeline that links
development of deep learning models and implementation of an Android mobile application.
The initial stage is concerned with the development of deep learning models, whereas the
second stage is concerned with the integration of Android applications. During the model
development stage, the skin disease dataset is prepared, preprocessed, augmented, and used in
training the three CNN models, including MobileNetV2, ResNet50, and EfficientNetB2.
Training of these models is done through transfer learning and compared using the same

method of evaluation to ensure fairness.

The training and testing of the models are followed by the process of selecting the best
model according to the accuracy of the classification and the ability to deploy the models in a
mobile setting. The chosen model is then translated into the TensorFlow Lite and embedded
into the Android application. During the application phase, the user is able to log-in with
Google sign-in or anonymous, accept the terms and the disclaimer, select or capture a skin
image, perform a classification, view the result and save scan records using Cloudinary and

Firebase Firestore.

3.1.1 Dataset Preparation

The dataset used in this project was obtained from Kaggle [31]. There is total of four types skin
diseases, including eczema, psoriasis, basal cell carcinoma and viral infection like warts and

molluscum (See Appendix A)

These four classes were selected because they represent common types of skin-related

conditions like inflammatory skin diseases, cancer-related lesions, and infection-related skin
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conditions. In this project, the data of the four diseases was set up to undergo supervised

classification of images where each image is allocated to either of the four target classes.

Skin Disease Classes | Number of Images

Eczema 1,677

Psoriasis 2,055

Basal Cell Carcinoma | 1,600

Viral Infections 2,103

Total 7,435

Table 3.1 Dataset Distribution

The dataset was maximally expanded to improve model learning and classification
performance. The final dataset contains a total of 7,435 images with eczema class containing
1,677 images, psoriasis contains 2,055 images, basal cell carcinoma contains 1,600 images,

and viral infections contain 2,103 images.

Dataset Split Percentage (%) Number of Images
Training Set 70 5,204
Validation Set 15 1,115
Testing Set 15 1,116
Total 100 7,435

Table 3.2 Dataset Separation

The dataset was divided into training, validation, and testing sets using a 70:15:15 ratio.
The training set consists of 5,204 images, the validation set consists of 1,115 images, and the
testing set consists of 1,116 images. In this project, training dataset was used to train the CNN
models and validation dataset was used to track the performance of the model in training.
Testing dataset was not used during training but was used to test the final model after it finished
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finalizing. The data separation progress is significant because it enables the model performance
to be measured using unseen data, which gives a more accurate pointer to the model

generalization.

3.1.2 Dataset Preprocessing and Augmentation

Data preprocessing was performed to make sure that all the images were compatible with the
input requirements of the CNN models. Thus, all three models were fed with this input size in

order to have consistency and fairness during model comparison.

Original Resize to Convert to Apply Data Apsp";:;?:el' CNN Model
Image 224 x 224 RGB Augmentation Preprocessing Input
—l

Random Rotation

Horizontal Flip

Vertical Flip

Brightness Adjustment

Contrast Adjustment

Figure 3.1 Data Preprocessing and Augmentation Pipeline

The figure above shows the preprocessing and augmentation pipeline used in this project.
All the images were scaled to 224 x 224 pixels and transformed into RGB format before being
used as model input. After that, data augmentation was done on the training data. This is
intended to make images more varied and to decrease the probability of overfitting. The
augmentation techniques that were applied in this project were random rotation, horizontal
flipping, vertical flipping, brightness adjustment and contrast adjustment. Random rotation was
done on 0°, 90, 180 or 270 degrees of rotation. Maximum delta of brightness was set to 0.15

and contrast adjustment was set to 0.85 to 1.15.

After augmentation, model-specific preprocessing is applied according to the selected CNN
architecture. For example, MobileNetV2 used the MobileNetV2 preprocessing function while

ResNet50 and EfficientNetB2 will also use their respective preprocessing function. This is to
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make sure that the pixel values are converted to the desired format of each pretrained model.

Overall, this pipeline helps improve model generalization and reduces the risk of overfitting.

3.1.3 Transfer Learning of CNN Models

In this project, transfer learning was implemented to enhance the performance of the pretrained
models and eliminate the necessity to train CNN models from scratch. Deep CNN model
training is expensive, both in terms of data and computational capacity. Thus, pretrained CNN
models were used as backbone feature extractors. These pretrained models were trained with
ImageNet weights and so they had already learned on the general image concepts like edges,

textures, shapes, and patterns from a large-scale image dataset.

This project compared three CNN architectures that were trained, including MobileNetV2,
ResNet50, and EfficientNetB2. During the initial phase of the project, EfficientNetBO was
taken into consideration because of its small architecture and ability to run on a mobile platform.
Nevertheless, as the development phase proceeded, EfficientNetB2 was added as the refined
EfficientNet candidate to enhance the eventual model comparison. Thus, the last model

comparison is MobileNetV2, ResNet50, and EfficientNetB2.

A custom classification head was connected to each CNN backbone. The head of the
classification was to map the extracted image features into four output classes which are
eczema, psoriasis, basal cell carcinoma and viral infection. The last output layer employed the

use of Softmax activation to generate probability scores of the four disease classes.

Input Image
224 x 224 x 3

Pre-trained CNN Backbones

Backbone Backbone Backbone

)

[ Custom Classification Head ]

l

Softmax Output

[ MobileNetv2 ] [ ResNet50 J [Efﬁcienmemz]

[ Eczema / Psoriasis / BCC / Viral Infections ]

Figure 3.2 Transfer Learning Approach
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The above figure illustrates the transfer learning approach used in this project. The input
image is first passed into a pretrained CNN backbone which will extract the visual features of
the skin image. Then, the extracted features are passed into a custom classification head that
uses Softmax to calculate the probability scores and maps them into four categories of skin
diseases. The design of the classification head is the same in all the candidate models to
facilitate fair comparison. This will enable the models to reuse the ImageNet knowledge that
has been previously trained while adapting the last layers to fit the skin disease classification

problem.

3.1.4 Training Strategy

The CNN models were trained using a three-stage training strategy. This strategy was designed
to slowly tune the pretrained models to the skin disease data. The candidate models were put

through the same training strategy so that there was fair comparison.

Stage 1: Frozen Backbone
* 20 Epochs
* Learning Rate = 5e-4
« Only classification head is trained

i

Stage 2: Fine-Tuning
« 35 Epochs
¢ Learning Rate = 1e-4
o Last 60 backbone layers are unfrozen

4

Stage 3: Final Optimization
* 5 Epochs
¢ Learning Rate = 1e-6
» Small weight updates for final improvement
&

Figure 3.3 Three-stage Training Strategy
The above figure shows the three-stage training strategy used in this project.

In stage 1, CNN backbone was frozen and the only part that was trained was the custom
classification head. This enabled the classification head to learn the theory of mapping the
extracted features on the four skin disease classes without modifying the pretrained backbone

weight. This stage was trained over 20 epochs with a learning rate of 5e-4.

In stage 2, the last 60 layers of the CNN backbone were unfrozen for fine-tuning. This

enabled the model to fine-tune some of the pretrained feature extraction layers so that it can fit

Bachelor of Information Systems (Honours) (Information Systems Engineering)
Faculty of Information and Communication Technology (Kampar Campus), UTAR

40



CHAPTER 3

the skin disease dataset. This stage was trained with a lower learning rate of le-4 to prevent

significant updates on the pretrained weights and it was trained with 35 epochs.

In stage 3, final optimization was done with a very small learning rate of 1e-6 in 5 epochs.
This step enabled the model to take minor changes in the weights that had been learned without
destabilizing the training process. There was a total of 60 training epochs will be taken for each

model training.

3.1.5 Overfitting Prevention Techniques

One of the key issues with CNN-based medical image classification is overfitting. It arises
when the model is trained on training data in a manner that gives it a good fit but fails to
perform well on unseen data. As the image of skin diseases can be different based on lighting,
angle, background, skin color and the manifestation of the disease, the model should be trained
to generalize outside the training set. Various methods were used to minimize overfitting and

enhance the generalization of the models.

Technique Setting Purpose
Dropout e 0.5 in classification e Reduces reliance on specific
head neurons

L2 Regularization e 1e-4(0.0001) e Penalizes overly complex
weights

Label Smoothing e 0.1 e Reduces overconfidence in
prediction

Early Stopping e Patience = 5 epochs e Stops training when validation

performance stops improving

ReduceLROnPlateau e Factor=0.5 e Reduces learning rate when
e Patience = 3 epochs progress slows
Class Weights e Balanced from e Reduces effect of class
training data imbalance
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Table 3.3 Overfitting Prevention Techniques

The above table is a summary of the overfitting prevention techniques in this project. The
complexity of models and overconfident predictions were minimized with dropout, L2
regularization and label smoothing. While the training process was controlled with early
stopping and ReduceLROnPlateau. The imbalance of classes was also reduced by applying

balanced class weights to eliminate the influence of class imbalance when training.

3.1.6 Test Time Augmentation

Test Time Augmentation is also referred to as TTA which was used in the evaluation phase of
the model. In TTA, there are multiple versions of the same test image applied to the model and

the results of the prediction are averaged to create the final output.

‘ Test Image l

l

‘ Original Image + 4 Augmented Versions J

l

Prediction 1 + Prediction 2 + Prediction 3
+ Prediction 4 + Prediction 5

l

[ Average Probability Scores ]

|

‘ Final Predicted Class ’

Figure 3.4 Test Time Augmentation Process

The figure above shows the TTA process used during model evaluation. The system
produces predictions on the original image and four augmented versions of the test image rather
than producing a prediction of only one version of the test image. The average of the five
prediction outputs is obtained to produce the overall probability score. This technique enhances
the accuracy of prediction since the final prediction result is not as influenced by slight changes

in image position or look.
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3.1.7 Evaluation Metrics

The performance of the trained models was evaluated using several evaluation metrics. The
overall percentage of correctly classified images was measured by accuracy. Nonetheless,

accuracy cannot be a sufficient criterion since the performance in each disease classification

can vary. Thus, precision, recall, and F1-score were utilized as well.

Metric Description Purpose

Accuracy e Percentage of total correct Measures overall model
predictions correctness

Precision e Correct positive predictions Measures  reliability  of
over total predicted positives predicted class

Recall e Correct positive predictions Measures ability to detect
over total actual positives each class

Fl-score e Harmonic mean of precision Measures balanced class
and recall performance

Confusion e Actual classes compared with Identifies class-level

Matrix predicted classes misclassification

Model Size e File size of trained or Determines mobile
converted model deployment suitability

Inference e Time required to generate Determines mobile

Time prediction application responsiveness

Table 3.4 Evaluation Metrics

The table above shows the measures that were applied to compare the candidate models
and justify the choice of the model. In addition to classification measures, model size was also
considered since the final system will be deployed to the mobile platform. A highly accurate
but large file size model might not be practical to use in a mobile environment. Thus, the model
comparison took into account not only the performance of classifications but also the mobile

suitability.
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3.2 System Design Diagram

The development of SkinAl has two key stages. The first stage is the deep learning model
development phase. It involves gathering, preprocessing, and augmenting the images of skin
diseases and using them to feed three different CNN models. The second stage is the
deployment to a mobile application phase, where the selected trained model is converted to

TensorFlow Lite format and deployed into an Android application.

3.2.1 System Architecture Diagram

The system architecture diagram shows the overall system design pattern for the proposed Al-
based skin disease classification application. It consists of three interconnected working units

that work together to support the entire workflow of the system.
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Figure 3.5 System Architecture Diagram

The complete architecture pipeline starts with the input dataset. A large dataset of skin
disease image data is provided for training, validation and testing. Before feeding the training
models, the images are resized, converted to RGB format, preprocessed and augmented to
enhance model generalization. By using transfer learning technique, three different architecture
CNN models were trained, which are MobileNetV2, ResNet50 and EfficientNetB2. The
models are then compared in terms of their performance using the same metrics. After the

evaluation stage, the most suitable model is selected for deployment based.
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The selected model will convert to TensorFlow Lite version and be deployed into the
Android app. In Android application, users must first access the application through Google
sign-in or anonymous login. After that, users are required to accept the terms and condition
policy before they can enter the main application. This ensures that users understand the system
is only a preliminary screening tool and not a replacement for professional medical diagnosis.
Then, users have the option to upload or take a photo of a skin lesion. The uploaded image is
first tested by the image quality checker, followed by classification and the result will be shown
on the user interface. Meanwhile, the image and result can be saved in the Cloudinary and the

Firebase Firestore database for history retrieval.

3.2.2 Use Case Diagram and Description

SkinAl Mobile Application
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Figure 3.6 Use case diagram
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The use case diagram above describes the main interactions between users and the SkinAl
application. The main actor of the system is users who need to accept the terms and conditions
before accessing the main functions of the application. This is necessary as SkinAl is aimed at

using as an initial screening tool but not as an alternative to professional medical diagnosis.

After that, users can access the application either by logging in using a Google account or
anonymously. The difference between these two login methods is that a Google account
enables the scan history to be saved and sync across different devices, while anonymous login
is a temporary access method that only keep records for the current session. Once users have
been authenticated, they can access several main functions, including skin disease classification,
viewing classification history, reading skin disease knowledge, managing their profile, and

logging out from the application.

For the classification function, users can either choose an image in the gallery or take a new
image with the camera to perform skin classification function. The image quality checker will
then check the quality of the uploaded image to double confirm that it can be subjected to
classification. For case that the image is successful in the quality checking process, it will be
sent to the TensorFlow Lite classifier to make the prediction of the skin disease category. After
that, the result of classification and confidence can be displayed to the user. The system also
automatically stores the scan result by uploading the image to Cloudinary and saving the related

metadata in Firebase Firestore.

Item Description

Use Case | Login and Accept Terms
Name

Actor User

Precondition The user has launched the SkinAl application.

Main Flow The user opens the application. The system displays the login page. The
user chooses either Google sign-in or anonymous login. After successful
authentication, the system displays the terms and conditions page. The

user accepts the terms and proceeds to the home page.
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Alternative If authentication fails, the system remains on the login page and prompts

Flow the user to try again. If the user does not accept the terms, the system does
not proceed to the home page.

Postcondition | The user is authenticated and allowed to access the main functions of the
application.

Table 3.5 Use Case Description of Login and Term Acceptance

Item Description

Use Case | Classify Skin Disease

Name

Actor User

Precondition | The user has logged in, accepted the terms and conditions, and entered the
home page.

Main Flow The user selects the classification function. The user captures an image
using the camera or selects an image from the gallery. The system loads the
image and performs image quality checking. If the image passes the
checking process, the image is passed to the TensorFlow Lite classifier. The
classifier returns the predicted disease class and confidence score. The result
is displayed to the user.

Alternative If the image is blurry, too dark, too bright, or does not contain sufficient

Flow skin area, the system displays an error message and asks the user to provide
another image.

Postcondition | The user views the classification result.

Table 3.6 Use Case Description of Classify Skin Disease

Item

Description

Use Case Name

View Scan History

Actor User
Precondition The user has logged in and has at least one saved scan result.
Main Flow The user opens the history page. The system retrieves scan records from

Firebase Firestore. The records are displayed in a list with disease result,

confidence score, date, and related image.
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Alternative Flow | If no scan history exists, the system displays an empty history message.

Postcondition The user can review previous scan results.

Table 3.7 Use Case Description of View Scan History

Three use cases tables above are based on the completed Android system. They include the
scenarios that show how the user interact with SkinAl, and all the alternatives’ situations are

covered.

In short, the use case diagram and tables summarizes the functional requirements of the
completed SkinAI Android system. The main use cases include authentication, terms
acceptance, image input, image quality checking, classification, result display, scan history,
disease knowledge, profile management, Cloudinary image storage, Firebase Firestore record

storage, and logout.

3.2.3 Activity Diagram
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Figure 3.7 Activity Diagram Authentication
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Figure 3.8 Activity Diagram Classification

The activity diagram illustrates the step-by-step workflow of the SkinAl classification
process. The process starts when users open the application. Users will first enter the login page
and redirect to the term and conditions page to prompt for agreement of using this application.
For situation that users do not accept the terms and conditions, the application will not allow
access to the main functions. In contract, once users agreed and checked on the term and
condition box, they will be redirect back to login page and given options of using Google sign-

in or anonymous login.

After successful authentication, users will be directed to the home page and can choose to
perform classification function. Users are allowed to take a new picture with the help of the
camera or choose an existing picture in the gallery. The captured or chosen image is then loaded
into the application and the system will handle the image orientation by applying EXIF rotation

correction.
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Next, the image quality checker will determine the appropriateness of the image to be
classified. The checking procedure considers the clearness of the image, the level of brightness,
and the presence of a sufficient amount of skin in the image. In case of failure in the quality
checking procedure by the image, the system gives users an error message and redirects users
to the process of rechoosing the image. Once the image passes through a quality checking

process, it is preprocessed and sent to the TensorFlow Lite classifier.

The classifier creates predicted confidence scores for each of the skin disease categories
that it can classify. In case that the maximum score of confidence is less than 60%, then the
system will show an “unable to classify” response to avoid presenting a low-confidence
prediction. Conversely, if the confidence score is 60% or above, the system will show the
predicted disease category and confidence score to users. After the result is displayed, the
system will automatically upload the image to Cloudinary and save the metadata of the
classification to Firebase Firestore so that the result can be accessed again later through the

history function.

33 Verification Plan

The verification plan was drawn up to make sure that the trained deep learning model and the
Android application works properly before final assessment. The verification process includes
model performance, compatibility with the TensorFlow Lite, compatibility with Android

applications, as well as the usability of the user interface.

To verify the models, the trained models are tested on the reserved testing data that is not
accessed during training or verification. To measure model performance evaluation metrics
like accuracy, precision, recall, Fl-score, and confusion matrix are used. Test Time
Augmentation is also used in testing to enhance the stability of prediction. The models are then
contrasted in terms of classification performance, size of the models and appropriateness in

mobile implementation.

In the case of TensorFlow Lite verification, after conversion to their equivalent model, it is
checked to ensure that it can be loaded and executed in Android application. The input size,
output classes, label order and TensorFlow Lite running compatibility is checked to ensure that

the trained model and the mobile application do not conflict.
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To verify Android application, the key functions of the SkinAl application are tested, which
are authentication, terms acceptance, image input, image quality checking, classification, result
display, cloud image upload and scan history storage. The user interface will also be inspected
to enable users to navigate the application easily and realize that the system is merely a pre-
screenship tool and not a substitute to professional medical diagnosis. Chapter 6 gives the
detailed testing procedures, classification results, application screenshots and the performance

evaluation.

The detailed testing procedures, classification results, application screenshots, and

performance evaluation are presented in Chapter 6.
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Chapter 4
System Design

This chapter presents the system methodology and design used to develop the Al-based mobile
application for skin disease classification, SkinAl. It will describe clearly the overall system

architecture, user interaction flow, activity flow and all technique used in this project.

4.1

The system block diagram is used to describe the overall structure of SkinAl by decomposing
the application into various functional layers. It illustrate the relationship among the user

interface, image processing, machine learning model, and the backend storage components to

System Block Diagram

support the entire process of skin disease classification.
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Figure 4.1 System Block Diagram
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The system block diagram of SkinAl as shown above is an organization that breaks down
the application into four main functional layers. The screens that users interact with are in the
user interface layer. It include features like login, terms and disclaimer, home, classification,
result, history, knowledge and profile screens. The task of this layer is to navigate and present

information to users.

The image processing and classification layer is the intermediate processing layer between
the user interface and the machine learning model. It handles image input from camera or
gallery, performs image quality checking, image preprocessing and controls the classification
request before passing the image to the model. Furthermore, the TensorFlow Lite skin disease
classifier that is included in the machine learning model layer accepts a 224 x 224 x 3 RGB

image and provides probability scores for the four supported disease categories.

The backend and cloud storage layer offer supportive services for authentication, storage
of results, storage of images, and managing local preferences. In this way, Firebase
Authentication is used to log a user in while Firebase Firestore is used to store metadata of scan
results. Cloudinary is also used to store the uploaded skin image and SharedPreferences stores
simple local application states. The block diagram demonstrates that each component has a
certain role to play and the final application can be implemented, maintained and tested in a

modular fashion by separating the system into these layers.

4.2 System Component Specification

This section outlines the key components that are needed to design and implement SkinAl. As
SkinAl is a software-based Al mobile application, the system components primarily include

software modules, model components, Android application components, and backend services.

4.2.1 Model Component Specification

The model component of SkinAl is the deep learning model that classifies images of skin
diseases. Under the final system, the chosen model is implemented in the TensorFlow Lite
format so that it can be executed as part of the Android application. The model part collaborates

with the image preprocessing module and the SkinClassifier class to produce prediction results.

Bachelor of Information Systems (Honours) (Information Systems Engineering)
Faculty of Information and Communication Technology (Kampar Campus), UTAR

53



CHAPTER 4

The model takes an input image in 224x224x3, RGB format. Thus, the chosen picture needs
to be resized and transformed into the appropriate input format prior to inference. The model
generates four probability scores which include eczema, psoriasis, basal cell carcinoma and
viral infections. The application then picks the class that is most likely to be the greatest result
as the forecasted outcome. A 60% confidence threshold is used to minimize the possibility of

showing low-confidence predictions.

Specification Description

Model Type CNN-based transfer learning model
Deployment Format TensorFlow Lite

Input Size 224 x 224 x 3 RGB image

Output Probability scores for four disease classes
Class 1 Eczema

Class 2 Psoriasis

Class 3 Basal Cell Carcinoma

Class 4 Viral Infections

Confidence Threshold 60%

Android Model Location app/src/main/assets/

TensorFlow Lite Version 2.14.0

Label File labels.txt

Table 4.1 Model Component Specification

The table above outlines the model specifications to integrate Android. It makes sure that
the input image format, the output labels, the confidence threshold and the model file location

are aligned with the implementation of the classifier.

4.2.2 Android Application Component Specification

The Android application is comprised of several activities and Java classes.
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Activity Purpose

MainActivity o

Displays the home screen

Display knowledge carousel

LoginActivity e Handles Google sign-in and anonymous login

TermsActivity e Displays terms and medical disclaimer

ClassificationActivity e Allows users to select an image through camera or
gallery

ResultActivity e Displays classification result and confidence score

HistoryActivity e Displays previous scan records

ProfileActivity e Displays user profile information

KnowledgeDetail Activity .

Displays detailed disease information

Table 4.2 Android Activities and Functions

The table above show that all activities have a designated screen or function in the

application. The application will start with authentication and terms acceptance and then

proceed to allow access to the main functions. Once in the home screen, users can categorize

images, browse the history of past scans, read disease knowledge, and manage profile

information.
Class Purpose
SkinClassifier e [Loads the TensorFlow Lite model
e Performs inference
ImageQualityChecker e Checks blur, brightness, and skin pixel ratio
FirebaseHelper e Handles Firestore scan record operations
CloudinaryHelper e Handles image upload to Cloudinary

SharedPreferencesHelper

e Stores local application preferences

ScanResult

e Represents the scan result data model

KnowledgeCarouselAdapter

e Handles disease knowledge carousel display

HistoryAdapter

e Displays scan records in the history list
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Table 4.3 Android Java Classes and Functions

In addition to Android activities, there are several Java classes used to support machine
learning inference, image checking, cloud storage, database operations, local preferences and

list display. The table above shows the importance roles that Java classes play in applications.

4.2.3 Backend and Storage Component Specification

Several backend and storage components are involved in this project to provide supporting

services for authentication, scan history management, image storage, and local application state

management.
Component Purpose
Firebase e Supports Google sign-in and anonymous login
Authentication
Firebase Firestore e Stores scan result metadata and history records
Cloudinary e Stores uploaded skin images
SharedPreferences e Stores local application preferences or simple states
Internet Permission e Allows the application to connect to Firebase and

Cloudinary

Table 4.4 Backend and Storage Components

The table above show the backend and storage modules used in SkinAl. Google sign-in and
anonymous login are done using Firebase Authentication while Firebase Firestore stored scan
result metadata such as predicted disease, confidence score, image URL, timestamp and user
ID. The uploaded skin images are stored in Cloudinary and the resulting image URL is then
stored in Firebase Firestore together with the scan Metadata. This isolates image storage from
structured metadata storage and provides a more efficient history retrieval. Simple local storage
like application states or preferences is achieved with the help of SharedPreferences. Internet

access is necessary since Firebase and Cloudinary rely on network connectivity.
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4.3 Software Components Design

This section describes the design of the main software components that support image
classification, image quality checking, user interface navigation, and cloud-based history

storage.

4.3.1 TensorFlow Lite Classifier Design

The TensorFlow Lite classifier is designed to allow the trained skin disease classification model
to run inside the Android application. The classifier component is responsible for loading the
“.tflite” model from the Android assets folder, preparing the input image, running inference,

and returning the predicted disease class with its confidence score.
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Figure 4.2 TFLite Inference Design

The figure above shows the TensorFlow Lite classifier design. When the user chooses or
takes an image, the image is made into a Bitmap object by the classifier. The image is then
transformed into a ByteBuffer format and fed into the TensorFlow Lite interpreter. The
interpreter executes the model and returns probability scores of the four categories of diseases.
The class of the disease with the highest probability is chosen as a predicted outcome and
shown alongside the confidence score. This architecture enables the trained model to be

directly implemented in the Android application.
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4.3.2 Image Quality Checker Design

Image quality checker will be used to avoid the classification of unsuitable images. Since low

quality of images can influence the reliability of model predictions, the application verifies that

the selected image has a high quality before it is sent to the classifier. This will ensure

minimization of chances of coming up with untrustworthy predictions based on hazy photos,

dimly lit photos or photos which lack enough skin area. The checker mainly conducts four

major checks.

1.

Check 1: Blur Detection. This is based on Laplacian variance algorithm used to detect
the sharpness of an image. A variance value of 10 and above means that the image is in

focus enough to be classified.

Check 2: Brightness Detection. This is used to measure the average brightness of the
picture. The range of values between 30 and 240 depicts that there is acceptable lighting.
Darker values are not allowed to be below 30 and the brightest values are not allowed

to be above 240.

Check 3: Suspicious Image Detection. This check analyzes the image to look for
patterns that could indicate the image is a graphic, QR code or non-photographic
content. This check looks at dark pixel ratio which should be lower than 40% and color

variety which should have equal or more than 20 unique colors.

Check 4: Skin Pixel Ratio Detection. An HSV color space analysis is used to detect
flesh-tone pixels. A range of at least 0.01% but less than 32 to confirm the presence of
skin but not false positives due to graphics or photos containing too much skin-colored

material.
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Figure 4.3 Image Quality Checking Process
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The design of the image quality checker is indicated in figure above. The selected image
must pass four sequential checking stages before it is classified. The process will be terminated
as soon as the first failure to make sure that only quality pictures reach the classifier. In the
event of failure of any checking stage the application will issue a suitable error message to
prompt the user to enter another image. Upon passing all the checks, the application then goes

to transmit the image to the classifier where the disease is predicted.

4.3.3 Android User Interface Design

Android user interface is meant to offer a transparent and straightforward workflow to common
users. As SkinAl is supposed to be a preliminary screen, the interface should be able to direct
users through the process of making a classification without necessitating technical expertise.
The main screens include the login, terms and conditions, home, classification, result, history,

knowledge and profile.
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Figure 4.4 User Interface Navigation Structure

The above figure shows the Android user interface navigation design of SkinAl. The user
is introduced to the application via the login screen and terms screen. On accepting the terms,
the user can choose the desired login method and get redirected to the home screen. The
classification, history, knowledge of diseases, and profile functions can be accessed by the user
through the home screen and navigation bar. The classification functionality results in the result
screen upon processing of an image by the classifier. The results saved may be later accessed
via the history screen. The home screen provides users with the knowledge carousel that can
lead the user to information about the disease on the knowledge detail page. This system of
navigation is aimed at maintaining the application simple and comprehensible to the general

Uusers.

4.3.4 Database and Cloud Storage Design

The database and cloud storage model segregates the image storage and scan metadata storage.
Cloudinary was responsible for storing uploaded skin images and Firebase Firestore store
structured scan information. The design does not permit large image files to be directly stored

in Firestore and enables the application itself to access scan records effectively.
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Figure 4.5 Database and Cloud Storage Design

Figure above shows the database and cloud storage design of SkinAl. By saving a scan
result, the skin image is uploaded to Cloudinary. Once upload has been done, Cloudinary
provides an image URL. This URL along with the predicted disease, confidence score,
timestamp, and user information are stored in Firebase Firestore in the application. As the user
opens the history page, the application will fetch the stored scan records on Firestore and
present them in the history list. This is designed to enable image files and scan Metadata to be

handled independently and effectively.

4.4 System Components Interaction Operations

This section describes the interaction of the key elements of SkinAl in the course of system
operation. It highlights the key system operations that involve interaction of the Android

activities, helper classes, the TensorFlow Lite classifier, Firebase, and Cloudinary.
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4.4.1 Image Classification Operation
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Figure 4.6 Image Classification Operation

The figure above represents the process of the image classification in SkinAl. The process
starts with the home screen and requires the user to supply an image of their skin using the
camera or gallery. The selected image is first checked by the image quality checker. In case the
image is inappropriate, the application will deliver an error and request the user to supply
another image. In case the image passes the quality checking process, the image is sent to
SkinClassifier component. The TensorFlow Lite model then infers and gives out the probability
score of the four disease categories. The system will pick the most probable class and will then
use a 60 percent confidence margin before the system will be used to show the final result.
When the maximum confidence score is below 60%, the system shows an “unable-to-classify”
result. In case confidence score is 60% or higher, the predicted disease label and confidence
score are sent back to the result screen and shown to the user. This algorithm makes sure that
only high-quality images are forwarded to the classifier and that images with low confidence

are not presented as valid classification outcomes.
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4.4.2 Result Storage and History Retrieval Operation

Result storage and history retrieval operation explain how the results of the classification are

stored and subsequently collected to display to the user.

Part 1: Result Storage Part 2: History Retrieval
HistoryActivity
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CloudinaryHelper :
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Return Image URL i from Firestore
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i HistoryAdapter
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i
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Predicted Disease 4 Display History List

Confidence Score 1

'

Image URL
Timestamp

Storage Complete

Figure 4.7 Result Storage and History Retrieval Operation

The result storage and history retrieval operation is presented in the above figure. Once the
image has been classified, the chosen image is uploaded to Cloudinary via CloudinaryHelper.
After a successful upload, Cloudinary will give an image URL. The application then provides
FirebaseHelper to store the result metadata into Firebase Firestore. Upon the user visiting the
history page, the application reads the saved records in Firestore and displays them using the
history adapter. The history records might contain the expected disease, a level of confidence,
date, and image. This operation enables users to view past classification outcome and have a

record of past scans.
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Chapter 5

System Implementation

This chapter presents the implementation of SkinAI which show how the proposed design was
implemented into a working Android application. The implementation covers the development
environment setup, model implementation, TensorFlow Lite conversion, Android model
integration, Android application implementation, system operation screenshots, and

implementation issues encountered during development.

5.1 Development Environment Setup

The development environment setup includes the hardware and software tools used to develop,

train, convert, integrate, and test the SkinAl system.

5.1.1 Hardware Setup

The hardware involved in this project is a development laptop and an Android device.

Description Specifications

Laptop Model Lenovo IdeaPad 5

Processor AMD Ryzen 7 5700U with Radeon Graphics
Operating System Windows 11

Graphic AMD Radeon™ Graphic

Memory 8GB

Storage 477GB

Android Testing Device | Samsung Galaxy S23 Ultra

Model

Table 5.1 Hardware setup

Report writing, management of project files, Android Studio development, integration of

TensorFlow Lite, and system testing were done using the development laptop. Even though
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training the deep learning model was primarily done using Google Colab, the development
laptop was still needed to work with project files and develop the Android application.

The finished mobile application was tested with the help of Android testing device. The
testing procedure was to check image selection, TensorFlow Lite model loading, displaying

classification results, Firebase connection, Cloudinary upload and retrieving scan history.

5.1.2 Software Setup

The software involved in this project include a combination of programming languages,

machine learning framework and mobile developments tools.

Description Specifications

Operating System Windows 11

Model Training Platform Google Colab

Mobile Development Tool Android Studio

Programming e Python (Al model training)
Language/Environment

e Java 11 (Mobile application development)

Frameworks / Libraries e TensorFlow/Keras

e TensorFlow Lite 2.14.0

e Glide 4.16.0

Backend Service e Firebase Authentication
e Firebase Firestore

e Cloudinary

Build System Gradle

Table 5.2 Software specifications

The table above provides the list of the software technologies involved in the creation of
SkinAl. Windows 11 was the operating system of choice to be developed with, and Google

Colab was used as the model training environment because it supports cloud-based deep
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learning experimentation. The dataset processing, model training and evaluation were done
using Python. The CNN models were developed and trained using TensorFlow and Keras, then

deployed to run on-device using the Android application and TensorFlow Lite 2.14.0.

For the mobile application, Android Studio was used as the main development environment
and Java 11 was used to implement application logic such as user interface functions. Firebase
Authentication was employed to support Google login and anonymous login method while
Firebase Firestore was employed to store scan history and related result Metadata. The cloud
storage was done using Cloudinary whereby skin images uploaded were stored. Images were
loaded and displayed in the Android application with Glide 4.16.0. Lastly, Gradle will be used

to manage project dependencies and the Android build process.

5.2  Model Implementation

Implementation of the model included training the candidate CNN models, preparing the
chosen model to be converted to a TensorFlow Lite model and integrating the converted model
into the Android application. The detailed model testing results and final model selection
justification are presented in Chapter 6. Thus, the section is concerned with only the

implementation steps involved in preparing and deploying the model in the Android application.

5.2.1 CNN Model Training Implementation

CNN architecture like MobileNetV2, ResNet50, and EfficientNetB2 were implemented and
trained to compare their results. MobileNetV2 was chosen as the lightweight baseline model
since it is applicable in mobile and embedded applications. ResNet50 was used as a more in
depth comparison model owing to its high feature extraction ability. EfficientNetB2 was
adopted as the finalized EfficientNet candidate since it offers more capable architecture yet is
still efficient. In this way, all the models were introduced with the pretrained ImageNet weights
and linked to a custom classification head to four-class skin disease classification. The 4 classes

of output were eczema, psoriasis, basal cell carcinoma and viral infections.

To have a fair comparison of the models, they were implemented using the identical general
training pipeline. The images were scaled to 224 224 pixels, transformed into RGB,

preprocessed by the respective model specific preprocessing function, and trained using
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transfer learning. All candidate models were taken through the same three-stage training

strategy as was used in Chapter 3.

After training and evaluation, one of the models was selected and ready to be deployed on
Android. Chapter 6 shows the detailed comparison between MobileNetV2, ResNet50, and
EfficientNetB2.

5.2.2 TensorFlow Lite Conversion Implementation

The chosen CNN model was then converted into TensorFlow Lite format to ensure that the
model could be run as a part of the Android application. The transition to TensorFlow Lite was
required as the model files of the standard Keras model cannot be directly executed in an

Android application.

Two conversion procedures have been tried in implementation. The first method made
direct Keras model export and optimization with TensorFlow Lite. This approach created a
smaller model file of about 8.5 MB. The converted model however failed in Android run time
due to incompatibility of unknown “FULLY CONNECTED” opcode version. Hence this

conversion technique was not deployed to a final deployment.

The second method involved SavedModel to TensorFlow Lite conversion. In this approach,
the trained model was initially saved as a SavedModel file then converted to TensorFlow Lite
format using supported TensorFlow Lite built-in operations. This method was able to be used
with TensorFlow Lite 2.14.0 and run in the Android application. Therefore, the SavedModel

to TensorFlow Lite conversion method was used for the deployed model.

Conversion Method Model Size Compatibility Result
Direct Keras + | ~85MB Not compatible with TensorFlow | Failed
Optimize. DEFAULT Lite 2.14.0

SavedModel to | 30.8 MB Compatible with TensorFlow Lite | Working
TensorFlow Lite 2.14.0

Table 5.3 TensorFlow Lite Conversion Comparison
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The TensorFlow Lite model file deployed in the Android application was
“efficientnetb2 skin disease.tflite”. The model takes as input 224 x 224 x 3 RGB image input
and the output as probability scores of four disease classes. Though the deployed model file is
indicated here to enable a clear picture on the implementation, the performance results and

reasons why this model was selected are discussed in Chapter 6.

5.2.3 Android Model Integration

The converted TensorFlow Lite model file which is represented by the file named as “.tflite”
model file was placed in the Android project assets folder. A labels.txt file was also included
that contained the names of the classes in the appropriate order of output. The four labels in the

application were eczema, psoriasis, basal cell carcinoma and viral infections.

Android application loads the TensorFlow Lite model and uses SkinClassifier class to make
an inference. When an image is chosen or taken, it is resized to 224 x 224 pixels and converted
to the desired input format which then passed through the TensorFlow Lite interpreter. The
scores on output probability are computed by the interpreter with the aim of determining the

disease class with the highest confidence score.

Component Implementation

Model File efficientnetb2 skin disease.tflite
Model Location app/src/main/assets/

Label File labels.txt

Classifier Class SkinClassifier

Input Size 224 x 224 x 3 RGB

Output Four disease probability scores
Confidence Threshold 60%

TensorFlow Lite Version | 2.14.0

Table 5.4 Android Model Integration
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53 Android Application Implementation

Android Studio was used to implement the Android application in Java. This implementation
was in accordance with the system design as given in Chapter 4. The application gives an end-

to-end user authentication flow to image classification and scan history.

5.3.1 Authentication and Terms Implementation

The implementation of authentication and terms acceptance was done with the combination of
LoginActivity, TermsActivity, Firebase Authentication and SharedPreferences helper. On
startup of the application, the system examines whether there is already an authentication

session. In case of no active authentication session, users will be sent to the login screen.

Two methods of login were incorporated in the LoginActivity which includes Google sign-
in and anonymous logins. But both the login buttons are inactive once the login screen was
initially shown. The user should agree to the terms and conditions by clicking the checkbox
offered on the home login screen. The Terms and conditions details are shown in TermsActivity

where users can read the application terms first before accepting it.

Once the terms and conditions checkbox has been checked, the Google sign-in and
anonymous login buttons will be enabled. The user has the option of either method of logging
in. Google sign-in enables users to access the application with the help of a Google account
and scan history will be syn across different devices. Anonymous login enables users to use
the application without creating a full account, but the scan history will only be recorded on
that current session. The two authentication methods are also managed by Firebase

Authentication.

After the successful authentication, the user will be redirected to the MainActivity that
shows the main application page. This application will make sure that the users are fully aware
of the terms and the disclaimer before being permissible to log in and use the main application
functions. This is significant as SkinAl is intended as a preliminary screening device and not

as a substitute to professional medical diagnosis.
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5.3.2 Image Input Implementation

The input in ClassificationActivity was implemented as image input. The app offers two image
input methods which is camera capture and gallery pick. To acquire camera input, the
application relies upon the native camera intent to take a new picture. For Gallery input, the
application enables the user to pick an existing image in the device gallery. Image capture
guidelines are also shown in the classification page to guide the user on the way to give an
appropriate skin image, such as using clear lighting, avoiding blurry images and ensuring that
the area of the skin is in view. This assists in enhancing quality and accuracy of the uploaded

picture prior to classification.

Once the user chooses or takes a picture, the picture URI is loaded into the application. The
picture is then transformed into a bitmap to be further processed. EXIF rotation processing was
introduced to fix image orientation prior to checking or classifying the image. This action is
significant since the pictures taken with a mobile camera could have rotation metadata, and

improper rotation can have an impact on the image quality check and classification.

The loaded image is shown in the classification screen to allow the user to verify the image
selected before proceeding. That is followed by the chosen bitmap being submitted to the image
quality checking process. When the image is accepted, the procedure of classification moves

on to the result stage.

5.3.3 Image Quality Checker Implementation

The image quality checker was set up in the ImageQualityChecker class. It was triggered after
the user selected or captured an image in ClassificationActivity. Before sending the image to

the classifier, the app checked the selected bitmap to see if it was suitable for classification.

The implementation checks five conditions that are blur level, brightness level, dark pixel
ratio, unique color variation, and skin pixel ratio. It rejected unclear images based on blur and
it turned down images that were too dark or too bright based on brightness. The dark pixel ratio
check helped filter out images with too much dark background. Unique color checks identified
graphic-like or non-photo images, while skin pixel ratio checks ensured that enough skin-like

area was present in the image.
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If the image fails any of the quality checks, ClassificationActivity displayed an error
message. It asked the user to select or capture another image. Only images that passed the

quality checks moved on to the result and classification stage.

Check Threshold Error Message

Blur Detection | Laplacian variance | "Image is blurry. Please ensure the photo

> 10 is in focus."
Brightness 30 < mean | "Photo is too dark. Please use better
Detection brightness < 240 lighting." / "Photo is too bright. Please

reduce glare."

Suspicious Dark pixel ratio < | "Please upload a clear photo of your skin
Image Check | 40% AND unique | lesion."

colors > 20
Skin Pixel | 0.01% < skin ratio | "Please upload a clear photo of your skin
Ratio <32% lesion."

Table 5.5 Image Quality Checking Implementation

This implementation helped reduce unsuitable image inputs before TensorFlow Lite

inference was performed.

5.3.4 Classification Result Implementation

The classification result function worked through the interaction among ClassificationActivity,
ResultActivity, and SkinClassifier. Once an image went through the quality checking process,
it was sent to ResultActivity. The SkinClassifier class loaded the TensorFlow Lite model from

the assets folder and prepared the image for inference.

During this step, the image was resized to 224 x 224 pixels and converted into the input
format needed by the TensorFlow Lite interpreter. The interpreter produced four probability
scores for eczema, psoriasis, basal cell carcinoma, and viral infections. The application chose

the class with the highest score as the predicted category.

A 60% confidence threshold was used before showing the final result. If the highest

confidence score was below 60%, the result screen displayed an unable-to-classify message. If
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the confidence score was 60% or higher, the result screen showed the predicted disease label
and confidence score. This approach helped avoid displaying low-confidence predictions as

reliable classification results.

5.3.5 History and Storage Implementation

The history and storage function was built using CloudinaryHelper, FirebaseHelper,
ScanResult, HistoryActivity, and HistoryAdapter. After generating the classification result, the
selected image was uploaded to Cloudinary. Once the upload succeeded, Cloudinary provided

an image URL

Next, the image URL was stored in Firebase Firestore along with the scan metadata. The
stored metadata included the predicted disease, confidence score, timestamp, image URL, and

user ID. The ScanResult model class represented each scan record in the application.

When the user accessed the history screen, HistoryActivity retrieved the saved scan records
from Firestore. It then passed the data to HistoryAdapter, which displayed the scan records in
a list. Each historical item showed the stored result information and the corresponding image.

This setup allowed users to save and review their previous classification results.

5.3.6 Disease Knowledge and Profile Implementation

The disease knowledge function was built using MainActivity, KnowledgeCarousel Adapter,
and KnowledgeDetailActivity. In MainActivity, a knowledge carousel shows the four disease
categories: eczema, psoriasis, basal cell carcinoma, and viral infections. Users can browse

disease cards from the home screen.

When a user selects a disease card, the application opens KnowledgeDetailActivity. This
activity provides general information about the chosen disease category. This function aims to
raise basic awareness about the supported skin disease classes. Besides, additional disclaimer
content will be shown to indicate that this is for general educational purposes and should not

be considered professional medical advice.

The profile function was developed using ProfileActivity. This activity displays user-

related information and account options. For users who sign in with Google, the profile page
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shows account-related details. For anonymous users, the profile page indicates that they are
using anonymous access. Users can also log out from the profile screen, allowing them to exit
the current session and return to the login process. This implementation supports additional

application functions beyond classification and improves the overall usability of SkinAl

5.4  System Operation

This section presents the operation of the implemented SkinAl application using screenshots.
The screenshots are included to demonstrate the completed user interface and show how users

interact with the main functions of the application.

5.4.1 Login and Terms Screens
02:55 = AR

)
o A Choose an account
\‘/1\ to continue to SkinAl
o L
SkinAl
o .
Your personal gateway to
dermatological intelligence. o F

&+ Add another account

G Sign in with Google

Continue Anonymously

To contin »ogle will share your name,
address and profile picture with SkinAl
[ | 29ree o the Terms & Conditions and Privacy
Policy

Please review and agree before continuing

Figure 5.1 Login Pages

Figure 5.1 shows the login screen of SkinAl. This screen is shown when the users start
using the application without an active authentication session. The login screen has two
authentication methods, which include Google sign-in and anonymous login. The login buttons
are not enabled until the user checks the terms and conditions check box. This is in order to
make sure that the users are aware of the application disclaimer before getting into the main

application.
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02:35 L :

< Terms & Conditions

Terms of Service

Please review our terms carefully before using
the SkinAl analysis platform

1. Introduction

Welcome to SkinAl. By accessing or using our
mobile application and services, you agree

to be bound by these Terms and Conditions.
Our platform uses advanced artificial
intelligence to provide preliminary skin health
assessments

2. Medical Disclaimer

IMPORTANT: SkinAl is not a medical
diagnostic tool. All assessments.
generated by our Al are for educational
and informational purposes only.

3. App Purpose

SkinAl is a skin disease screening tool for
educational purposes only.

4. Privacy and Data Storage

When signed in, your scan records and

account details may be stored in Firebase
(Authentication/Firestore/Storage) tory
trankina Annmummie mada dnos nnt baon

Figure 5.2 Terms and Condition Page

Figure 5.2 shows the terms and conditions screen. This screen shows the application
disclaimer and informs the users that SkinAl is not meant to be a diagnostic tool. Users are
notified that the result of using the application should not be discussed as a professional medical
diagnosis. Once the user has read and accepted the terms, he can go back to the login screen

and continue with authentication.

5.4.2 Home Screen

Figure 5.3 Home Page
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Figure 5.3 shows the home screen of SkinAl after successful authentication. The main
application functions such as skin disease classification, scan history, disease knowledge, and
profile management are provided in the home screen. It also has a disease knowledge carousel
to show information cards of the supported types of the skin disease. Such a design enables

users to be able to access the major functions of the application from a single central screen.

5.4.3 Image Selection Screen

02:38 YA UE

& Skin Classifier

Analyze Skin < Skin Classifier < Skin Classifier

Take or upload a clear photo of the affected
area for an instant Al-powered analysis

Analyze Skin Analyze Skin

Take or upload a clear photo of the affected Take or upload a clear photo of the affected

area for an instant Al-powered analysis. area for an instant Al-powered analysis.
@B TAKE PHOTO
B GALLERY
- B TAKE PHOTO B TAKE PHOTO

< 1B GALLERY 1B GALLERY
Helpful Tips (]
Select suspected condition
Eczema Helpful Tips i ]
z L Allow SkinAl to take pictures and record
Complete action using ® video?
% Natural Light
“®:  Use soft, daylight conditions for the ) )
most accurate color detection ) While using the app
& v
Clear Focus Gallery Meitu Photos Only this time
Keep the camera steady and
::::I(ercc about 4-6 inches from the ‘ 3 Don't allow
sk Just once Alway
Manar Caniie Manr Caniie
Clean Area
- 11 @) <
° Ensure the skin is free of makeup,

Figure 5.4 Image Selection Pages

Figure 5.4 shows the image selection screen used for skin disease classification. The user
can take a new photo with the help of the camera or choose an old photo in the gallery. Image
capture instructions are also available in the screen so that user can submit an appropriate image
such as one that is well lit, not blurry and the area of skin is visible. These instructions aid in

enhancing the quality of the image uploaded prior to classification.
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Shn Clensitior < Skin Classifier

Analyze Skin Analyze Skin
Take or upload a clear photo of the affected Take or upload a clear photo of the affected
area for an instant Al-powered analysis area for an instant Al-powered analysis.
=
B GALLERY B GALLERY
i} Helpful Tips o
Helpful Tips o

Select suspected condition

Select suspected condition
Select condition

Select condition

‘ Please upload a clear photo of
- your skin lesion. Please try again.
‘ Image is blurry. Please ensure the
photo is in focus. Please try again.

most accurate color detection.

most accurate color detection.

Plane Eanin

Plaar Canue

Figure 5.5 Image Quality Errors

Figure 5.5 shows examples of the image quality error message. In case the image chosen
fails in the image quality checking process the application will display an error message and
will not transmit the image to the classifier. The error can be either due to blur, poor lighting,
excessive dark background, invalid graphic-like image or inadequate area of the skin. This is

followed by requesting the user to give another image which is more appropriate to be classified.

5.4.4 Classification Result Screen

02:42 EE LN )
02:43 & AP G

A Unable to Classify

The detected skin condition is not within
© About this condition the 4 conditions tracked by SkinAl (Eczema,
Psoriasis, BCC, Viral Infections)

< Psoriasis
< Result

W R ]
€y 3 3
: s J ]
Analyzed Skin Sample

Potential Match: Psoriasis
Confidence Soote

Analyzed Skin Sample

93%

Recommendation

Please consult a dermatologist for proper
diagnosis and treatment

Medical Disclaimer

inAl is for
itute for professional
atment. Always seek the
qualified heaith provider
@ regording a medical

condition.
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Figure 5.6 Classification Results Pages

Figure 5.6 shows the classification result screen. Once the chosen picture has gone through
quality check and has been represented by the TensorFlow Lite classifier, the result screen will
display the predicted skin disease type and confidence score. When the confidence score falls
below the threshold, the application will not show a low-confidence prediction but will instead
show an unable-to-classify result. In addition, the pertinent guidelines and management
recommendations will be displayed based on the skin disease under classification. This assists
the user to understand what should be done in case they have not thought of consulting a doctor.
The result screen also reminds users that the prediction is of initial screening and should not be

considered a medical diagnosis that is confirmed.

5.4.5 History Screen

02:46 & 7% @€

€ Scan History

Track your skin's journey and review past Al
analyses.

ease Type Date Range

All Types All Time
"S—" May 04, 2026 - 2:45 ar
» Eczema

s 92% confidence

U | Unknown Disease

Unable to classify

ﬂ May 04, 2026 - 2:42 an

Psoriasis

W 93% confidence

No scan history yet

Figure 5.7 Scan History Page

Figure 5.7 shows the scan history screen. This screen shows the history of scan records that
the user has saved. The predicted disease, score of confidence, scan date, and image related to
the scan may be included in each record. The history feature enables users to view past
classification results and track their past scan information. It can also be used to filter the

desired history result that a user wants to view, by using the searching bar.
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5.4.6 Knowledge and Profile Screens

02:46 7%

< SkinAl

Psoriasis

About this condition

onic cor
remission.

Common Symptoms

* Red patches with silvery scales
D ked skin
1d burning

« Small scaling spots

Treatment Options

- Topical
= Vitarr

erapy (light therapy)

dic

changes

Prevention Tips

Figure 5.8 Disease Knowledge Pages

Figure 5.8 shows the disease knowledge screen. There is general information in this screen
about the chosen category of skin disease. The knowledge function assists users to comprehend
the four types of supported diseases that include eczema, psoriasis, basal cell carcinoma, and

viral infections. The information is availed as awareness and educational assistance..
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Guest User
Guest Mode

o \O) @ 9
10 4 hours ago 0 None
Total Scans Last Scan Total Scans Last Scan

ACCOUNT SETTINGS ACCOUNT SETTINGS

B Review Terms & Conditions B Review Terms & Conditions

[ LogOut [ LogOut

Figure 5.9 Profile Pages

Figure 5.9 shows the profile screen. This is the user-related information and account options
that are shown in this screen. Users can recognize the type of operation they have either Google
login or anonymous login. The profile screen can also be used to logout, so that the user can

end the ongoing session and go back to the flow of logins.

5.5 Implementation Issues and Challenges
5.5.1 TensorFlow Lite Conversion Compatibility Issue

A key problem was experienced during the process of converting the model into TensorFlow
Lite format. The approach of directly converting the Keras model while optimizing it for
TensorFlow Lite resulted in a smaller model of about 8.5 MB in size. Nevertheless, it did not
work on the Android platform since it utilized an unsupported FULLY CONNECTED opcode

version.

The problem was solved using the other approach of converting the model from the
SavedModel format to TensorFlow Lite. Even though it resulted in a bigger model file of about
30.8 MB, it was supported by TensorFlow Lite 2.14.0 and could run properly within the
Android app. This shows that mobile deployment requires not only a small model size but also

runtime compatibility.
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5.5.2 Image Quality Handling

Quality of the images was another aspect to be dealt with since the images that the users will
upload could be of various qualities. For example, differences lighting conditions, angle of
capturing the photos, background, skin visibility or even non-photo content. This could

compromise the accuracy of classifications.

Thus, approach that the system evaluates image blurness, image brightness, percentage of
dark pixels in the image, uniqueness of colors, and skin pixel percentage prior to passing on
the image to the classifier was carried out. When unsuitable, the system gives the user an error

message prompting the user to select another image.

5.5.3 Classification Result Implementation

Firebase and Cloudinary integration required the application to communicate with external
cloud services. Internet permission was needed for authentication, database storage, and image
upload. The application also had to ensure that the image upload to Cloudinary finished before
saving the image URL in Firestore. Otherwise, the scanned information will not be stored

properly if one of the processes fails.

To manage this process, CloudinaryHelper uploaded the image and returned the image in
URL format. Meanwhile, FirebaseHelper saved the scan metadata into Firestore. This
separation made the storage process clearer and easier to maintain. Moreover, proper Firebase
and Cloudinary configuration was also required to prevent connection or storage errors during

result saving.

5.5.4 Model Size and Mobile Deployment Trade-Off

Model size is an important factor because SkinAl is designed for Android deployment. A
smaller model is usually better for mobile applications since it needs less storage and memory.
However, the smaller optimized TensorFlow Lite conversion failed due to compatibility

1ssues.

The final deployed model was larger because the compatible SavedModel conversion

method was used. Although the file size increased, the model functioned properly in the
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Android application. The larger model guarantees compatibility and inference time stayed

under two seconds on mid-range devices at the same time.

5.6  Concluding Remark

In this chapter, the application of the SkinAl system was introduced. The development
environment setup outlined the hardware and software tools that were used in the project. All
the importance information such as the implementation of the candidate CNN models, the
conversion of the selected model to the form of TensorFlow Lite and the integration of the

model into the Android application were included in the model implementation section.

The Android application implementation involved authentication and terms acceptance,
taking of images by the camera and gallery, checking of image quality to ensure only the
appropriate images are classified, display of a classification result with confidence scores,
history and storage features using Firebase and Cloudinary, disease knowledge section with
detailed information about the four skin conditions and profile management functions. The
system operation portion showed the necessary screen shots to show the finished application

workflow.

The issues and challenges in implementation were discussed, including compatibility with
TensorFlow Lite conversion, Android preprocessing consistency, handling image quality,
Firebase and Cloudinary integration, and model size trade-offs. Like any application based on

machine learning, the system has limitations, which are addressed in the following chapter.

In summary, SkinAl application has been successfully deployed with all the intended
features operational and ready to be tested. The second chapter introduces the system
evaluation and discussion which includes model testing results, final model comparison,

Android application testing, result discussion, system limitations and objectives evaluation.
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Chapter 6

System Evaluation and Discussion

This chapter introduces the assessment and the discussion of SkinAl system. The assessment
will concentrate on two key components, which are deep learning model assessment and
Android applications test. This chapter is meant to find out whether or not the developed system

meets the project objectives.

6.1 Evaluation Setup and Metrics

In this section, the evaluation setup will be described to evaluate the trained models and the
developed Android application. The evaluation focuses on two main areas: model performance

evaluation and Android application testing.

6.1.1 Model Evaluation Metrics

In this chapter, the model evaluation makes use of the evaluation metrics presented in Chapter
3. These metrics include accuracy, precision, recall, F1-score, confusion matrix, model size,
and inference time. The overall correctness of the model was measured using accuracy,
whereas the performance of the model at the class level was measured by use of precision,
recall, and F1-score. Patterns of misclassification of the four disease classes were identified

using the confusion matrix.

In addition to the performance of classification, model size and inference time were also
taken into consideration since the chosen model needs to be appropriate to run on Android. A
model that is highly accurate but lacks mobile suitability may not be viable to a mobile
application. Hence, the last model choice was based on the predictive performance and its

portability.

6.1.2 Android Application Testing Criteria
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Android application testing was carried out to ensure that the application features implemented
worked as expected. The test included the primary workflow starting with the login process up
to the classification and scan history retrieval. As the target users could consist of the general
users and non-technical users, the application must also consider providing clear navigation,

readable messages and appropriate error handling.

Testing Area Purpose

1. Authentication Testing | Verifies Google login and anonymous login

2. Terms Acceptance | Ensures users accept the disclaimer before using the

Testing application

3. Image Input Testing Verifies camera and gallery image selection

4. Image Quality Testing | Verifies blur, brightness, dark background, unique colour,

and skin area checking

5. Classification Testing | Verifies TensorFlow Lite prediction output

6. Result Display Testing | Verifies disease label and confidence score display

7. Cloud Storage Testing | Verifies image upload to Cloudinary

8. Database Testing Verifies scan result saving and retrieval in Firebase

Firestore

9. User Interface Testing | Verifies navigation, readability, and usability of application

screens

Table 6.1 Android Application Testing Criteria

6.2 Model Testing Results
6.2.1 MobileNetV2 Result

MobileNetV2 was trained and evaluated as the lightweight baseline model. The final
MobileNetV2 model achieved a Test Time Augmentation accuracy of 85.48% and a macro F1-
score of 0.86. After SavedModel to TensorFlow Lite conversion, the model size was 9.83 MB,

making it the smallest deployed TensorFlow Lite model among the three evaluated models.
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Precision Recall Fl-score Support

Eczema 0.80 0.81 0.80 251
Psoriasis 0.78 0.83 0.81 309
Basal Cell | 1.00 1.00 1.00 240
Carcinoma

Viral Infections | 0.87 0.80 0.83 316
Accuracy 0.85 1116
Macro avg 0.86 0.86 0.86 1116
Weighted avg 0.86 0.85 0.86 1116

Table 6.2 Classification report of MobileNetV2

Figure 6.1 Confusion Matrix of MobileNetV2

True

Eczema

Psariasis
'

BCC
f

Viral
'

i
Eczema

Psoriasis

Predicted

Viral

250

200

150

- 100

- 50

Figure 6.1 shows the confusion matrix of MobileNetV2. The model was able to classify the

206 eczema images, 239 psoriasis images, 240 basal cell carcinoma images and 261 viral
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infection images correctly. The best result was obtained with basal cell carcinoma as all 240
testing images were properly identified. This indicates that MobileNetV2 could tell basal cell

carcinoma apart distinctly when compared to the other classes.

Nevertheless, the confusion table also reveals that MobileNetV2 was more confused with
the eczema, psoriasis, and viral infections. Indicatively, some eczema images were wrongly
classified as either psoriasis or viral infections, or some psoriasis images were wrongly
classified as either eczema or viral infections. This is in agreement with the classification report

where eczema and psoriasis obtained lower F1-scores than basal cell carcinoma.

Overall, MobileNetV2 achieved reasonable classification accuracy and is the smallest
deployed TensorFlow Lite model. Nevertheless, it was the least accurate of the three models
tested. Thus, even though MobileNetV2 is more appropriate when lightweight deployment is
the key consideration, its lower performance in terms of class-level performance made it less

suitable as the final model of SkinAl.

6.2.2 ResNetV2 Result

ResNet50 was trained and evaluated as a deeper CNN comparison model. It was included
because residual connections allow deeper models to learn strong image features. The final
ResNet50 model achieved a Test Time Augmentation accuracy of 88.89% and a macro F1-
score of 0.89. After SavedModel to TensorFlow Lite conversion, the model size was 91.75 MB,

making it the largest deployed model among the three evaluated models.

Precision Recall Fl-score Support
Eczema 0.86 0.83 0.84 251
Psoriasis 0.85 0.83 0.84 309
Basal Cell | 1.00 1.00 1.00 240
Carcinoma
Viral Infections | 0.87 0.91 0.89 316
Accuracy 0.89 1116
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Macro avg 0.89 0.89 0.89 1116
Weighted avg 0.89 0.89 0.89 1116

Table 6.3 Classification report for ResNet50
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Figure 6.2 Confusion Matrix of ResNet50

Figure 6.2 shows the confusion matrix of ResNet50. The model was able to classify
correctly 207 eczema images, 251 psoriasis images, 239 basal cell carcinoma images, and 281
images of viral infections. ResNet50 was better than MobileNetV2 in the classification of
psoriasis and viral infections. It was found that the images of viral infection were on average

better classified with the increase in the number of correctly classified images to 281.

Similar to MobileNetV2, ResNet50 demonstrated good performance in the presence of
basal cell carcinoma where only one basal cell carcinoma image was incorrectly classified as
a viral infection. Nevertheless, eczema and psoriasis were still misclassified with each other
and with viral infections. This implies that even with a more complex CNN framework, the

visual similarity between inflammatory skin diseases would still be a challenge.

In general, ResNet50 was more accurate than MobileNetV2 and provided better
performance on the class level. Nonetheless, its deployed TensorFlow Lite model size of 91.75
MB is far bigger than the other models. As SkinAl is expected to be deployed on Android, this
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large model size means ResNet50 would not be appropriate to use in the final mobile

application, even though it has good classification performance.

6.2.3 EfficientNetB2 Result

EfficientNetB2 was trained and evaluated as the refined EfficientNet candidate. It achieved the

highest Test Time Augmentation accuracy among the three models, with 89.25% TTA

accuracy. It also achieved the best macro F1-score of 0.90. After SavedModel to TensorFlow

Lite conversion, the deployed model size was 30.8 MB.

Precision Recall Fl-score Support
Eczema 0.84 0.86 0.85 251
Psoriasis 0.85 0.83 0.84 309
Basal Cell | 1.00 1.00 1.00 240
Carcinoma
Viral 0.89 0.89 0.89 316
Infections
Accuracy 0.89 1116
Macro avg 0.90 0.90 0.90 1116
Weighted avg | 0.89 0.89 0.89 1116

Table 6.4 Classification report for EfficientNetB2
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Figure 6.3 Confusion Matrix of EfficientNetB2

Figure 6.3 shows the confusion matrix of EfficientNetB2. The model accurately predicted
210 images of eczematous lesions, 263 images of psoriasis lesions, 240 images of basal cell
carcinoma lesions, and 282 images of viral infection lesions. EfficientNetB2 made the most
correct predictions of eczema, psoriasis, and viral infections. Basal cell carcinoma also was

classified perfectly with all 240 testing images correctly predicted.

The confusion matrix shows that EfficientNetB2 minimized a few misclassification points
in comparison with other models. Indicatively, the classification of psoriasis increased to 263
correct classifications, which is higher as compared to MobileNetV2 and ResNet50.
Classification of viral infection was also very good with 282 correct classifications.
Nevertheless, there was still a mix-up between eczema, psoriasis and viral infections. This
means that the model still finds it difficult to differentiate visually similar skin conditions,
particularly when the symptoms of redness, scaling, inflammation and abnormal texture

overlap.

Overall, EfficientNetB2 attained the highest overall classification performance in
comparison with the other two models. It achieved the best TTA accuracy and the best macro
F1-score yet has a significantly smaller deployed model size than ResNet50. Whereas it was

bigger than MobileNetV2, it offered better classification performance and a more balanced
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trade-off between accuracy and deployment feasibility. Hence, EfficientNetB2 has been chosen

as the ultimate model of SkinAl.

6.2.4 Final Model Comparison

According to the classification reports and confusion matrices, all three models were very
strong in the classification of basal cell carcinoma. This class showed close to perfect or ideal
classification performance in the models that were tested. Eczema, psoriasis and viral infection

had more misclassification due to the fact that these conditions may have similar visual

appearances.
Model TTA Macro F1- SavedModel TFLite Mobile
Accuracy score Size Suitability
MobileNetV2  85.48% 0.86 9.83 MB Good
ResNet50 88.89% 0.89 91.75 MB Not suitable
EfficientNetB2 89.25% 0.90 30.8 MB Selected

Table 6.5 Final Model Testing Comparison

The smallest deployed model was MobileNetV2, which had the lowest TTA accuracy.
ResNet50 offered higher performance and class-level accuracy, but the deployed TensorFlow
Lite model size was too large to be deployed in a mobile environment. EfficientNetB2 achieved
the best overall performance and provided a better balance between classification accuracy,

macro F1-score, and deployed model size.

Therefore, EfficientNetB2 was selected as the final model because it provided the best

balance between classification performance and Android deployment suitability.

6.3  Android Application Testing

Android application testing was conducted to verify whether the implemented SkinAl

application overall worked as expected.

6.3.1 Functional Testing
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Functional testing was performed to verify the core application functions. The test cases

covered the main user workflow from launching the application to viewing saved scan history.

Test Case Expected Result Status
1. Launch application Login screen is displayed Pass
2. Login with  Google | User is authenticated successfully Pass

account
3. Continue anonymously | User enters the application anonymously Pass
4. Accept  terms and | User proceeds to home screen Pass
disclaimer
5. Open home screen Main functions are displayed Pass
6. Select image from | Selected image is loaded Pass
gallery
7. Capture image using | Captured image is loaded Pass
camera
8. Run classification Disease label and confidence score are displayed | Pass
9. Apply confidence | Low-confidence prediction shows unable-to- | Pass
threshold classify result
10. Save scan result Result metadata is stored in Firebase Firestore | Pass
11. Upload image Image is uploaded to Cloudinary Pass
12. View history Previous scan records are displayed Pass
13. Open disease knowledge | Disease information is displayed Pass
14. Open profile User profile information is displayed Pass

Table 6.6 Functional Testing Test Cases

The functional testing results show that the main application functions worked as expected.

Users were able to access the application, provide images, obtain classification results, save

results, and retrieve previous scan records.
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6.3.2 Image Quality Testing

The quality testing of the image was done to determine whether the system had the capability

to reject inappropriate images prior to classification. This is significant since bad image quality

can decrease the reliability of predictions. The conditions that were tested were clear skin

images, blurry images, poor lighting images, images with excessive dark background, graphic

or non-photo images, non-skin images, and valid skin images.

Test Input Expected Result Status
1. Clear skin image Image passes quality checking Pass
2. Blurry image Image unclear message is displayed | Pass
3. Too dark image Poor lighting message is displayed | Pass
4. Too bright image Poor lighting message is displayed | Pass
5. Image with excessive dark | Unsuitable image message is | Pass

background displayed
6. Graphic or QR-code-like image Invalid image message is displayed | Pass
7. Non-skin image Not a skin image message is | Pass
displayed
8. Image with sufficient skin region Image proceeds to classification Pass

Table 6.7 Image Quality Testing

The image quality checker came in handy to avoid sending inappropriate images to the

classifier. This enhances the accuracy of the classification process since more suitable image

inputs get into the model.

6.3.3 Firebase and Cloudinary Testing

To check whether scan records were able to be saved and retrieved in their proper locations.

Firebase and Cloudinary testing was done. The image was then uploaded to Cloudinary, and

the result URL of the image was stored in Firebase Firestore along with the result metadata.

The history page then used to retrieve the saved data in Firestore.
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Test Case Expected Result Status
1. Upload scan image to Cloudinary | Image URL is returned Pass
2. Save disease result to Firestore Result metadata is stored Pass
3. Save confidence score Confidence score is stored with result | Pass
4. Save timestamp Date and time are stored Pass
5. Save user ID Scan record is linked to the user Pass
6. Retrieve scan history Saved records are displayed Pass
7. Display scan image in history Image loads correctly from stored URL | Pass

Table 6.8 Firebase and Cloudinary Testing

The testing results show that the backend and storage functions worked correctly. The
uploaded image was stored in Cloudinary and the structured scan metadata were stored in

Firebase Firestore. This enabled scan records to be retrieved and show up on the history page.

6.3.4 User Interface Testing

To make sure that the screens of the application were clear and easy to use, user interface
testing was conducted. The test was aimed at the ability of the users to move between screens,

comprehend the messages being shown, and to complete the classification process without

technical knowledge.
Screen / Function Expected Result Status
1. Login screen Login options are visible and understandable Pass
2. Terms screen Disclaimer is readable and must be accepted Pass
3. Home screen Main functions are accessible Pass
4. Classification screen | Camera and gallery options are clear Pass
5. Error message display | Error message is understandable Pass
6. Result screen Disease result and confidence score are readable Pass
7. History screen Previous scan records are displayed clearly Pass
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8. Knowledge screen Disease information is readable Pass

9. Profile screen User information and account option are displayed | Pass

Table 6.9 User Interface Testing

The results of the user interface testing reveal that the application offers a clear workflow
to the general users. The application screens facilitate the main classification process and give

the appropriate feedbacks when the user input is not appropriate.

6.4 Discussion and Project Challenges

This section is about the model performance, mobile deployment challenge, and system
limitations found based on the evaluation results. It is an important discussion since the
classification accuracy alone should not be used to determine the final model selection. Since
SkinAl is intended to be a mobile application, the model chosen should also be realistic to run

on Android and should be able to support a useful application development workflow.

6.4.1 Model Performance Discussion

The results of the model testing indicate that EfficientNetB2 has the highest overall
performance compared with the other two tested models. MobileNetV2 was the lowest
performing model in terms of TTA accuracy and the size of the deployed TensorFlow Lite
model was the smallest of all three models. ResNet50 had good classification performance, but
its deployed TensorFlow Lite model size was very large in comparison to the other models.
EfficientNetB2 had the highest TTA accuracy and optimum macro Fl-score and a more

practical deployed size model compared to ResNet50.

The confusion matrices also indicate that the easiest class to classify is basal cell carcinoma.
The three models performed very well in this class with EfficientNetB2 and MobileNetV2
correctly classifying all their 240 images of basal cell carcinoma. This could be due to the fact
that basal cell carcinoma images have more visually distinct lesion patterns than do

inflammatory skin disease images.

Conversely, there were higher misclassification in eczema, psoriasis and viral infection.
Eczema and psoriasis were at times confused as such since they may exhibit similar visual

characteristics that include redness, scaling, inflammation, and irregular skin texture. Certain
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images of viral infections were also not correctly identified as eczema or psoriasis, which is an

indication that visual similarity between skin disease types is not an easy matter.

Overall, EfficientNetB2 was the most suitable in terms of balancing classification
capabilities and mobile application applicability. MobileNetV2 even though smaller in size had
lower accuracy and class-level performance. ResNet50 was a highly performing deployed
model, but its extremely large, deployed model size rendered it less practical to deploy on
Android. Thus, EfficientNetB2 turned out to be the most appropriate model to implement the
final SkinAlI application.

6.4.2 Mobile Deployment Challenges

The implementation of the chosen model into Android application was done with the help
of TensorFlow Lite. The process of model conversion generated, however, a critical
deployment challenge. The direct optimized TensorFlow Lite conversion method created a
smaller model file but failed in Android execution due to an unsupported version of the operator

FULLY_ CONNECTED.

To solve this issue, the SavedModel to TensorFlow Lite conversion method was used. This
approach resulted in a larger model file, although it is compatible with the TensorFlow Lite
version 2.14.0. The sizes of final deployed TensorFlow Lite models were 9.83 MB in the case
of MobileNetV2, 91.75 MB in the case of ResNet50, and 30.8 MB in the case of EfficientNetB2.
Even though EfficientNetB2 had increased in size after being converted to SavedModel, it was

still significantly smaller than ResNet50 and could be used in the Android application.

This challenge demonstrates that the mobile deployment is not necessarily based solely on
model accuracy or original trained model size. The runtime compatibility, support of
TensorFlow Lite operators, inference speed, and storage requirement should also be taken into
account. In this project, having a compatible TensorFlow Lite model was more significant than
having a smaller model that could not run properly. Thus, the conversion method SavedModel
was chosen to be sure that the final model could be loaded and successfully executed in the

Android application.\
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6.4.3 System Limitations

There are a number of limitations to SkinAl. First, the system can only support four types
of diseases which are eczema, psoriasis, basal cell carcinoma, and viral infections. Given an
image of a different skin condition, the model can still be used to classify the image into one
of the four supported classes. This can cause a misinterpretation in case the user gets the output

as a confirmed diagnosis wrong.

Second, the system heavily relies on image quality. Despite the image quality checker
which allows one to reject unsuitable images, the performance of the classifier can still be
influenced by lighting condition, camera angle, background, clarity of image, and visible skin
area. The image quality checker eliminates inappropriate input, but it does not ensure that all

accepted images are clinically ideal to classify them.

Third, the data was obtained in the public sources and may not be fully representative of
all real-life clinical situations, local Malaysian clinical images, other skin tones, and other
imaging environments. This restricts the ability of generalizing the model when used beyond

the testing dataset.

Fourth, the system has not been clinically validated by dermatologists. Thus, SkinAl can
be used solely as an initial screening and awareness tool. The users are advised to seek medical
care to have appropriate diagnosis and treatment. This is in line with the objective of SkinAl

as a screening application and not a substitute to the professional medical diagnosis.

6.5  Objectives Evaluation
This section evaluates whether the project objectives stated in Chapter 1 were achieved.
6.5.1 Objective 1 Evaluation

The initial goal of this project was to create and train deep learning models that would be able
to classify four types of skin diseases, that is, eczema, psoriasis, basal cell carcinoma, and viral

infections. This objective was achieved.

Three CNN-based transfer learning models were generated and trained in this project using
the ready skin disease data. These models included MobileNetV2, ResNet50 and

EfficientNetB2. The dataset was split into training, validation and testing sets where the testing
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set was held aside during the process of training and validation to assess the performance of

the model on the unseen images.

The accuracy, precision, recall, F1-score, and confusion matrix were used to evaluate the
trained models. The results showed that all three models were able to classify the four selected
skin disease categories with acceptable performance. Of the three models, EfficientNetB2 may
be considered the most successful with the the highest Test Time Augmentation accuracy of
89.25% and the best macro Fl-score of 0.90. Hence, the initial objective was met since the
project was able to create and train CNN models that would be able to classify the four targeted

skin disease categories.

6.5.2 Objective 2 Evaluation

The second aim of this project was to compare MobileNetV2, ResNet50, and EfficientNetB2

to identify the most suitable model to use on mobile devices. This objective was achieved.

To have a fair comparison, the three models were trained and evaluated on the same dataset
and similar training strategy. The comparison was based on classification performance and
appropriateness of mobile deployment, including Test Time Augmentation accuracy, macro

F1-score, confusion matrix performance, and TensorFlow Lite model size.

The MobileNetV2 has an 85.48% TTA accuracy and a macro Fl-score of 0.86 with a
SavedModel TensorFlow Lite size of 9.83 MB. ResNet50 had a TTA accuracy of 88.89% and
a macro Fl-score of 0.89, but had a SavedModel TensorFlow Lite size of 91.75 MB, so is not
as suitable to run on mobile. EfficientNetB2 had the best TTA accuracy of 89.25% and the
highest macro F1-score of 0.90 with a SavedModel TensorFlow Lite size of 30.8 MB.

Since EfficientNetB2 offered the most optimal balance between classification and
deployment capabilities. Thus, EfficientNetB2 was chosen as the last model of SkinAl and the

second goal was reached.

6.5.3 Objective 3 Evaluation

The third goal of the project was to make the choice of Al model integrated into a mobile

application with a convenient interface. This goal was achieved.
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The chosen EfficientNetB2 was transformed into the TensorFlow Lite format and
implemented into the Android application. It has been implemented in Android Studio with
Java and has the necessary functions to compose a complete workflow of skin disease screening.
The functions are Google sign in, anonymous login, acceptance of terms and conditions,
capture of camera image, selection of gallery image, checking of image quality, display of
classification results, save scan results, Cloudinary image upload, Firebase Firestore history

storage, disease knowledge display, and profile management.

The Android application testing showed that the main functions worked as expected. Users
could log in, accept the terms and disclaimer, provide an image of their skin, receive feedback
on image quality, view the classification result, save the scan result, access previous history
records, access disease knowledge, and manage his or her profile. Thus, the third goal was
fulfilled since the chosen Al model was properly embedded in a working and convenient to use

Android application.

6.6  Concluding Remark

In this chapter, the assessment and discussion of SkinAl system were presented. The results of
the model testing revealed that EfficientNetB2 was the most appropriate model to be deployed
to Android when compared to ResNet50, as it showed the best overall results with high TTA
accuracy and macro F1-score, and was also much more appropriate to be deployed to Android
when compared to ResNet50. Thus, EfficientNetB2 was chosen as the final model which would

be used in the application.

During the Android application testing, the core functions used worked as expected and
they included authentication, terms acceptance, image input, image quality checking,
classification, result display, cloud storage, history retrieval, disease knowledge, and profile
management. Other limitations in the discussion included supported disease scope, dependency
on image quality, limitations in data sets and unproven clinical results. In general, the
assessment revealed that the project goals were met. In the following chapter, the project is

concluded and recommendations given on how the project can be improved in future.
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Chapter 7

System Conclusion and Recommendations

This chapter is the final chapter of the SkinAl project, which summarizes the entire
development, performance, contributions of the project, limitations, and recommendations to

develop the project further.

7.1 Conclusion

SkinAl was developed as an Android-based application for preliminary skin disease SkinAl is
an Android-based application that has been created to screen the preliminary stages of skin
diseases. The system enables users to provide skin images via the camera or gallery, performs
extensive image quality checks, including blur detection, brightness analysis, dark pixel ratio,
and skin pixel ratio validation. It classifies the image using a TensorFlow Lite model, displays
the predicted disease category and confidence score and stores scan records with Cloudinary
to store images and Firebase Firestore to store metadata. Other features included in the
application are user authentication using Google Sign-In and anonymous access, viewing scan

history, disease knowledge carousel, and user profile management.

Three CNN-based transfer learning models were trained and evaluated in this project,
including MobileNetV2, ResNet50, and EfficientNetB2. All models were trained on four-class
skin diseases classification which are Eczema, Psoriasis, Basal Cell Carcinoma (BCC) and
Viral Infections. According to the final evaluation results, EfficientNetB2 has the most
balanced score in terms of classification performance like approximately 89% accuracy with
Test Time Augmentation and mobile deployment suitability in terms of model compatibility
and inference speed. Consequently, EfficientNetB2 was chosen as the ultimate model and

effectively implemented into the Android application with the help of TensorFlow Lite.

Generally, the project objectives were met. The project was able to design and test three
CNN models to classify four-class skin disease, implement strong image quality checking
solutions to guarantee quality inputs, and package the chosen EfficientNetB2 model into a fully
functional Android app with cloud-based storage and user management. It is noteworthy that
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SkinAl must not be considered as a substitute to professional medical diagnosis, but as a
preliminary screening and awareness tool. Users should always seek the advice of qualified

healthcare professionals to get the right medical advice and treatment.

7.2 Recommendations

There are a number of ways in which future work can be improved. To begin with, it is
possible to extend the dataset by adding more high-quality and dermatologist-approved images
of skin diseases. To enhance model generalization, a bigger and more variable dataset can assist
in improving model generalization, particularly in classes that are visually similar, like eczema
and psoriasis. More variation in skin tone, lighting condition, camera quality, and the real life

image settings should also be added to future datasets.

Second, the system can be supplemented with additional categories of skin diseases. At the
moment SkinAl supports only four classes, it is possible to add more common skin diseases to
the application to make it more useful and comprehensive. A class that is unknown or not
supported may also be added to minimize the risk of trying to put an unsupported disease in

one of the existing categories.

Third, the model could be optimized even more to be deployed in the mobile environment.
Even though the final TensorFlow Lite model was functioning properly, the deployed model
size can be still improved. Future research can investigate post-training quantization, floatl16
quantization, or other TensorFlow Lite optimization techniques to achieve a smaller model size

at the cost of an acceptable model size and compatibility.

Fourth, the quality checker of the image can be enhanced. The present-day checker takes
into consideration blur, brightness, dark background, unique colour variation, and skin pixel
ratio. The model can be made more concentrated on the affected skin region rather than the
surrounding background by adding more advanced skin region detection or segmentation to

the model.

Finally, in future work, clinical validation should be taken into consideration. The model is
to be tested with the clinical images which are reviewed by a dermatologist and only then
proceeds to be used in any real healthcare setting. This would enhance the accuracy of the

system and guarantee the application to be safe and responsible as a pre-screening tool
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APPENDIX

APPENDIX
Appendix A-1 Sample of Skin Disease Dataset

Sample image of viral infection from dataset.

Bachelor of Information Systems (Honours) (Information Systems Engineering)
Faculty of Information and Communication Technology (Kampar Campus), UTAR

105



APPENDIX

Appendix B-1

Full View of Application

02:35 7RMH DI

< Terms & Conditions

Terms of Service

Please review our terms carefully before using
the SkinAl analysis platform.

1. Introduction

Welcome to SkinAl. By accessing or using our
mobile application and services, you agree

10 be bound by these Terms and Conditions.
Our platform uses advanced artificial
intelligence to provide preliminary skin health
assessments.

2. Medical Disclaimer

IMPORTANT: SkinAl is not a medical

3. App Purpose

SkinAl is a skin disease screening tool for
educational purposes only.

4. Privacy and Data Storage

When signed in, your scan records and
account details may be stored in Firebase
(Authentication/Firestore/Storage) for history
tracking. Anonymous mode does not keep
personal identity and may limit stored history.

5. Eligibility (Age Confirmation)

By using this app, you confirm that you are 18
years or older, or you are using it under proper
guardian supervision.

6. Data Consent

By proceeding in sign-in, you consent to the
app processing scan images for screening
results and storing related scan data according
1o the selected account mode.

7. Liability Waiver

The developers are not liable for medical, legal,
or financial outcomes arising from use of this
screening tool. Always consult a qualified

i for is and

treatment.

Term Page
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3
Welcome to SkinAl

your personal assistance for your daily grow
and health.

-t

lassify Ski
By Sioxsty sk £ scan History

Skin Disease Knowledge

PREVENTION [

LR

A MEepicAL DISCLAIMER

This appl is fori i

only and is not a substitute for professional

medical advice, diagnosis, or treatment.

Always seek the advice of your physician

or other qualified health provider with any

questions you may have regarding a medical
N 4 f

ever p
medical advice or del;y in seeking it because
of something you have read on this app.

o e

Home Profile

Home Page

02:38 7RAPAD

<« Skin Classifier

Analyze Skin

Take or upload a clear photo of the affected
area for an instant Al-powered analysis.

TAKE PHOTO

I8 GALLERY

Helpful Tips [ ]

Select suspected condition

Eczema

Natural Light

Use soft, daylight conditions for the
most accurate color detection.

Clear Focus

. Keep the camera steady and
centered about 4-6 inches from the
skin

Clean Area

' Ensure the skin is free of makeup,
lotions, or coverings before
scanning

Eczema Tips

v Look for red, inflamed patches, often on

hands, elbows, or behind knees

A Capture the full extent of the affected area
showing the pattern

Avoid photos right after applying

moisturizer - wait 30 minutes

A

SkinAl is an informational tool and does not
provide a medical diagnosis. Always consult
with a board-certified dermatologist for
professional medical advice.

Image Input Page
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¢ Psoriasis

Analyzed Skin Sample

Potential Match: Psoriasis
Confidence Scote

93%

© About this condition

Psoriasis is a chronic skin disease that
causes red, scaly patches on the skin. It (5 an
autoimmune condition that speeds up skin cell
growth

© Psoriasis Guidelines

+ Keep Skin Moisturized

Apply thick ointments or creame 16 soflen scales
and reduce tching Use atter bathing

~ Gentle Exfoliation

Softly remave loose scales with & gentie scrub or
coal tar product. Do not pick scates forcedully

+ Sunlight Exposure

Limited controlied sun exposure may help, but
use sunscreen on unaffected areas Consult
doctor first.

A Healthy Lifestyle

Maintain healthy weight. manage stress, and
avold snoking dnd alcohol which can worsen
symptoms.

A Doctor Recommendation

We Q0 0
Psoriasis is a chronic condition that benefits

from Early
can prevent complications and improve quality
of life.

Medical Disclaimer

The SHnAl is for
purposes only and is not a substitute for professicns!
medical advice. disgnosin. or treatment Atwayn neek the

aduice of you physician or other qualified health pravider
with any questions you may have regarding a medical
condtion.

Classification Result Page

Bachelor of Information Systems (Honours) (Information Systems Engineering)

02:46 =

& SkinAl

Psoriasis

About this condition

Psoriasis is a skin disease that causes red,
itchy scaly patches. it accelerates the life

cycle of skin cells, causing rapid buildup. It's a
chronic condition with periods of flare-ups and

remission.

Common Symptoms

+ Red patches with silvery scales
« Dry, cracked skin

+ Itching and burning

* Thickened nails

« Stiff and swollen joints

+ Small scaling spots

Treatment Options

« Topical corticosteroids

* Vitamin D analogues

+ Phototherapy (light therapy)
+ Systemic medications

+ Biologics

» Lifestyle changes

Prevention Tips

+ Maintain healthy weight
+ Avoid smaking

* Limit alcohol

+ Manage stress

+ Keep skin moisturized

+ Avoid skin injuries

When to See a Doctor

« If joint pain occurs

« If rash spreads widely

« If scaling Is severe

« If joint stiffness develops

+ If over-the-counter doesn't help

Disclaimer

This information is for educational purposes
only. Always consult a healthcare professional
for proper diagnosis and treatment

02:46 =
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Eczema (Dermatitis)

About this condition

Eczema is a condition that makes your
skin red, inflamed, and itchy. It's common
in children but can occur at any age. Atopic
dermatitis is the most common type.

Common Symptoms

* Red, inflamed skin

« Itching (often severe)

* Dry, scaly patches

+ Small bumps that may leak fluid
+ Thickened skin

+ Areas of swelling

Treatment Options

* Moisturizers to keep skin soft

« Corticosteroid creams for inflammation
« Antihistamines for itching

« Avoid triggers (irritants, stress)

+ Light therapy for severe cases

« Immt 1t

Prevention Tips

» Keep skin moisturized

* Avoid harsh soaps

* Wear soft, cotton clothing

* Manage stress

« Identify and avoid triggers

« Don't scratch (use cold compress)

When to See a Doctor

+ If rash doesn't improve

« If infection signs appear (fever, pus)
« If itching disrupts sleep

« If over-the-counter doesn't work

« If skin spreads rapidly

Disclaimer
This information is for educational

purposes
only. Always consult a healthcare professional
for proper diagnosis and treatment,

Knowledge Details Page
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ABDUL RAHMAN

FACULTY OF INFORMATION COMMUNICATION AND TECHNOLOGY

SKIN Al:
N i

DEEP LEARNING FOR
SKIN DISEASE CLASSIFICATION

Skin diseases are common in Malaysia, and
early detection is crucial.
This project aims to develop a mobile
application that integrates Al for classifying
four common skin diseases. :
-
&

OBJECTIVE
1. Train dnd evaluate CNN models on skin
disease dataset.
2.Compare performance and efficiency of
three different CNN models
3.Deploy the most suitable model into a
mobile app.

%

Dataset: 7,435 open-source skin disease images.
Preprocessing: Imo\ge resizing. normalization.
Model Trdining: MobileNetVv2, ResNet50,
EfficientNetB2

Deployment: Best model integrated into mobile
app interface.

App Features: Login, image quality checking,
classification result, scan his’corg, disease

knowledge, and profile

Al-driven skin disease classification with
an intuitive interface

— making diagnostic support more
accessible, faster, and affordable.

PROJECT DEVELOPER: LAU JIAN YI (2202408)
PROJECT SUPERVISOR: DR SAYED AHMAD ZIKRI BIN SAYED ALUWEE

Bachelor of Information Systems (Honours) (Information Systems Engineering)
Faculty of Information and Communication Technology (Kampar Campus), UTAR

108



