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ABSTRACT 

This project aims to design and develop an automated tool for identification 

and classification of various skin diseases’ the proposed novel algorithm which is 

basically in CNN which aids to differentiate various skin diseases through a full -

fledged skin image dataset. In addition, it explores the role of artificial intelligence 

(AI), especially convolutional neural networks (CNNs), in the analysis of 

dermatological images and considers possible implications for the evaluating  of 

skin lesions. By gaining a deeper understanding of skin lesion and incorporating AI 

technologies, healthcare providers can improve diagnostic accuracy, improve 

treatment strategies. The HAM10000 dataset is a comprehensive collection of 

multi-source dermatoscopic pictures of common pigmented skin lesions. This  use 

of MobileNetV2's capabilities to characterize these images. The dataset offers a 

strong basis for deep learning model training because it covers a wide variety of 

skin conditions. In order to detect and categorize different kinds of skin illnesses, 

the characterization procedure entails a careful inspection of skin lesion 

photographs from which 6 common skin lesions are taken which is a total of 3310 

raw dataset for training containing (AKIEC)-327 Actinic keratosis ,(BCC)-514 

Basal cell carcinoma, (BKL)-1099 Seborrheic keratosis ,(DF)-115 Dermatofibroma 

,(MEL)-1113 Melanoma and (VASE)-142 vascular lesions a total of 3310 images 

In order to get the early identification of skin cancer, we hope to achieve a high 

degree of accuracy in differentiating between benign and malignant lesions by 

utilizing MobileNetV2. A crucial reference point for this work is the HAM10000 

dataset, which provides a typical sample of pigmented lesions. Pictures of 

melanoma, basal cell carcinoma, and other skin disorders.  
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CHAPTER-1 

INTRODUCTION 

 

The abundance of data within the HAM10000 dataset presents a treasure 

trove for dermatologists and researchers alike. With a vast collection of  labeled 

images capturing diverse skin diseases, it serves as an invaluable resource for 

comprehensive analyses. These images, ranging from cancerous to non-

cancerous lesions, provide a deep insight into various dermatological 

conditions, making them a sought-after asset in medical research. 

 In the dataset, one encounters a spectrum of malignant lesions with 

significant implications. Melanoma, recognized for its aggressive nature 

stemming from melanocytes, stands out as a formidable challenge due to its 

rapid metastatic potential. Basal Cell Carcinoma, a prevalent form of skin 

cancer often associated with sun exposure, and Squamous Cell Carcinoma, 

known for its susceptibility to metastasize, are also prominently featured. 

Moreover, the dataset encompasses lesser-known malignancies like Merkel 

cell carcinoma and sebaceous carcinoma, adding layers of complexity to the 

study of skin lesions. 

Conversely, the non-malignant lesions in the dataset offer insight into a 

different realm of skin conditions. From benign Melanocytic Nevi or Moles to 

precancerous Actinic Keratosis triggered by UV exposure, the dataset covers a 

broad spectrum of skin abnormalities. Benign Keratosis, comprising seborrheic 

keratosis, solar lentigo, and lichen-planus-like keratosis, along with 

Dermatofibroma and vascular lesions like haemangiomas and angiokeratomas, 

add depth to the range of benign lesions under scrutiny. 

Recognizing the critical role of early detection in managing skin lesions, 

especially the malignant and pre-cancerous types, underscores the 

significance of timely identification in improving treatment outcomes and 

prognosis. The pivotal nature of swift detection is reflected in reduced 
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morbidity, mortality rates, and overall healthcare expenses, emphasizing the 

importance of vigilance in dermatological assessments. 

Furthermore, leveraging cutting-edge deep learning methodologies such as 

Convolutional Neural Networks (CNNs) for image classification and 

segmentation, UNet architecture for precise boundary localization, DenseNet 

for distinguishing between benign and malignant lesions, and Transfer Learning 

for customizing pre-trained models to specific lesion types, marks a paradigm 

shift in lesion identification and diagnosis. These advanced techniques 

empower healthcare professionals with sophisticated tools, promising 

enhanced patient care and refined prognosis capabilities in the realm of 

dermatology. 

The project delves into the practical applications of Convolutional Neural 

Networks (CNNs) when it comes to identifying and categorizing various skin 

conditions, with a particular focus on improving upon the limitations commonly 

associated with traditional diagnostic methods. In the endeavor to stress the 

urgent need for prompt and accurate detection of skin ailments, the study 

accentuates the considerable potential of CNN-driven systems in elevating the 

precision of diagnoses. Covering an extensive array of methodologies, the 

investigation spans across different approaches from MATLAB-centric 

techniques to the integration of CNNs for the purpose of categorizing skin 

diseases, providing a comprehensive overview of the continually developing 

field of dermatology. By presenting an innovative methodology, the project lays 

out a well-structured process for implementing CNNs—specifically emphasizing 

the use of MobileNetV2—in the sphere of skin cancer detection, encompassing 

key stages like data collection, preprocessing, model selection, transfer 

learning, training, and evaluation. The concluding remarks of the research 

strongly advocate for the integration of advanced technologies into 

dermatological practices to refine diagnostic precision and enhance patient 

outcomes, underscoring the potential positive impact such technological 

integration can bring to the overall quality of medical care within this 

specialized medical domain. 
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CHAPTER-2 

LITERATURE SURVEY 

Few Cited literatures are available for automatic identification  of skin 

lesions. A detailed  literature survey is given below based on the published 

works. 

  

 PAPER 1  

ZHE WU et al (2019): This paper addresses the significant global 

burden of skin diseases, which rank among the most common health 

issues worldwide. Skin conditions not only impact physical health but also 

have far-reaching consequences on mental well-being and overall quality 

of life, particularly when they affect the face. The authors highlight the 

dearth of labelled datasets, especially for facial skin diseases, making 

research and clinical diagnosis challenging in this context.  

To mitigate these issues, the paper introduces a novel dataset 

consisting of 6 common facial skin diseases: seborrheic keratosis (SK), 

actinic keratosis (AK), rosacea (ROS), lupus erythematosus (LE), basal 

cell carcinoma (BCC), and squamous cell carcinoma (SCC). This dataset 

contains a substantial collection of 2,656 facial images, totalling 4,394 

images. These diseases were selected due to their high prevalence on the 

face and the potential for benign conditions like AK and SK to transition 

into malignant ones without timely intervention.  

The paper's primary objective is to assess the effectiveness of various 

convolutional neural network (CNN) structures in diagnosing these facial 

skin diseases using clinical images. Five different CNN architectures were 

examined, and the InceptionResNet-v2 model demonstrated the highest 

average precision (77.0%) in the test set, showcasing promising results in 

automated diagnosis.  

By constructing this specialized dataset and evaluating CNN models, 

the paper offers a significant contribution to the field of dermatology and 

medical image processing. It not only addresses the lack of data in this 
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domain but also provides a foundation for the development of AI-based 

diagnostic tools for facial skin diseases. These tools could enhance early 

detection, improve patient outcomes, and reduce the burden of skin 

diseases on individuals and healthcare systems.  

  

 

  

PAPER 2  

Weipeng Li et al (2020): addresses the pressing issue of skin cancer, 

notably melanoma, which is a highly lethal form of skin cancer responsible 

for a significant number of cancer related deaths. While early detection is 

vital for improving patient survival rates, visual inspection by experts 

currently yields an accuracy of only around 60%. To enhance accuracy 

and aid clinicians in diagnosing skin cancers more effectively, the paper 

explores the application of Artificial Intelligence (AI) techniques, 

particularly deep learning, which has shown remarkable success in 

various domains.  

Deep learning, specifically convolutional neural networks (CNNs), has 

excelled in image classification tasks, including medical image diagnosis. 

However, the challenge arises when dealing with small-sample or data-

imbalanced datasets, common in the medical domain. The paper 

introduces strategies to address this issue. First, it discusses transfer 

learning, where pre-trained deep learning models from larger datasets are 

fine-tuned for specific tasks with limited data. Another approach involves 

adjusting loss function penalties for small-sample classes to encourage 

the classifier to pay more attention to these classes during training.  

However, the paper introduces a novel and more effective approach by 

utilizing metadata, such as information about the location of skin lesions. It 

recognizes that different skin diseases often manifest in distinct body 

parts, making non-image metadata an asset in distinguishing between 

diseases. While multi-modality medical image classification tasks have 

been explored previously, there has been limited work on fusing image 
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and non-image metadata for medical image classification. In this study, 

the paper presents a data-fusion framework tailored to the data-imbalance 

issue in skin image classification. Experiments demonstrate that 

incorporating metadata significantly improves the recall rate for skin 

diseases, particularly when dealing with limited training data.  

In summary, this paper addresses the critical need for accurate skin 

cancer diagnosis, specifically melanoma. It explores the potential of AI, 

deep learning, and data-fusion techniques, with a focus on utilizing non-

image metadata to enhance the classification of skin diseases. The results 

indicate that this innovative approach can be highly effective, especially in 

scenarios with limited data availability, promising improved early detection, 

and diagnosis of skin cancers.  

  

 

  

PAPER 3  

Yang Guang et al (2023) :explains the critical issue of accurately 

diagnosing and classifying skin cancers, with a particular focus on 

melanoma, which is the most dangerous form of skin cancer. Skin cancer 

is a widespread health concern, with millions of new cases diagnosed 

annually in the USA and even higher per capita rates in countries like 

Australia. Early detection is essential for improving survival rates, as late-

stage diagnosis leads to poor outcomes.  

Traditionally, dermatologists have used high-resolution dermoscopy 

images to aid in diagnosing skin cancers. However, the reliability of these 

diagnoses can vary depending on the clinician's experience, leading to the 

need for more accurate classification methods.  

The paper highlights the significant challenges in accurately classifying 

skin cancer types, especially malignant ones, due to their visual similarity. 

To address this, the paper discusses the development of deep learning 

techniques in recent years to enhance diagnostic accuracy and 

classification. Previous research demonstrated that deep learning models 



6 
 

surpassed dermatologists in accuracy and sensitivity for skin cancer 

classification.  

Building upon this foundation, the paper introduces a novel transformer 

network structure designed specifically for skin cancer classification. This 

model aims to improve upon existing deep learning approaches by better 

targeting disease areas in dermoscopy images while reducing interference 

from healthy regions and noise. Comparative experiments with state-of-

the-art non-transformer models on the same dataset revealed that the 

proposed transformer model achieved superior accuracy and sensitivity. 

This suggests that the transformer architecture is more suitable for skin 

lesion classification, particularly for challenging cases like melanoma.  

In summary, the paper addresses the pressing need for accurate skin 

cancer diagnosis, emphasizing the significance of early detection in 

improving patient outcomes. It explores the potential of deep learning 

techniques, specifically introducing a novel transformer network structure, 

to enhance the accuracy of skin cancer classification. The experimental 

results indicate that this transformer model outperforms existing models, 

offering promising prospects for more accurate and reliable skin cancer 

diagnoses in the future.  

  

 

  

PAPER 4  

Nazia Hameed et al (2018) :addresses the significant global health 

issue of skin diseases, which rank as the fourth leading cause of non-fatal 

disease burden. Skin diseases can result from various factors, including 

exposure to ultraviolet radiation, genetic predisposition, environmental 

influences, and lifestyle choices. These conditions can have a profound 

impact on physical and mental wellbeing, leading to isolation, physical 

impairment, relationship difficulties, unemployment, and even increased 

rates of suicidal attempts.  
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Classifying skin diseases typically requires specialized expertise, 

equipment, and domain knowledge, creating a mismatch between the 

burden of skin diseases and available resources, particularly in low-

income countries. To address this gap, the paper proposes the 

development of an intelligent expert system capable of performing multi-

class skin lesion classification to aid in early diagnosis.  

The research focuses on classifying acne, eczema, and melanoma 

(both benign and malignant), which are among the most common skin 

diseases worldwide. In a previous study, the authors investigated skin 

lesion classification using traditional machine learning approaches, which 

involved manual feature extraction. In this research, they employ 

convolutional neural networks (CNNs), a subfield of deep learning, to 

improve classification accuracy. Specifically, they utilize a pre-trained CNN 

model called "AlexNET" for feature extraction and employ a linear error 

correcting output codes (ECOC) support vector machine (SVM) classifier 

for the classification task. The ECOC classifier simplifies the multi-class 

classification problem by breaking it down into binary classification tasks.  

The proposed intelligent expert system can effectively classify healthy 

skin, acne, eczema, as well as benign and malignant skin lesions. By 

leveraging deep learning and SVM techniques, this system offers the 

potential to enhance the accuracy and accessibility of skin disease 

diagnosis, particularly in regions with limited healthcare resources.  
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CHAPTER-3 

AIM AND SCOPE OF THE PRESENT INVESTIGATION  

3.1 AIM  

  The primary objective of the project implementation using MobileNetV2 to 

analyse dermoscopy images is to effectively utilize the capabilities of this 

convolutional neural network design, specifically tailored for the classification of 

skin lesions.  

The process commences with the creation of a comprehensive dataset that 

involves capturing dermoscopic images through a hand-held dermoscope attached 

to a mobile phone. It is vital to ensure a diverse representation of lesion types, 

including melanocytic nevi and basal cell carcinoma, to enhance the model's ability 

to generalize across different categories. 

Moving on to the model development phase, the project focuses on 

leveraging the MobileNetV2 architecture known for striking the right balance 

between accuracy and efficiency. The model is initialized with pre-trained weights 

from the ImageNet dataset and further fine-tuned using the specific dermoscopy 

image dataset curated for this study. 

The subsequent stage involves training MobileNetV2 to categorize skin 

lesions into distinct classes such as melanoma and dermatofibroma, aiming for 

robust classification outcomes. The model's performance is rigorously evaluated 

using various metrics like accuracy, sensitivity, and specificity to gauge its 

effectiveness in real-world scenarios. 

In terms of clinical application, the goal is to deploy the trained model as a 

sophisticated tool for early diagnosis of skin diseases, aiding dermatologists by 

providing valuable insights derived from dermoscopic images. The accurate 

classification achieved through this novel approach significantly contributes to 

improved patient care and serves as a supportive tool for dermatologists in their 

diagnostic decision-making processes, ultimately enhancing overall healthcare 

outcomes and patient well-being. 
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3.2 SCOPE  

The scope of characterizing dermoscopy images using the deep-learning 

technique MobileNetV2 encompasses a variety of significant aspects that 

contribute to the advancement of dermatological diagnosis and care: 

1. Early Diagnosis of Skin Diseases: 

Utilizing MobileNetV2's advanced capabilities to accurately categorize 

dermoscopy images into distinct skin lesion categories such as melanoma, basal 

cell carcinoma, and others, thereby facilitating the prompt identification of skin 

diseases. 

Offering a convenient and efficient automated tool that empowers 

dermatologists to swiftly detect and address skin conditions in their nascent 

stages, fostering proactive treatment and management. 

2. Second Opinion Tool: 

Enabling MobileNetV2 to serve as a reliable second opinion resource for       

dermatologists, bolstering the accuracy of diagnostic processes based on the 

analysis of dermoscopic images. 

  Increasing diagnostic efficiency and cost-effectiveness through the 

provision of additional insights and perspectives that enhance the overall 

diagnostic accuracy and reliability. 

3. Model Evaluation and Optimization: 

Conducting comprehensive evaluations of MobileNetV2's performance by 

comparing it against various pre-trained CNN models like DenseNet121, 

ResNet50, VGG16, and ResNet18, to ascertain its effectiveness and suitability. 

 Fine-tuning simulation parameters such as epochs, batch size, and 

optimizers to establish the optimal configuration that maximizes the model's 

diagnostic capabilities and overall performance. 
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4. Clinical Application: 

Implementing the trained MobileNetV2 model within clinical environments to 

streamline and enhance the characterization of skin lesions, ultimately resulting in 

elevated standards of patient care and treatment outcomes. 

3.3 OBJECTIVES  

The primary Objective of utilizing the deep-learning technique MobileNetV2 

to characterize dermoscopy images is to enhance the accuracy and efficiency of 

skin lesion classification. In this study, the key aspirations involve the 

development of a sophisticated deep learning model, specifically utilizing 

MobileNetV2, with the objective of effectively categorizing dermoscopic images 

into distinct types of lesions such as melanoma, basal cell carcinoma, and more. 

An essential focus lies in advancing diagnostic precision by streamlining the 

characterization process through automation. 

Moreover, the strategy encompasses the meticulous training and fine-

tuning of the MobileNetV2 model. This involves a meticulous initialization 

procedure where the model is set up with pre-trained weights obtained from the 

ImageNet dataset. Fine-tuning is then carried out meticulously using a dataset 

comprising of dermoscopic images. To further refine the model's performance, an 

array of data augmentation techniques is employed strategically. 

 

Significantly, upon successful training and fine-tuning, the primary objective 

transitions to the clinical application of the MobileNetV2 model. This pivotal step 

involves deploying the expertly trained model within authentic clinical 

environments. Its primary function revolves around assisting dermatologists in 

making well-informed decisions regarding skin lesion treatments and overall 

management strategies. By accomplishing these multifaceted objectives 

cohesively, this profound project significantly contributes to advancing patient 

care standards and providing invaluable support to healthcare professionals in the 

realm of skin disease diagnosis.  
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3.4 STANDARDS 

IEEE P2801™ - Recommended Practice for the Quality Management of 

Datasets for Medical Artificial Intelligence : This recommended practice identifies 

best practices for establishing a quality management system for datasets used for 

artificial intelligence medical devices. It covers a full cycle of dataset management, 

including items such as but not limited to data collection, transfer, utilization, 

storage, maintenance and update. This recommended practice recommends a list 

of critical factors that impact the quality of datasets, such as but not limited to data 

sources, data quality, annotation, privacy protection, personnel 

qualification/training/evaluation, tools, equipment, environment, process control 

and documentation. 

 

IEEE P2807™ - Framework of Knowledge Graphs: This standard defines 

the framework of knowledge graphs (KGs). The framework describes the input 

requirement of KG, construction process of KG, i.e., extraction, storage, fusion 

and understanding, performance metrics, applications of KG, verticals, KG related 

artificial intelligence (AI) technologies and other required digital infrastructure. 

 

IEEE P2807.1™ - Standard for Technical Requirements and Evaluation of 

Knowledge Graphs: This standard defines technical requirements, performance 

metrics, evaluation criteria and test cases for knowledge graphs. The mandatory 

test cases include data input, metadata, data extraction, data fusion, data storage 

and retrieval, inference and analysis, and knowledge graph display. 

 

IEEE P2841™ - Framework and Process for Deep Learning Evaluation: 

This document defines best practices for developing and implementing deep 

learning algorithms and defines a framework and criteria for evaluating algorithm 

reliability and quality of the resulting software systems. 

 

 

 

https://standards.ieee.org/ieee/2801/7459/
https://standards.ieee.org/ieee/2801/7459/
https://standards.ieee.org/ieee/2807/7525/
https://standards.ieee.org/ieee/2807.1/7671/
https://standards.ieee.org/ieee/2807.1/7671/
https://standards.ieee.org/ieee/2841/7674/
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IEEE P2807.4™ - Standard for Technical Requirements and Evaluation of 

Knowledge Graphs: This guideline for Scientific Knowledge Graphs (SKG) 

specifies: 1) Data scope, including the actors such as authors or organizations, the 

documents such as journal or conference publications, and the research 

knowledge such as research topics or technologies; 2) SKG construction process, 

including knowledge acquisition, knowledge fusion, knowledge representation, or 

knowledge inference of scientific knowledge; 3) Applications, including academic 

service, intelligence mining, or scholar analysis.  

 

3.5 CONSTRAINTS 

Model size: In convolutional neural networks (CNNs), the term "model size" 

typically refers to the number of parameters or weights in the network. Model size 

is a crucial factor in deep learning, as it directly affects the memory requirements 

during training and inference, as well as the computational resources needed for 

both. 

Input image size: The input image size plays a crucial role in the processing 

of data within a neural network. It is defined by the dimensions of the image, 

usually denoted as width, height, and the number of channels it encompasses. 

These specific dimensions dictate the manner in which the image data is ingested 

into the network architecture, effectively governing the execution of convolutional 

and pooling operations that aid in the extraction of meaningful features from the 

image. Understanding and setting the input image size correctly is fundamental in 

optimizing the network's performance and facilitating accurate image analysis. 

Task Objective: When setting the task objective, it is crucial to establish a 

clear and concise goal. This could involve defining whether the task entails 

classification, detection, segmentation, regression, or any other specific objective. 

Additionally, it is essential to specify the output format needed for the task, which 

may include various elements such as class labels, bounding boxes, or pixel-wise 

masks. Defining these key aspects from the outset contributes to a focused and 

successful outcome. 

 

https://standards.ieee.org/ieee/2807.4/10571/
https://standards.ieee.org/ieee/2807.4/10571/
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Computational Resources: When addressing computational resources, it is 

vital to carefully evaluate various factors, including memory limitations, processing 

power capabilities, and the crucial consideration of latency requirements. This 

assessment becomes particularly crucial when contemplating deployment 

scenarios involving resource-constrained devices or when operating within the 

realm of real-time applications where swift and efficient processing is paramount 

for optimal functionality. 

Model Size and Complexity: When considering model size and complexity, 

it is crucial to strike a delicate balance that is in line with the resources at your 

disposal and the desired performance outcomes. opt for a network architecture 

and depth that are well-suited to efficiently extracting the inherent data patterns 

without succumbing to overfitting. By carefully selecting the appropriate level of 

intricacy and structure for your model, you pave the way for achieving optimal 

results that align with your computational capabilities and objectives. 

Performance Metrics: When considering performance metrics for model 

evaluation, it is crucial to define appropriate measures that align with the specific 

task at hand. Common metrics include accuracy, precision, and recall, among 

others. These metrics play a vital role in gauging the effectiveness and 

performance of the model in accomplishing its intended objectives. Carefully 

selecting and analyzing these metrics can provide valuable insights into the 

model's capabilities and areas for improvement. 

 

3.6 TRADEOFFS 

Accuracy and Reliability:  The CNN algorithm, although advanced, may 

encounter challenges in consistently identifying various types of skin lesions 

accurately. This limitation may give rise to errors or misinterpretations, potentially 

presenting false positives or false negatives. Such outcomes can lead to incorrect 

feedback being provided, ultimately affecting user trust and confidence in the 

reliability of the algorithm's diagnostic results 
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Processing power and speed: Performing real-time classification of skin 

lesions demands a high level of computational power, a necessity that can result in 

delays in the generation of the output due to issues with latency. In order to ensure 

accurate and timely results, the system must efficiently handle the processing 

demands for rapid and effective identification of skin lesions. 

 

Training and validation time: Training and validating deep-learning 

algorithms can be a time-consuming process, especially when working with 

extensive datasets that involve numerous classes. The complexity of these models 

and the need for thorough evaluation contribute significantly to the overall time 

required for training and validation. 
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CHAPTER-4 

MATERIALS METHOD AND ALGORITHM USED 

 

4.1 DATASETS 

The HAM10000 dataset, comprising approximately 10,000 skin lesion 

images aimed at aiding in skin cancer detection, plays a crucial role as a standard 

reference for evaluating the performance of machine learning algorithms while 

enabling comparisons with the diagnostic capabilities of medical professionals. 

Within this dataset, one finds dermatoscopic images capturing various common 

pigmented skin lesions. Procured from diverse populations and employing a range 

of imaging modalities for capture and storage, the dataset is enriched with a 

comprehensive collection of pivotal diagnostic categories associated with 

pigmented lesions. 

Significantly, most of the lesions have been histopathologically diagnosed, 

underscoring the dataset's reliability. For those lacking histopathological 

confirmation, diagnostic authenticity is maintained through meticulous follow-up 

examinations, expert consensus, or non-invasive imaging techniques such as in-

vivo confocal microscopy. This meticulous curation ensures a robust and validated 

dataset that can serve as a foundation for developing and refining skin cancer 

detection models. 

Delving into the dataset's structure, each image is encapsulated within a 

tensor, with separate tensors allocated for gender representation, lesion 

categorization, image sourcing details, lesion localizations, individual ages, and 

unique lesion and image IDs. This multi-faceted structuring allows for detailed 

analysis and categorization of the data, facilitating a nuanced understanding of the 

relationships between various attributes within the dataset. 

Overall, the HAM10000 dataset emerges as a goldmine of information and 

a pivotal resource in the realm of dermatology and machine learning, offering a 

rich repository of meticulously curated data that holds immense potential for 
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advancing the field of skin cancer detection through cutting-edge research and 

algorithmic innovations. 

From the HAM10000 dataset we have selected 6 common skin lesions and 

categorized them in non-cancerous, pre-cancerous and cancerous.  

 

4.1.1 non-cancerous lesion 

A benign skin lesion, also known as a non-cancerous skin growth, is a 

common occurrence that typically poses no serious health risks. These growths, 

while harmless, may prompt treatment if they cause discomfort or if aesthetic 

concerns arise due to their presence on the skin. 

4.1.1.1 (BKL) 

 

 

 

 

 

 

Fig 4.1. Seborrheic keratosis 

A seborrheic keratosis (BKL) is a prevalent harmless skin growth that 

resembles a mole, commonly occurring in individuals during mid-adulthood and 

becoming more frequent as one ages. While usually not needing treatment, some 

individuals choose to have them removed for cosmetic reasons. One notable 

characteristic of seborrheic keratoses is they often have a rounded or oval shape 

with a distinctive "stuck on" appearance and a texture that can be waxy or scaly, 

protruding above the skin's surface. These growths typically come in shades of 

brown, black, or tan, although they can occasionally manifest in pink, yellow, or 

white hues and may appear in groupings or clusters on the skin. 
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Regarding those who are more likely to develop seborrheic keratoses, they 

are commonly observed in people over the age of 50, with a genetic component 

where individuals with a family history of the condition are at a higher risk, 

particularly in cases where multiple family members have seborrheic keratoses. 

Lighter-skinned individuals are also more prone to experiencing these skin 

growths compared to those with darker skin tones. In summary, seborrheic 

keratoses are typically harmless skin growths that are more prevalent in older 

individuals and can exhibit various colours and presentations on the skin, often 

associated with genetic predispositions and skin tone variations. 

4.1.1.2 (DF) 

 

 

 

 

 

                                      

Fig 4.2. dermatofibroma 

A dermatofibroma (DF), a commonly occurring benign fibrous nodule, 

typically emerges on the skin of the lower legs. Referred to as a cutaneous fibrous 

histiocytoma, this condition generally manifests as a solitary, noticeably solid 

papule, or nodule. Let's delve into some essential details regarding 

dermatofibromas: 

In terms of appearance, these lesions are characterized by their firm, slow-

growing papules, which often present as rounded bumps. They can exhibit a range 

of colours, commonly appearing brownish to tan, and are frequently elevated or 

pedunculated. Notably, a distinct feature known as the dimple sign can be 

observed, where applying lateral pressure results in a central depression. 

Regarding size, dermatofibromas typically have a diameter that falls within 

the range of 0.5–1.5 cm, with most lesions measuring around 7–10 mm in 
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diameter. These nodules tend to occur more frequently on the legs, although they 

can manifest anywhere on the skin. 

In terms of symptoms, dermatofibromas are generally painless, but 

individuals may experience discomfort, tenderness, or itching in some cases. 

When it comes to complications, trauma can occur due to the raised nature of 

these nodules, for instance during activities like shaving. It is also important to 

note that individuals with compromised immunity may develop multiple 

dermatofibromas. While dermatofibromas are usually not cancerous, they can 

occasionally be mistaken for other skin conditions. 

4.1.2 pre-cancerous lesion 

A precancerous lesion, which is a cluster of abnormal cells displaying 

alterations in size, shape, or structure when contrasted with healthy cells, carries a 

heightened potential for evolving into cancer. Even though not every precancerous 

lesion advance to a cancerous state, the importance of vigilantly monitoring these 

irregular cell formations and intervening promptly cannot be emphasized enough 

because detecting any malignant transformation early on significantly increases 

the chances of successful treatment and improves patient outcomes. Early 

detection and appropriate medical action play a pivotal role in managing and 

preventing the progression of precancerous conditions, underlining the 

significance of proactive medical care and regular screenings in safeguarding 

one's health. 

4.1.2.1 (AKIEC) 

 

 

 

 

 

 

Fig 4.3. Actininc keratosis 
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An Actinic keratosis (AKIEC), also known as solar keratosis or senile 

keratosis, is a pre-cancerous area of thick, scaly, or crusty skin induced by 

ultraviolet (UV) light exposure. These lesions typically present as thickened, rough 

patches that can vary in colour from dark to light, tan, pink, or red, often likened to 

sandpaper in texture. Actinic keratosis lesions commonly range in size between 2 

and 6 millimetres and are frequently found on the face, ears, neck, scalp, chest, 

backs of hands, forearms, or lips of individuals with fair skin over the age of 40 

with a history of regular sun exposure. Risk factors for developing actinic keratosis 

include a weakened immune system, making it crucial for individuals to limit their 

sun exposure, particularly during peak hours between 10 a.m. and 2 p.m., and use 

protective measures such as sunscreen and clothing. If left untreated, actinic 

keratosis lesions bear the serious risk of progressing to squamous cell carcinoma, 

a type of skin cancer, highlighting the importance of early detection and prompt 

treatment by a dermatologist to prevent such complications from arising. 

4.1.3 Cancerous lesion 

A cancerous lesion, also known as a malignant tissue growth, signifies an 

abnormal development of cells with the dangerous potential to transform into 

cancerous tumours if not addressed promptly. These lesions are characterized by 

their ability to metastasize, spreading mischief to surrounding tissues and organs 

once they surpass their initial location. The dangerous progression begins when 

cells start dividing uncontrollably, evoking a looming threat to life if medical 

intervention is not sought to halt their unchecked advancement. 

4.1.3.1 (VASE) 

 

 

 

 

 

Fig 4.4. Vascular lesion 
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Vascular lesions (VASE), characterized as abnormal growths or 

malformations within the intricate network of blood vessels, can manifest in diverse 

regions of the body, emerging either as congenital anomalies existing from birth or 

as acquired conditions. These lesions encompass a spectrum of types, among 

which are vascular tumors and malformations. Vascular tumors consist of 

distinctive entities, such as the Infantile Hemangioma, a typically benign tumor that 

typically manifests in the early postnatal period, often showing a trend towards 

spontaneous regression as time progresses. Another notable tumor is the 

Pyogenic Granuloma, identified by its rapid growth as a reddish nodule, commonly 

associated with minor traumas. On the other hand, vascular malformations present 

another category of lesions, including Capillary Malformations, recognized as 

"port-wine stains," flat, pink, or red birthmarks attributable to dilated capillaries. 

Venous malformations are characterized by abnormal veins that can lead to 

symptoms like swelling and pain. Additionally, Arteriovenous Malformations, 

marked by abnormal connections between arteries and veins, and Lymphatic 

Malformations, denoting abnormalities within the lymphatic vessels, constitute 

other distinctive types. The variable nature of vascular lesions necessitates careful 

evaluation and possible medical intervention depending on the severity and 

associated symptoms. 

 

 

4.1.3.2 (BCC) 

 

 

 

 

 

 

Fig 4.5. Basal cell carcinoma 
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Basal cell carcinoma (BCC) is the most common type of skin cancer, 

originating in the basal cells responsible for renewing skin cells. This form of 

cancer typically presents as a painless raised area on the skin, sometimes shiny 

with visible blood vessels or with ulceration. The appearance of BCC differs based 

on skin tone, appearing as a skin-coloured or pink bump on white skin, and as 

brown or glossy black with a rolled border on brown and Black skin. Major risk 

factors for BCC include UV exposure, particularly in childhood, as well as lighter 

skin tone, radiation therapy, and arsenic exposure. Diagnosis is confirmed through 

skin examination and tissue biopsy. 

Treatment for BCC usually involves surgical removal, such as simple 

excision or Mohs surgery, though other options like electrodesiccation and 

curettage, cryosurgery, and topical chemotherapy may be considered. Prognosis 

for basal cell carcinoma is generally favourable, with a low likelihood of spreading 

to distant areas or causing death. It is important to monitor your skin for any 

changes and seek medical evaluation promptly if you notice any unusual 

developments. 

 

4.1.3.3 (MEL) 

 

 

 

 

 

 

Fig 4.6. Melanoma 

Melanoma (MEL), a dangerous form of skin cancer originating from 

melanocytes that produce melanin pigment, primarily emerges on sun-exposed 

areas like the arms, back, face, and legs. These specialized cells are responsible 

for our skin coloration. When left undetected and untreated, melanoma has a 
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greater propensity to spread to distant body parts compared to other skin cancers. 

This underscores the importance of early diagnosis and intervention. 

When considering the types of melanomas, two main categories are 

superficial spreading melanoma and nodular melanoma. The former accounts for 

around 70% of melanoma cases, characterized by initial outward growth on the 

skin surface, often manifesting as an evolving dark spot. On the other hand, 

nodular melanoma, comprising approximately 20% of cases, presents as raised 

nodules in various colours such as dark brown, black, pink, or red, tending to 

penetrate deeper skin layers early in their development. 

Furthermore, various risk factors can increase susceptibility to melanoma, 

including prolonged exposure to UV radiation from the sun or tanning beds, having 

fair skin tones, specific genetic mutations, and compromised immune systems. 

Recognition of these risk factors is crucial for implementing preventive measures 

and regular skin monitoring practices 

In terms of diagnosis and treatment, proactive measures such as regular 

skin examinations and biopsies are essential for early detection. Treatment 

modalities for melanoma encompass a range of options, including surgical 

interventions, radiation therapy, chemotherapy, immunotherapy, and targeted 

therapy. Individuals should remain vigilant about changes in their skin and 

promptly seek medical attention if any suspicious moles or skin abnormalities are 

noted. 

By maintaining a proactive approach towards skin health and promptly 

addressing any signs of concern, individuals can increase their chances of 

detecting and effectively managing melanoma, a formidable form of skin cancer 

with potentially serious implications. 
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TABLE5.1DATA SET TABLE 

 

 

TYPE OF SKIN LESION NUMBER OF IMAGES  SAMPLE IMAGE 

Seborrheic keratosis 1099 

 

dermatofibroma 115 

 

Actinic keratosis 327 

 

Vascular lesions 142 

 

Basal cell carcinoma 514 

 

Melanoma 1113  

Total images 3310  
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4.2 MATLAB R2022b 

 

 

 

 

 

      Fig 4.7. Matlab logo 

 

MATLAB R2022b introduces several updates and new features. Here are 

some highlights:   

Medical Imaging Toolkit: View, register, segment, and label 2D and 3D 

medical images. Simscape Battery: Design and simulation of battery and energy 

storage systems. Main update:  

AUTOSAR Blockset: Develop adaptive applications using current 

methodology and deploy them on embedded Linux; create data types and 

interfaces in architectural models. Fuzzy Logic Toolbox: Interactively design, 

analyze, and simulate fuzzy inference systems (FIS), including Type 2 systems, 

using the updated Fuzzy Logic Designer application. HDL Encoder: Generate 

SystemC code from MATLAB and use image-to-template conversion to optimize 

the model and code. HDL Verifier: Performs co-simulation with Xilinx Vivado 

Simulator and uses a command line interface to automate testing. Model 

Predictive Control Toolkit: Uses neural networks as predictive models; controller 

design complies with ISO 26262 and MISRA C. System identification toolkit: Uses 

machine learning and deep learning techniques to identify nonlinear systems, 

including spatial patterns, states nonlinearity using neural ODE1. Release 

highlights:  

MATLAB Dictionary: Objects that map unique keys to values for fast lookup.  

Simulink Library Browser: Attach the Library Browser to a model. Deep Learning 

Toolkit: Directly import PyTorch models and export models to TensorFlow. MATLAB 

.NET Engine API: Call MATLAB from .NET applications.  
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App performance: faster launches and more responsive graphics. 

Curvefitting Toolbox: Export Curve Fitter results to a Simulink lookup table block. 

Device Control Toolbox: Configure the NI Vector Transceiver for wireless testing 

and design validation. Machine Learning and Statistics Toolkit: Reduce the 

dimensionality of Live Editor tasks. Computer Vision Toolkit: Automate tasks with 

anomaly detection and classification techniques. Embedded Encoder: Deploying 

and Prototyping Service Oriented Architecture (SOA) Applications on Linux1. In 

summary, MATLAB R2022b delivers improvements in a variety of fields, from 

medical imaging to control systems and machine learning. 

 

4.3 MobileNetV2 

 

MobileNetV2 is a convolutional neural network (CNN) architecture that can 

be easily accessed within MATLAB.  

When it comes to pretrained models, MobileNetV2 stands out as a 

sophisticated 53-layer deep CNN that offers exceptional capabilities. Leveraging a 

pretrained version of MobileNetV2 trained on an extensive dataset of over a million 

images from the ImageNet database, you gain access to a powerhouse network 

that can effectively classify images into a wide array of 1000 object categories, 

ranging from everyday items like keyboards and mice to various animals. 

Moreover, with an input image size requirement of 224-by-224 pixels, 

MobileNetV2 provides a standardized format for data input, ensuring consistency 

and compatibility in your projects. 

For practical applications, MobileNetV2 proves to be invaluable. Whether 

you are looking to perform image classification, extract essential features from 

your data, or engage in transfer learning scenarios, MobileNetV2 is a versatile tool 

that you can seamlessly integrate into your workflow. 

Additionally, MobileNetV2 serves as an excellent foundation for more 

advanced tasks such as building custom models tailored to suit your specific 

needs. By exploring the untrained MobileNetV2 architecture, you open a realm of 

possibilities for experimentation and innovation. 
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Aid in the visualization and understanding of MobileNetV2's intricate 

architecture, MATLAB provides the Deep Network Designer tool as a user-friendly 

interface. By utilizing the Deep Network Designer in conjunction with MobileNetV2, 

you can enhance your comprehension and streamline the design process for your 

neural network projects. 

 

 

 

 

 

 

 

 

                       

Fig 4.8. Mobilenet V2 architecture 

 

4.4 System hardware used for training.  

 

Hardware components play a critical role in the efficient training of a 

MobileNetV2 model. Let us delve into the specifications of the AMD Ryzen 5 

4600H with Radeon Graphics, a powerful processor suitable for high-performance 

productivity and gaming notebooks. This processor boasts 6 Zen 2 CPU cores and 

12 threads, along with a base frequency of 3.0 GHz which can dynamically boost 

up to 4.0 GHz. With 8MB of L3 cache and a standard 45W TDP, the Ryzen 5 

4600H strikes an excellent balance between performance and efficiency, making it 

a reliable choice for various machine learning tasks. 

Moving on to the importance of RAM (Random Access Memory) in deep 

learning, the system is equipped with 8.00 GB of RAM, providing a solid 
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foundation for computational tasks. However, it's worth noting that increasing the 

RAM capacity can lead to a significant enhancement in performance, especially 

when dealing with complex machine learning algorithms and large datasets. 

Ensuring optimal utilization of the hardware components, the system 

operates on a 64-bit Operating System (OS), crucial for leveraging the full 

potential of modern hardware. By supporting increased memory allocation and 

running 64-bit applications, the 64-bit OS enhances the system's efficiency and 

overall performance. Particularly in the realm of deep learning, Linux stands out as 

a popular choice due to its adaptability, robust community support, and 

performance advantages. 

Additionally, the system architecture is based on x64 processors, which 

offer superior memory management capabilities and compatibility with 64-bit OS 

and applications. This architecture enables the system to handle larger datasets 

and execute tasks more efficiently, aligning perfectly with the requirements of 

training a complex model like MobileNetV2 effectively. 
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CHAPTER – 5 

 
Results and Discussion, Performance Analysis 

 

5.1 Outputs 

 
 

 

 

 

 

 

 

Fig 5.1 raw images 

When delving into the realm of deep learning with images, the interpretation 

of raw images can lead down various paths of understanding. Let's delve deeper 

into the nuances surrounding raw images: 

Raw Sensor Data (RAW Images): 

In essence, raw sensor data signifies the untouched output captured 

directly by an image sensor, whether it be from a digital camera or a smartphone. 

Characteristics: 

One key feature of raw images is the absence of any processing within the 

camera, meaning elements like noise reduction, sharpening, and colour 

corrections are not applied. 

Another significant aspect of raw images is their ability to maintain a broad 

dynamic range, which plays an essential role in preserving details within both 

highlights and shadows. 
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Moreover, raw files tend to have a larger file size owing to the limited 

degree of compression they undergo during storage. 

Utilization in Deep Learning: 

Opting to train models using raw sensor data comes with perks such as the 

ability to capture intricate details while sidestepping any artifacts that could 

potentially be introduced through image manipulation. 

Nevertheless, it's worth noting that working with raw images necessitates 

additional storage capacity and computational resources during the training phase. 

 

 

 

 

 

 

 

 

Fig 5.2 Enhanced images 

 

Enhancing skin images for deep learning involves the utilization of a variety 

of techniques aimed at enhancing their quality and suitability for effectively training 

neural networks. These techniques play a crucial role in empowering the skin 

image data to be more adaptive and refined for the demanding tasks in deep 

learning applications. By exploring methods that are specifically focused on colour 

enhancement, a deep understanding of computational colour constancy 

techniques can be gained to optimize the skin image datasets. 

One notable method for data-driven colour augmentation involves the 

objective of adapting skin images for deep learning through the strategic utilization 
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of computational colour constancy techniques. One approach that is commonly 

employed is the application of shades of gray colour constancy technique to 

ensure the normalization of the entire training set of images, while also retaining 

the estimated illuminants for accurate portrayal. Additionally, drawing samples from 

the distribution of training set illuminants and applying them to the normalized 

images further refines the dataset for training deep convolutional neural networks 

(CNNs) in tasks such as skin lesion segmentation and classification. 

Moreover, the realm of deep learning with colour enhancement pertains to 

an objective that seeks to refine skin images utilizing advanced deep learning 

models. These models, like autoencoders, significantly boost the capabilities of 

skin detection algorithms by enabling them to process and analyze skin images 

with enhanced precision. Experimenting with diverse colour spaces, such as RGB 

and HSV, offers new avenues for improving the representation of skin images and 

extracting valuable features for deep learning tasks. 

Furthermore, employing techniques like High Dimensional Colour 

Transform (HDCT) facilitates the enhancement of contrast in skin lesion images, 

thereby elevating the accuracy and efficiency of skin lesion segmentation, 

classification, and melanoma detection processes. Each method intricately 

contributes to the overarching goal of refining skin images for deep learning 

applications, fostering a more robust and effective neural network training 

environment tailored to the intricacies of skin image analysis and interpretation. 

 

 

 

 

 

 

Fig 5.3 Gray scale image and ground truth image 
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Ground truth images play a pivotal role in the field of machine learning, 

particularly in the realm of supervised learning algorithms that heavily rely on 

accurate annotations for training. The significance of ground truth lies in its ability 

to act as a beacon of truth, serving as a reference point against which the 

predictions generated by models can be compared and evaluated. In the domain 

of supervised learning, the availability of high-quality ground truth data is 

paramount as it directly influences the performance of algorithms. The more 

extensively annotated data sets with precise labels are, the more effectively 

algorithms can operate and learn from the provided information. Moreover, 

researchers often create meticulously curated datasets with ground truth labels to 

establish benchmarks for a variety of machine learning tasks, which aids in 

assessing the progress and effectiveness of new methodologies. Notable 

examples of such benchmark datasets can be found within computer vision 

applications, encompassing domains like facial recognition and image 

classification, where the usage of ground truth labels is instrumental in achieving 

accurate results. 

When it comes to the utilization of ground truth labels by models, 

supervised models specifically incorporate this crucial information during their 

training phase. These models initially familiarize themselves with the ground truth 

annotated data to understand the correct outcomes associated with specific 

inputs. Subsequently, evaluation is carried out on unseen data sets where the 

model is tasked with making predictions without prior knowledge of the ground 

truth, allowing for a comprehensive assessment of its performance. Conversely, 

semi-supervised models leverage ground truth labels for select data points, with 

the success of these models contingent upon the nature and quality of the 

examples available to them. This approach proves particularly adept at identifying 

distinct structures within datasets, making it a valuable tool in the analysis and 

classification of complex data. In conclusion, the reliance on ground truth images 

establishes a sturdy foundation for training and evaluating machine learning 

models, underscoring its indispensable role in driving progress within the field. 
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Fig 5.4 segmented images 

 

Image segmentation, a crucial aspect of computer vision, is the process of 

dividing an image into distinct regions or segments. These segments are essential 

as they correspond to specific objects, boundaries, or regions of interest within the 

image, facilitating a deeper understanding of its content.  

Image segmentation involves grouping similar pixels together based on 

various criteria like colour, texture, or intensity, ultimately aiming to identify and 

delineate meaningful regions within an image for further analysis. There are 

different types of image segmentation techniques used for this purpose: 

Semantic Segmentation assigns class labels to each pixel to specify the 

object or region it represents.  

Instance Segmentation distinguishes between individual instances of 

objects within an image, enabling precise identification of multiple occurrences of 

the same class. 

Panoptic Segmentation offers a comprehensive view by integrating 

semantic and instance segmentation, providing a unified representation of all 

objects in the scene. 

Various traditional techniques such as Thresholding, Region Growing, 

Watershed Transform, and Graph Cuts are employed to achieve image 
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segmentation based on pixel properties, gradient information, and energy 

minimization approaches. 

Moreover, modern deep learning methods like Convolutional Neural 

Networks (CNNs), Mask R-CNN, and U-Net have revolutionized image 

segmentation by employing advanced encoder-decoder architectures for pixel-

wise classification and instance detection tasks. 

Applications of image segmentation span across diverse fields including 

medical imaging for tumor detection and cell segmentation, autonomous vehicles 

for road segmentation and obstacle detection, object tracking, image editing, and 

many more. Utilizing image segmentation techniques unlocks valuable insights 

from images, making it a powerful tool for extracting meaningful information. 

 
5.2 Performance Analysis  
 

Fig 5.5 Network analyzer 

 

In MATLAB, you can leverage the analyzeNetwork function to gain valuable 

insights into the intricate setup of a deep learning network. This function serves as 

an invaluable tool for analyzing the network structure, ensuring its proper 

configuration, and pre-emptively identifying any potential issues that could impede 

successful training. 
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When you employ the analyzeNetwork function, you are presented with an 

insightful interactive plot that vividly portrays the network architecture. This visual 

representation allows you to thoroughly examine and comprehend the various 

layers of the network, gain insights into the number of learnable parameters within 

each layer, and delve into the activation functions at play. 

Moreover, the function's robust error detection capabilities empower you to 

spot and rectify issues like misaligned layer inputs or invalid network structures 

before they adversely impact your training endeavors. By harnessing the 

analyzeNetwork function, you can enhance the efficiency and effectiveness of your 

deep learning model development process. 

Results of the model analysis include various valuable insights. The 

interactive plot not only showcases details on layer types, sizes, and activations 

but also provides a comprehensive overview of the network's properties. By 

utilizing this feature, users can delve into specific information about each layer and 

gain a better understanding of the network's learnable parameters. The total count 

of these learnable parameters is clearly presented for easy reference. Upon 

executing the analyzeNetwork function, users receive a Network Analysis object 

that encapsulates crucial details such as the total number of learnable parameters, 

a table containing layer specifics, any identified network issues, the count of errors 

flagged, the number of warnings generated, and the timestamp indicating when 

the analysis was conducted. 

 

 

 

 

                  

 

 

Fig 5.6 layers of mobilenetv2 
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            MobileNetV2 is a lightweight convolutional neural network (CNN) known for 

its architecture, comprising 53 convolution layers and 1 AvgPool layer. This 

network is designed with specific components such as the Inverted Residual 

Block, featuring thin bottleneck layers for inputs and outputs, a departure from 

traditional residual models. Another crucial element is the Bottleneck Residual 

Block, which plays a significant role in the MobileNetV2 structure. Additionally, 

there are Stride 1 Blocks incorporating 1x1 Convolution, followed by depth wise 

3x3 Convolution and another 1x1 Convolution. In comparison, Stride 2 Blocks are 

similar but utilize depth wise 3x3 Convolution with stride=2. The network also 

employs Depth wise Convolution for lightweight filtering in intermediate expansion 

layers. Linear Bottlenecks, another essential aspect, help maintain 

representational power by eliminating non-linearities in narrow layers. As for the 

layers in this model, each of the 53 convolution layers is configured with specific 

parameters, contributing to the network's overall capability. For instance, the initial 

layers are characterized by input size, number of channels, kernel dimension, 

stride values, and output sizes, presenting a comprehensive overview of the 

network's evolution from input to output. This detailed examination reveals the 

intricacies of MobileNetV2's design and functionality, showcasing its efficiency in 

image processing tasks. 

 

 

 

 

 

 

 

 

 

Fig 5.7 confusion matrix 
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  It represents the performance evaluation of a machine learning model, 
specifically MobileNetV2. 
 
 Matrix Structure: 

The matrix is organized into rows and columns, where each row 

corresponds to the true class (actual ground truth), and each column represents 

the predicted class (model’s output). 

 the diagonal elements (from top left to bottom right) represent correct     

predictions, while off-diagonal elements indicate misclassifications (errors). 

   . Class Labels: 

 

 the matrix includes six classes: 

1.  AKIEC Seg 

2.  BCC Seg 

3.  BKL Seg 

4.  DF Seg 

5.  MEL Seg 

6.  VASE Seg 

 

Cell Values: 

Each cell contains two values: 

▪ The count of instances falling into that specific combination of true and predicted 

classes. 

▪ The percentage (in parentheses) indicating the proportion of instances relative to 

the total. 

 

Colour Coding: 

o Correct predictions are highlighted with darker green shades along the diagonal. 

o Errors are represented by red shades. 

 Overall Accuracy: 

o at the bottom and right side of the matrix, there are overall accuracy percentages 

for each class. 

 

In summary, this confusion matrix provides insights into how well the 

MobileNetV2 model performs in classifying different skin disease categories. The 
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diagonal elements show successful predictions, while off-diagonal elements reveal 

areas for improvement. 

 

Fig 5.8 ROC Classification 
 

 

ROC (Receiver Operating Characteristic) is a fundamental concept in machine 

learning that evaluates the performance of a binary classification model. Let’s 

break it down: 

 

ROC Curve: 

An ROC curve is a graphical representation of a model’s performance 

across different classification thresholds. 

It plots two key parameters: 

True Positive Rate (TPR): Also known as recall, it measures the proportion of 

actual positive cases correctly predicted by the model. 

False Positive Rate (FPR): It quantifies the proportion of actual negative cases 

incorrectly classified as positive by the model. 

The ROC curve illustrates how the model’s TPR and FPR change as the 

classification threshold varies. 

Lowering the threshold classifies more items as positive, leading to an increase in 

both false positives and true positives. 

 



38 
 

CHAPTER – 6 

 

Summary and Conclusions 
 

6.1 SUMMARY 

          The project's primary focus lay in the precise classification of skin lesions 

into distinct categories, a crucial step towards facilitating early identification and 

diagnosis. To accomplish this, the researchers harnessed the formidable 

capabilities of MobileNetV2, a sophisticated pre-trained deep learning model 

custom-tailored for this imperative task. The overall process encompassed several 

key stages: an elaborate data collection effort garnered a diverse array of skin 

lesion images, encompassing a spectrum of conditions such as melanoma, nevus, 

and seborrheic keratosis. Subsequently, meticulous preprocessing measures were 

implemented, wherein the images were meticulously resized, normalized, and 

enriched through augmentation techniques to bolster the model's resilience and 

performance. Leveraging the power of transfer learning, MobileNetV2 underwent 

fine-tuning on the skin lesion dataset, capitalizing on its foundational pre-training 

on a comprehensive dataset. Rigorous evaluation ensued, employing a suite of 

critical metrics like accuracy, precision, recall, ROC-AUC, and PR-AUC to 

meticulously gauge the model's performance across various skin lesion types. The 

outcomes bore testament to the efficacy of the tailored MobileNetV2 model, 

showcasing remarkable proficiency in discerning between diverse skin lesion 

classes with a commendable level of accuracy and adaptability. Notably, the 

clinical ramifications of this breakthrough are profound, with the potential to 

significantly elevate patient outcomes through the early identification of potentially 

malignant lesions, particularly melanoma. By offering automated support to 

dermatologists in their diagnostic endeavors, advanced classification models like 

MobileNetV2 pave the way for streamlined healthcare practices, auguring a 

promising future for enhanced medical diagnostics and elevated patient care 

standards. 
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6.2 CONCLUSION 

Throughout the project focusing on skin lesion classification utilizing the 

MobileNetV2 framework, notable advancements and valuable insights surfaced 

consistently. Notably, the exceptional performance exhibited by the MobileNetV2 

model in effectively distinguishing between various skin lesion types underscored 

its adaptability and precision. Impressively high levels of accuracy, precision, and 

recall were consistently achieved, validating the model's robustness across a 

diverse range of skin conditions. Delving deeper into the analysis, the garnered 

insights from exploring misclassification patterns and highlighting feature 

importance played a pivotal role in refining the model's predictive capabilities. 

 

When considering the clinical implications, the significance of early 

detection of malignant lesions, particularly melanoma, emerged as a paramount 

factor influencing patient outcomes. The integration of automated classification 

models into dermatological practice was highlighted as a crucial tool enabling 

dermatologists to enhance their diagnostic accuracy and facilitate timely 

interventions. Noteworthy benefits such as improved patient care and a reduction 

in human error were distinctly evident, indicating the tangible advantages of 

leveraging technology in medical settings. 

 

Looking towards future directions, the potential for further fine-tuning and 

optimization of the model to bolster its robustness and performance emerged as a 

critical area of focus. Additionally, the exploration of interpretability techniques, 

such as feature visualization, was deemed essential in unlocking deeper insights 

into model decision-making processes. Emphasizing collaboration with medical 

professionals for real-world deployment and validation underscored the 

importance of bridging the gap between AI algorithms and clinical practice to 

ensure the seamless integration of innovative technologies. In summation, the 

promising application of MobileNetV2 in skin lesion classification not only holds 

great potential for enhancing medical diagnostics but also signifies a significant 

stride towards improving patient health outcomes. 
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