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ABSTRACT 

  
Skin cancer constitutes a worldwide epidemic issue. It is often detected too late 

because people in poor areas cannot access professional dermatologists. This study 

attempts to address this issue. We suggest a computerized method that uses deep 

learning procedures, to find and separate skin cancer lesions early on in dermoscopic 

pictures. Using different datasets such as ISIC and HAM10000, the approach uses 

MobileNetV2 and VGG16 for classification and separate the lesion mask U-Net & Res-

U-Net method. A robust system for early detection, increased diagnostic accuracy, and 

improved screening accessibility and affordability are among the main goals. With a 

Dice coefficient value of (94.93%), the results show that U-Net performed exceptionally 

well in segmentation, while MobileNetV2 achieved excellent classification accuracy 

(97.84%). Prioritizing data security, speed, and accuracy, the system aims to reduce 

mortality through rapid diagnosis. For automated melanoma detection, this method is 

reliable and effective. It can be implemented as a web application to encourage self-

assessment and reduce the need for expensive clinical equipment. 

 

Index Terms: Segmentation, Classification, Deep Learning, Binary Masking. 
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Chapter 1 
 

Introduction 

 
This study inspects cancer lesions of skin in deep algorithms use to easy a speed up 

diagnosis. Normally the upper part of our skin in very smooth due to which various 

types of disease severely attack our skin. So, we use many ways to detect whether it 

is cancer. 

1.1 Introduction 

Currently, cancer lesions in skin are very serious and even lead to death. Cancerous 

lesions on the skin are a major worldwide issue, 33.33 percent of all cancer incidences, the 

report of (WHO) [1]. Localized anomalies in the skin’s structure that are different from 

the surrounding healthy tissues are called skin lesions. These alterations may manifest 

as the initial symptom of a medical disease, evolve later in life, or be present from birth. 

Primary and secondary are the two main categories. There may be birth-related primary 

lesions that form later in life for a variety of reasons. They can also appear in reaction to 

any illness. Secondary skin lesions usually result from the transformation of preexisting 

ones that develop on their own. Medical procedures, the course of a disease, or even self-

inflicted damage like scratching might result in these changes. Both malignant and non-

cancerous skin lesions are possible [2]. The human body different type of cancer forms, 

quickest growth in skin cancer which leads to death. We can get cancerous lesions in 

several ways, which are usually spread through ultraviolet rays, physical activity and 

virus infected areas. The sun's ultraviolet rays destroy the DNA of our skin cells. 

Furthermore, aberrant body swellings can potentially lead to skin cancer [3]. 

Temperatures are rising day by day in Bangladesh. Skin diseases are usually caused by 

ultraviolet rays. The most recent data from the WHO, which came out in 2020, says that 

853 people in Bangladesh died from skin cancer, which is 0.12% of all deaths [4]. There 

are usually different types of skin cancer that are very difficult for us to detect like skin 

cancer melanoma. We use some algorithms to perfect the model, which are machine 

learning was utilized to identify if the image showed a benign or cancerous tumor [5]. 

1.2 Motivation 

Human body that is vulnerable to several types of infections is the skin. Under normal 

circumstances, it might be challenging to identify certain forms of skin cancer. We can 

treat skin cancer appropriately if we can determine its type early on. There are also 

various types of diagnostic tests that are very expensive for us. Even that cannot diagnose 

the disease correctly. If you can identify what type of cancer it is by taking a picture of 

your skin at home instead of going to a diagnostic center and you protect the treat and 

condition yourself. 
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1.3 Objectives 

Nowadays, most of our people are dying from skin cancer, which is considered a type of 

cancer that is pushing us towards death. That’s why we rely on some method to detect if 

first. To use DL approaches to create an advanced skin cancer lesion segmentation system, 

with a focus on CNN-based improvements for analyzing dermoscopic images. The goal of 

this study include:  

• Create a robust and efficient system capable of early-stage skin cancer detection, 

focusing on challenging types such as melanoma. 

• Full image classification in MobileNetV2 and VGG-16 and lesion segmentation 

analysis of deep learning architectures including U-Net and Res-U-Net. 

• Help to improve the cost and availability of skin cancer screening, especially in 

areas with inadequate dermatological care resources. 

1.4 Methodology 

The current experiment uses a well-designed pipeline from start to finish that includes 

data collection, manual exception handling, image pre-processing, random dataset 

partitioning, model training, and evaluation. Initially, skin cancer images were collected 

by capturing them in the field and online resources. They were then processed to remove 

duplicate images, blurry samples, unclear images, and label noise to improve data quality. 

Use the Deep Learning (DL) approach to find out what kind of skin cancer it is. Merging 

patient with temporal image data make it easier to find problems early. Before physical 

symptoms show up, how well can digital twin models estimate how bad a lesion is. 

Segmentation using U-net (Binary Mask) MobileNetV2 is able to detect lesion types 

benign and melanoma cancer. Another model has been used for cancer detection in VGG16 

and Res-U-Net. The operating threshold is calculated by maximizing the F1-confidence 

curve maintain a balance between recall and accuracy. Real-time data through imaging 

in the django framework will help detect skin diseases basically benign & melanoma. 

1.5 Project Outcome 

The study should have several significant impacts that will benefit the medical and 

technical fields if it is successful, particularly in detecting and treating skin cancer early. 

Through U-Net segmentation, we can separate the skin lesions from the dermoscopic 

images, CNN-based neural networks such as VGG-16 & MobileNetV2 will enable the 

system to classify them accurately. This aids in the highly accurate isolation of cancerous 

regions to enable clinical analysis. Benign as well as malignant tumors, particularly 

challenging ones like melanoma, will be distinguishable by the model. This could lower 

the death rate by allowing for earlier diagnosis and treatment planning. The suggested 

technique could be a cheap way to help with diagnosis, especially in areas with few 

resources, like rural Bangladesh. This would make people less reliant on expensive and 

hard-to-reach clinical instruments. Once trained, the model may be added to a web app 

so that users can use pictures taken with their smartphones to analyze skin lesions in 

real time. This lets people do self-assessments at home. 
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1.6 Organization of the Report 

Skin cancer, a rising worldwide health issue, is presented in this section as a challenge in 

this discipline. It outlines the project's objectives, explains why it was started, and 

identifies the primary obstacles to early detection. It also talks about the procedure and 

gives a synopsis of the anticipated results.  

Comparable work, a review of the literature, and gap analysis are covered in Chapter 2. 

Chapter 3 discusses the methodology and dataset collection in detail.  

Chapter 4 discusses the results and relevant model development.  

Chapter 5 discusses the design challenges faced by engineers.  

Chapter 6 discusses limitations and future research.  

The final section is detailed in the References section.
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Chapter 2 
 

Background 
 
Skin cancer is a prevalent issue, accounting for approximately one-third of all cancer 

incidences globally. It can be malignant or non-cancerous and occurs as primary or 

secondary skin lesions. Effective therapy relies on early detection, and deep learning 

and machine learning offer promising diagnostic tools. 

2.1 Introduction 

Based on data from the Global Cancer Network in 2022, seventeenth number of cancers 

melanoma. It is believed that 58,667 died from melanoma, while around 331,722 persons 

worldwide have been diagnosed with the disease. Non-melanoma malignancy is the 5th 

most prevalent form of cancer. 1,234,533 persons around the world are diagnosed with 

non-melanoma skin cancer, and 69,416 die from it [6]. When melanocytes cells that make 

the pigment, become malignant, a kind of skin cancer known as melanoma results. 

Pigment cells are mostly found in the skin, although they are also present in the eyes and 

other areas of the body. It may appear on the face, chest, or back. The females' legs are 

where it develops. This study suggests a strategy for identifying lesions and detecting skin 

conditions from dermoscopic images. The classes of skin diseases included in this work 

are benign and melanoma in order to appropriately define the classification. Melanoma 

can occur in five stages. Stage I melanoma is limited to the skin's epidermis. Stage II is a 

very thin stage of the disease that is limited to the skin. Stage IV has expanded to the 

lymph nodes, while Stage III is thicker. Other organs have been affected by the latter 

stage. In this study, we will analyze the classification of benign and melanoma and also 

identify the division. In this case, the clinical response of skin cancer can be accurately 

identified. 

2.2 Literature Review 

The fifth largest type of cancer is non-melanoma skin cancer. According to our research, 

several deep learning architectures such as dense net with DCNN – performed 

remarkably well, achieving over 95% accuracy in diagnosing melanoma from dermoscopy 

images on HAM10000, ISIC, and other datasets [7]. Transformer-based models and Vision 

Transformers (ViTs) are also becoming more popular, reflecting a trend toward more 

complicated designs. A 98.7% accurate auto-encoder based on deep learning. Accuracy of 

ACNN paired with SVM and XGBoost is 97.85%. The accuracy of hybrid CNN-ELM 

models can reach 96.7% [8]. The article indicates that machine learning (ML) has a high 

potential for improving skin cancer categorization by increasing diagnostic accuracy and 

enabling early diagnosis. Here, some of accuracy Support Vector Machine (SVM) 

according to one study, SVM classified skin lesions with an accuracy of 97.7%, while 

another study found an accuracy of 93.04%. Convolutional Neural Network (CNN) 
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outperformed SVM in detecting skin cancer, with an accuracy rate of 95.03%. Models that 

are hybrid in the classification of dermoscopic images achieved accuracies of 88.02% along 

with 87.43%. A stacked ensemble framework that combined decision trees and KNN 

obtained 95.8% accuracy [9]. Deep learning algorithms to detect skin cancer diagnosis are 

covered in the study. Identifies research gaps such as data standardization and the need 

for larger datasets. The created artificial neural network attained an early detection 

accuracy of 97.7% [10]. This study utilized Efficient Nets B0-B7, which enhance the 

dataset using several techniques in remove's Hair and resizes the photos. Using the 

HAM10000 dataset, high accuracy reached 87.91 percent & f1 score was 87 percent. [11]. 

This review paper analyzes the Paris Sciences et Lettres Research and ISIC dataset from 

2018 to 2022, which is typically used with pre-trained models. The review notes that 

significant reliance on the Carius algorithm and SoftMax classifiers provides 85 percent 

accuracy [12]. Finding skin cancer with deep neural networks that can segment images 

with more than 90% accuracy. This study emphasizes the need for dermoscopic images 

with fewer artifacts to increase segmentation quality [13]. This paper looks at different 

ways to use transfer learning to find skin cancer, focusing on ways to make the 

categorization more accurate. The study compared six networks for skin cancer 

classification that used pre-trained models. Among the models tested, the exception net 

had the highest accuracy, at 90.48 percent [14]. It is difficult to do research on automated 

analysis of skin lesion photos because of problems such lesion differences, color variation, 

and light reflection. Transfer learning techniques using HAM10000 dataset, showed 

training 93.16 % & testing 91.93% accuracy achieve in DCNN model use. Using three 

types of features benign, malignant and unknow [15]. It focuses on correcting class 

imbalance, enhancing model interpretability, and developing dependable predictive 

models. Five steps are involved in the development. Layer-wise relevance propagation is 

one technique that aids in comprehending the model's choices. By offering insights into 

projections, Grad-CAM and Grad-CAM++ enhance system trust.  0.47% loss accuracy and 

82% categorization accuracy [16]. Different architectures are trained, exhibiting varying 

accuracy rates: VGG-16 achieves 80.07%, whereas MobileNetV2 achieves 81.52%. 

Additionally, extract feature methods use ABCD rule & GLCM support the categorization 

process, and machine learning techniques like SVM and KNN benign & malignant lesions 

made between distinction [17]. Long range relationships cannot contain spatial features. 

DenseNet169 integrates with GSDW and ENLA blocks. DGSNLA efficiently models 

contextual relationships, captures non-local correlations, and aggregates local features 

[18]. This method extracts ROIs to photos using a sophisticated k-means algorithm, with 

an emphasis on training on melanoma cells rather than the entire image. To address class 

imbalance and restricted data availability, Augment the data then apply the transfer 

learning model. CNN is applied with data augmentation, thereby improving feature 

learning [19]. This study used deep learning methods, specifically combining a soft 

attention process with already trained models such as EfficientNetV2B3, InceptionV3, 

and InceptionResNetV2. The suggested EfficientNetV2B3 model was enhanced by soft 

attention, and on the ISIC archive dataset, it reached a maximum accuracy of 95.6 

percents [20]. By using feature discrimination and a fine-grained classification approach, 
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the suggested model tackles issues including complex detection backgrounds and lesion 

features. For feature extraction and segmentation, it makes use of MobileNetV1 or 

DenseNet-121 and a U-Net architecture. Using the skin lesion analysis dataset from ISBI 

2016, the method shows enhanced performance with an accuracy of 96.2 and achieves 

high accuracy with fewer parameters than earlier solutions [21]. Deep learning performs 

exceptionally well at instance-level segmentation in this investigation, managing 

intricate, irregular, and overlapping lesions with minimal pre-processing. ISIC 2018 has 

a high IoU score of 0.942 obtained using the Detectron2 model, which exhibits resilience 

against noise and skin colour fluctuation [22]. His work presents a brand-new three-step 

method for precisely detecting and segmenting melanoma lesions, addressing issues such 

artifacts and the apparent resemblance of healthy and diseased skin. Bounding boxes are 

then created and contaminated areas are located using the YOLOv4 object detector, which 

has been specifically adjusted for melanoma. Averaging 0.95 accuracy, 0.932 sensitivity, 

and 0.9345 specificity, the suggested method performed well on the ISIC2018 dataset. 

Self-sensitivity was 0.94, specificity was 0.952, and average accuracy for ISIC2016 was 

0.93 [23]. Assessing the Hybrid ResUNet's efficacy in classifying skin lesions and its 

influence on maximizing ACO performance was the main goal. Training the Hybrid 

ResUNet with ACO for hyperparameter optimization was done using a deep learning 

technique on a variety of skin lesion datasets. The accuracy, Dice coefficient, and Jaccard 

index were 95.8%, 93.1%, and 87.5%, respectively [24]. This study uses CNNs to detect 

malignant melanoma. The proposed framework integrates CNNs with extraction of 

GLCM features and achieves 92 percent score in the Abnormality, Border, Color, and 

Differential (ABCD) dermoscopy technique [25]. It talks about DL's role in making 

diagnoses more accurate, but it also talks about problems like the diversity of datasets, 

the difficulty of interpreting models, and putting them to use in the real world. The work 

outlines future research objectives to improve dermatological AI by examining several DL 

models and preprocessing methods [26]. U-Net (MSAU) method integrates multiple stage 

representations in way that are not linear, making selective changes to the 

representational properties. It gives smooth segmentation results, especially in the area 

around the boundary [27]. The suggested strategy combines adaptive contextual gray 

level co-occurrence matrices (GLCM) with hybrid deep learning models. To accurately 

segment skin lesions from pre-processed pictures, DeepLabV3+ is utilized. After 

segmenting the images, a network with LSTM assesses them and determines whether 

they are benign or malignant. The method yielded remarkable results with 98.34% 

accuracy [28]. 

2.2.1 Similar Applications 

Similar proposals will be included in this case as well. You can use the following table as 

well as paragraph to represent similar work. 
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Table 2.1 Summary of Similar Application in This Work 

Paper Name Application Purpose Model Datasets 

Accurate skin 

lesion 

mapping with 

binary 

masking [22] 

Segmenting 

instances 

(mask R-CNN) 

 

Segmenting 

instances for 

accurate 

lesion 

identification. 

 

Use the 

ResNet-50 

backbone to 

mask R-CNN 

in Detectron2. 

 

ISIC 2016–

2018, PH² 

Skin cancer 

prediction and 

classification 

using AI [29] 

 

Classification 

(learning 

transfer) 

 

Skin cancer 

classification 

(malignant vs. 

benign). 

 

VGG16 via 

learning 

transfer 

 

HAM10000, 

ISIC 

Evaluation of 

the literature 

melanoma 

using 

dermoscopy 

images [7] 

In medical 

imaging, 

segmentation 

 

Image 

segmentation 

of skin lesions 

U-Net ISIC, PH² 

Hybrid deep 

learning 

algorithm 

using 

segmentation 

with ant 

colony 

optimization 

[24] 

Hybrid 

segmentation 

Segmenting 

lesion 

boundaries 

accurately 

 

ResUNet 

hybrid 

(ResNet + U-

Net features). 

 

ISIC 2018 

Segmentation 

using 

ensemble deep 

learning 

model [30] 

Ensemble 

segmentation 

Increase the 

sensitivity and 

accuracy of 

segmentation 

 

Mask R-CNN 

DeepLabV3+ 

(architecture 

similar to U-

Net). 

ISIC 2017, 

PH² 

 

2.3 Gap Analysis 

This section will contain Gap Analysis. You can use the following table as well as 

paragraph to represent gap. 

 

Table 2.2 Gap Analysis in Previous Work 

Identification Effects An explanation of the gap or limitation 

Dataset size 

and diversity 

Reduced robustness, 

skewed forecasts, and 

poor generalization. 

 

Fair skin tones predominate in datasets 

like HAM10000, ISIC, and PH2, which 

are small in size. 

 

Class 

imbalance 

Performance of a model 

that is biased in favor of 

majority classes. 

Malignant instances are frequently 

underreported. 
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Interpretability 

Mistrust among 

clinicians and 

challenging acceptance 

in the medical field. 

 

Most models, including CNNs and 

transformers, cannot be explained. 

 

Clinical 

integration 

Low clinical 

usefulness; tools are 

still primarily 

academic. 

 

Little attention to interaction with 

hospital workflows or real-world 

implementation. 

 

Pre-trained 

model 

dependency 

Area imbalance makes 

it less than ideal for 

medical imaging. 

 

Heavy dependence on models based on 

ImageNet, such as ResNet, VGG, and 

Inception. 

 

Absence of 

multimodal 

input 

 

Less individualized 

diagnosis and missed 

environmental cues. 

 

The majority of research ignore patient 

context and only use dermoscopy images. 

 

Limited 

attention to 

unusual cases 

 

Significant mistakes 

and high false 

negatives. 

 

Lesions and rare malignancies are less 

common. 

Privacy & 

ethics issues 

 

Risk of unjust 

treatment and 

deployment-related 

legal issues. 

 

Fairness, bias, and privacy in training 

data and AI predictions are not well 

covered in articles. 

 

Performance 

variability 

 

Diagnostics are 

unreliable, and model 

consistency is not as 

trusted. 

 

The accuracy of the models varies 

greatly depending on the image quality 

and dataset. 

 

Limits of early-

stage detection 

 

Decreased likelihood of 

survival due to missed 

early diagnoses. 

 

Lesions smaller than 2 mm and their 

weak features are still difficult to detect. 

 

Poor 

justifications 

 

Clinical validation of 

AI thinking is 

challenging. 

 

Heatmaps produced by Grad-CAM and 

other techniques can occasionally be 

imprecise or excessively general. 
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Limited 

attention to 

mobile or IoT 

 

Restricted availability 

in remote or low-

resource environments. 

 

There are not many real-time diagnosis 

implementations using embedded 

devices or cellphones. 

 

 

Gap Solve in This Study 

This study we conduct used innovative data augmentation techniques and includes many 

publicly accessible datasets (such as ISIC and HAM10000) to address low dataset 

diversity and small sample sizes. We reduce overfitting and increase the variability of the 

dataset by creating inverted, rotated, and brightness-adjusted images. This increases the 

resilience of the model to different skin tones and imaging conditions. In learning, we use 

techniques like class weighting and targeted loss while malignant cases are represented. 

This guarantees that the model reduces bias toward benign lesions by giving minority 

(malignant) classes more weight. This leads to an improvement in malignant lesion 

detection specificity and recall, which is important for diagnosing cancer. Our idea takes 

deployment viability into account by creating a platform that works on both mobile and 

online devices. With the help of optimized models (MobileNetV2/VGG16 and quantized U-

Net/Res-U-Net) the system operates effectively. It increases the reach of cancer testing by 

ensuring availability in isolated areas with limited access to state-of-the-art diagnostic 

equipment. 

2.4 Summary 

The prevalence, origins, and diagnosis of melanoma & benign skin cancers using 

dermoscopic imaging are examined in this chapter. It demonstrates the efficacy of deep 

neural network as well as machine learning models including CNNs, EfficientNets, and 

hybrid architectures. Limited dataset diversity, model interpretability, and clinical 

integration are among the difficulties identified by the literature review. Class 

imbalances. an excessive dependence on pre-trained models, early-stage detection limits, 

and a lack of multimodal inputs are among the problems that are found by a thorough 

gap analysis. To improve the accuracy & diagnostic usability in clinical settings, this 

chapter emphasizes the need for interpretable AI, reliable datasets, and practical 

deployment methods.
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Chapter 3 
 

Research Methodology 
 
Using deep neural networks, especially through development, skin cancer lesions are 

distinguished and classified from dermoscopic images. It uses MobileNetV2 with 

VGG16 & Res-U-Net for segmentation & classification, with the aim of providing 

early, accurate and accessible disease diagnosis, especially in underserved areas. 

3.1 Requirement Analysis & Design Specification 

To use deep learning to detect skin cancer, this study provides to carefully extract both 

functional & non-functional requirements. These standards ensure this system build is 

accurate, reliable, and easy to use. 

3.1.1 Overview 

Melanoma among most deadly forms of cancer of the skin becoming more prevalent 

worldwide, especially in areas with high sun exposure and limited access to specialized 

skin care. But conventional diagnostic techniques, which depend on dermatologists' 

manual visual inspection, are frequently laborious, arbitrary, and unavailable in settings 

with limited resources. Thus, there is an urgent need for automated, accurate, and 

reasonably priced diagnostic instruments that can support healthcare providers and warn 

patients. In order to detect skin cancer, the project combines image segmentation and 

classification methods. Wound segmentation uses the Res-U-Net & U-Net binary 

algorithms, which are design for classify dermoscopic images using MobileNetV2 and 

VGG-16. To increase forecast accuracy and confidence, the algorithm incorporates patient 

data. The goal of this effort is to prioritize accessibility and practical usability over 

technical accuracy. Based on the planned deployment of the final system as a web and 

mobile application, skin cancer screening will be available to users in underserved or rural 

areas. This approach could reduce screening costs and increase the frequency of self-

examination by reducing reliance on appointments with professionals, which would 

ultimately improve early detection rates. 

3.1.2 Datasets 

This research uses three significant dermoscopic image datasets: ISIC 2018 [31], 

HAM10000, and ISIC 2020 which provides samples of various skin lesions for 

classification with segmentation. ISIC 2018 dataset 10000 images and mask offers 

annotated images accompanied by lesion masks using U-Net and 5000 images and mask 

using Res-U-Net, rendering it suitable for segmentation tasks. The ISIC 2020 datasets 

collect 381 images and another source 2119 using the MobileNetV2 model and the 

HAM10000 datasets collect 1113 images. In addition, HAM10000 and ISIC 2020 another 

source collects 2500 images using the VGG16 model. Custom subsets were made in order 

to lessen bias and balance the distribution of classes. Melanoma & benign are among the 
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lesion types for which the combination of these datasets allows for reliable training and 

evaluation. The study intends to enhance lesion localization and classification accuracy 

by incorporating segmentation masks and diagnostic labels, hence promoting more 

dependable automated skin cancer detection capabilities. The project intends to increase 

lesion localization and classification accuracy by combining segmentation masks with 

diagnostic labels, which will help with more dependable automated skin cancer detection. 

Given below the sample of datasets in figure 3.1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1 Sample of Datasets in Melanoma and Benign with Mask Images 

3.1.3 Proposed Methodology 

The suggested approach seeks to develop a dependable and effective DL based method to 

perform identifying cases of skin cancer through classification and segmentation tasks. 

This strategy combines model construction, evaluation, deployment, and pre-processing 

into a single framework. Because these datasets include images with high resolution, 

methods for preprocessing are used to ensure uniformity and enhance resilience to model. 

According to the algorithm used, the images are downsized to a certain resolution (128 x 

128 pixels or 224 x 224 pixels), normalized, and then modified through flipping, rotation, 

and brightness modifications to increase generalization and avoid overfitting. Models that 

have been trained are then converted to TensorFlow for applications built on the web in 

order to be deployed, guaranteeing patient and healthcare professional accessibility. The 

difficulties in detecting cancer of the skin are addressed while maintaining accuracy, 

scalability, and usability. Given below the proposed methodology diagram figure 3.2. 

Benign Melanoma Mask 
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Figure 3.2 Visualization of the Suggested Approach 

 

A dermoscopic image of a skin lesion is used to start the process. Any lesion or mole that 

is suspected to be benign or melanoma can be this. A skin detection network is used to 

process the input image. The attention mask, a binary mask that highlights the lesion 

area, is one of its two outputs. An advanced image was sent to segmentation and 

classification. A classification model (MobileNetv2, VGG16) is then fed the identified 

lesion. The objective is to find out the lesion is melanoma(cancerous) or benign (not 

cancerous). The output, shown as the classification output in the upper right corner, is a 

prediction with a confidence score. A skin segmentation network (also known as U-Net or 

Res-U-Net) processes the attention mask simultaneously from the detection step. The 

exact lesion boundaries are extracted by this network, which is essential for medical 

analysis. The final result is segmentation output that highlights the location of specific 

lesions. 

3.1.4 Functional and Nonfunctional Requirements 

Functional Requirements 

Image Management: JPEG and PNG dermoscopy images can be uploaded by users and 

accepted by the system. 

Pre-processing: All incoming images will be enhanced by resizing and normalization. For 

example, the size of the classified image is 224 x 224 and the segmentation image is 128 

x 128 pixels. 

Segmentation: If necessary, the lesion area will be separated from the surrounding skin 

using an automatic segmentation technique. 

Classification: Detect malignant cancer using DL (deep learning) models trained on 

images. 

Report Generation: A summary of the results, including class labels, confidence, and 
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feature visualization, will be generated as a diagnostic report. 

Data Management: The processed images, results, and data will be kept in a local 

database for audit and review purposes. 

User Interface: A graphical user interface will be available to upload images, view results, 

and print or export reports. 

Nonfunctional Requirements 

Accuracy: The model must exceed clinical limits for sensitivity and specificity and achieve 

high diagnostic accuracy (97%>90%). 

Performance: To accommodate clinical workflow, classification and analysis must be 

completed in a reasonable amount of time (high≥ 3 seconds per image). 

Usability: Clinicians' expectations should be met by the user interface, which should be 

clear and consistent. To promote correct behavior and reduce user errors, the “look and 

feel” in particular needs to be reasonable and intuitive. 

Reliability: The system must be stable, stable, and resilient to changes in image lighting 

and skin color. 

Security and privacy: Patient image data must be kept secure (e.g., encrypted) and comply 

with laws protecting medical information. 

Maintainability: The software architecture should be flexible for additional features (such 

as changing the model or adding functionality). 

Interoperability: Common image types should be supported by the system. 

Adaptability: It should be scalable to include additional data or new types of lesions, 

even if a significant overhaul is required. 

3.1.5 Flow of Data Diagram 

Skin lesions are analyzed by dermatologists or algorithms as part of the diagnostic 

process. The images are processed using pattern recognition and matched to known 

cancers. The result is a diagnosis that can indicate a benign disease or melanoma. The 

data flow diagram in figure 3.3 below shows how each process works in this study. 

 

 
Figure 3.3   Data Flow Diagram 
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3.2 Detailed Methodology and Design 

The primary aim of the study is to implement the DL method to create a reliable skin 

segmentation method. Accurately separating skin from non-skin areas in photographs is 

essential for applications including human-computer interface, cosmetic analysis, and 

medical diagnostics. 

Model for binary U-Net segmentation: 

Source: Google.colab.drive was used to load the image and masks from google drive. 

Data Preprocessing: 

Every image and mask were resized to a consistent 128x128 pixels. Masks were converted 

to binary (0 for skin, 1 for background). Used albumentations for data augmentation in 

order to enhance generalization. 

Where: 

I = Original Image, M= Original Mask          

                                                         
   

                                                       𝑀𝑏𝑖𝑛𝑎𝑟𝑦
(𝑥, 𝑦) = {

1, 𝑖𝑓 𝑀(𝑥, 𝑦) > 0
0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  ………………………..…… (1) 

Data Augmentation: 

The technique uses rotating the albuminations (limit = (-50,20), probability =1.0). The 

goal is to increase the resilience of the model and replicate real-world orientation 

fluctuations. Adjustments for inversion, contrast, and brightness in both horizontal and 

vertical directions. Elastic transformation. Rotation was chosen due to its ease of use and 

ability to increase the diversity of the dataset without distorting anatomical features. 

 

 
Figure 3.4 Binary U-Net Segmentation Model 
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U-Net component are: 

Encoder: To capture semantic information, sequential convolution and pooling layers are 

used. 

Down sampling Path: 

𝐹𝑙 represent block's output feature map will either be concatenated (in the decoder) or sent 

to a pooling layer (in the encoder). 𝐹𝑙−1 Previous layer input feature map. Wl2, Wl1 for the 

two conv2D operations within the block, there are coevolution kernels(weights). BN 

represent batch normalization, which speeds up training and improves by normalizing 

activations. σ non linearity is added by activation function in ReLU. 

 

                                          𝐹𝑙= σ (BN (Wl2 ∗ σ (BN (Wl1 ∗ 𝐹𝑙−1)))) …………………………. (2) 

 

Bottleneck: The deepest layer with the largest receptive field. 

Decoder: For accurate localization, up sampling and concatenation with encoder 

features. 

 

                               𝐹′𝑙  = σ (BN (Wl2∗σ (BN (Wl1∗ [ U (𝐹′𝑙−1 ),𝑆𝑙 ])))) ……………………… (3) 

 

Where: U = Up sampling, 𝑆𝑙 = skip connection from encoder layer  𝑙. 
Output Layer: A binary mask is created in the output layer using the sigmoid function. 

Training: 

Binary Cross Entropy using this model. 

 

                      𝐿𝐵𝐶𝐸 = −
1

𝑁
∑ [𝑦𝑖 𝑙𝑜𝑔(𝑦̂𝑖) + (1 − 𝑦𝑖) 𝑙𝑜𝑔(1 − 𝑦̂𝑖)]𝑁

𝑖=1  …………………...…… (4) 

 

Where 𝑦𝑖 pixel value and 𝑦̂𝑖 predicted probability for pixel I. N represent total pixels per 

image. 

Optimizer: The learning rate of the adam optimizer is 1x10−4. Also added batch size eight 

and epoch 50. 

Callbacks: Model checkpointing, learning rate decrease, and early stopping. 

The model we used for binary clinical picture segmentation was U-Net because it has 

shown effectiveness in balancing speed and accuracy. Table 3.1 show the justification of 

the using model. Anatomical segmentation is possible through its bypass links in the 

encoder & decoder structure which allow for precise targeting. Rotation was selected over 

flip, elastic, and brightness variation as an enhancement strategy to introduce spatial 

variation while maintaining anatomical integrity. Binary cross-entropy was the preferred 

loss function due to its ease of use and compatibility with binary masks; however, dice 

and focal loss were considered for unbalanced data. 

 

 

 

 



©Daffodil International University 16  

Table 3.1 Binary U-Net Segmentation Model Justification 

Component Chosen Option 
Alternatives 

Considered 
Justification 

Model 

Architecture 
U-Net 

FCN, SegNet, 

DeepLabV3+ 

The optimal 

balance between 

speed and 

precision 

Augmentation Rotation 
Flip, Elastic, 

Brightness 

Maintains the 

integrity of the 

anatomy 

Loss Function 
Binary cross 

entropy 

Dice Loss, Focal 

Loss 

Easy to use and 

efficient using 

binary masks 

Optimizer Adam SGD, RMSprop 

Quick con 

vergence and 

flexible learning 

Evaluation 
Precision, Recall, 

F1 

IoU, Dice 

Coefficient 

For binary 

problems, more 

interpretable  

 

MobileNetV2 Model 

The proposed method is built on a neural learning-based binary classification framework 

for skin cancer diagnosis, where MobileNetV2 will be used as the base model for accurate 

and efficient prediction. Getting info ready, training the model, and evaluating and 

deploying the model are the three primary stages of the methodology. 

Dataset Preparation: 

A dataset organized into folders with distinct subfolders for each class. The data dividing 

in 85 percent training and 15 percent in validation. 

Preprocessing and Augmentation: 

Normalization, 20 degrees of rotation, and 20 percent zoom augmentation horizontal 

flipping are used with the ImageDataGenerator function. Makes a vector out of spatial 

dimensions using GlobalAveragePooling2D. A 512,256,128-unit using ReLU in dense 

layer. Sigmoid function using in output. Logits z is mapped to probabilities using the 

sigmoid. 

                                                  𝜎(𝑧) =   
1

(1+𝑒−𝑧)
    ……………………………………………… (5) 

 

Where: 

z =  𝑤𝑇x + b (linear transformation from the last cubic layer). 

Model Architecture using pretrained on ImageNet, input shape 224 x 224 pixel with RGB. 

Loss calculates in binary cross entropy. Adam optimizer using 1e-4 learning rate. Five 

epochs doesn’t improve validation loss stops training, restoring best weights. Three epochs 

reduces learning rate by 0.2 if validation loss stagnates. Up to 50 epochs for runs. 
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Design Justification: 

Because of its effectiveness and strong performance on tiny datasets, MobileNetV2 was 

selected. Augmenting data makes it more resilient to changes in the input. With less data, 

transfer learning improves results and cuts down on training time. Callbacks guard 

against overfitting and guarantee the ideal learning rate. 

 
 

Figure 3.5 MobileNetV2 Model Architecture 

Res-U-Net Model 

To develop a semantic segmentation model for binary mask prediction on object or medical 

segmentation images using a residual U-Net architecture. Every image and mask were 

resized to a consistent 128x128 pixels. Masks were converted to binary (0 for skin, 1 for 

background). Used albumentations for data augmentation in order to enhance 

generalization. 

Data Augmentation: 

This technique uses albumin rotation (limit = (-50,20), p=1.0). The goal is to increase the 

resilience of the model and replicate real-world orientation fluctuations. Adjustments for 

inversion, contrast, and brightness in both horizontal and vertical directions. Elastic 

transformation. Rotation was chosen due to its ease of use and ability to increase the 

diversity of the dataset without distorting anatomical features. U-Net Model in the same 

procedure. 

Encoder: The convolutional layer combines the remaining connections to retain contextual 

and geographic information. Dropping connections enables feature reuse and helps avoid 

fading gradients. Each block reduces spatial dimension and extracts more abstract 

features. 

Bridge: Acts as a network barrier. Captures high-level semantic features of the input. 

Connects encoder and decoder to allow for rich feature transformation. 

Decoder: Uses up sampling to gradually recover spatial resolution. To preserve fine 
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details, the combined encoder features are combined (skip the connection). The 

segmentation output is refined using the remaining blocks. 

 
Figure 3.6 Res-U-Net Model Architecture 

VGG16 Model 

The proposed approach aims to improve binary skin lesion classification performance 

while decreasing false positives and false negatives. VGG16 transfer learning, threshold 

optimization to improve decision-making, data augmentation, and focal loss to solve class 

imbalance are used to achieve this. 

Dataset Preparation: 

Train and test folders are used to separate data collection. 128 by 128 pixels size in each 

picture with a normalization range [0,1]. To improve model generalization training set is 

transformed by up to 15 percent, rotation of up to 30 degrees in height and width, and 

shearing of up to 20 percent. Increase the zoom to 20 percent, invert the horizontal 

brightness change from 0.8 to 1.2, and calculate class weights to offset the imbalance of 

the dataset. Base model using feature extraction using pre-trained VGG16 (ImageNet 

weights, include_top=False). To modify the acquired characteristics for the updated data 

set, the last four layers of VGG16 are unfrozen. Using GlobalAveragePooling2D as the 

head of the custom classifier, the feature dimension can be reduced. In the dense layer, 

there are 512,128 neurons with activation of ReLU plus dropout (0.5), 64 neurons with 

the ReLU activation plus dropout (0.3). Creates a neuron output layer with sigmoid 

activity for binary classification. 

Loss Function and Optimization: 

The loss function used to address class imbalance and draw attention to misclassified 

samples is called central loss (γ=2.0, α=0.25). The optimizer developed by Adam has a 1e-

5 learning rate.  

Training:  

When ten epochs pass without any improvement, EarlyStopping restores the optimal 



©Daffodil International University 19  

weights and monitors the validity decline. If the validity decline reaches a plateau after 

three episodes, the learning rate is halved. Training duration: 100 episodes, although 

stopping early may end the session earlier. 32 batches in total. 

Evaluation: 

Evaluated the model in unseen data. To achieve the optimal balance between recall and 

precision, adjust the threshold. 

Development:  

Keep the trained model. Forecast a single uploaded picture. Show the prediction label and 

level of confidence. 

 
Figure 3.7 VGG16 Model Architecture 

 

3.3 Project Plan 

Planning and Setup: 

Analyzing findings on the categorization and segmentation of specific datasets related to 

the disease. Define evaluation measures like classification report. Set up python with 

TensorFlow/PyTorch development environments. 

Data Preparation: 

Images should be cleaned and normalized. Data augmentation (flipping, scaling, and 

rotation). Segmentation masks can be manually or semi-automatically annotated. 

Classifies data into test, training & validation sets. 

Model Development and Evaluation: 

Train classification model (MobileNetV2, VGG16), Segmentation model (U-Net, Res-U-

Net). Verify models using hold-out datasets. Examine the model's performance. Adjust 
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hyperparameters. Execute cross-validation. Examine segmentation mistakes and 

misclassifications. 

Integration and testing: 

Combine segmentation and classification into a single process. Test using unseen data 

and edge cases. Evaluate performance in the real world. Prepare a prototype or demo.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.8 Login Interface 

Include a formula like password must be at least 8 characters for input validation. 

Increase security awareness by using password strength indicators. Simplify fields if 

username already contains a full name (or vice versa) then you may not need a separate 

name field. While contrast in the background is attractive, vibrant backgrounds can be 

distracting. A semi-transparent overlay behind the form will make it easier to read. Note 

about privacy to increase user confidence, include a short statement like your data will be 

kept private and secure. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.9 Sign Up Interface 



©Daffodil International University 21  

If we fill out the registration completely, open figure 3.10 and click the button to go to the 

About, Contact page. If you are not a user, you will not be able to access the prediction 

page. 

 

 
 

Figure 3.10 Home Page in Skin Cancer 

 

The user uploads an image of a skin lesion and then hits the predict button. It determines 

whether the lesion is benign or malignant. Outputs an accuracy score. The model creates 

a mask. 

 

 
 

Figure 3.11 Prediction Result in Benign Images 

Given below the prediction result in malignant in figure 3.12. 
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Figure 3.12 Prediction Result in Malignant Images 

To determine the actual size of a fragmented lesion, the binary mask output of the model 

was examined. Each pixel was assigned a real-world area based on the imaging scale, 

with a resolution of 30 pixels per millimeter. In this way, the area of a single pixel is 

calculated. 

                                                     𝐴𝑝𝑖𝑥𝑒𝑙 = (
1

30
)

2
𝑚𝑚2  ………………………………………. (6) 

 

If the lesion occupies N pixels in the binary mask, then the lesion area is 

                                                      𝐴𝑙𝑒𝑠𝑖𝑜𝑛 =   𝑁 × 𝐴𝑝𝑖𝑥𝑒𝑙 ……………………………………. (7) 

 

We modeled the wound as a circle of the same area to get an idea of its dimensions in 

terms of diameter. So, the diameter is found to be 

 

                                                     𝑑 = 2√
𝐴𝑙𝑒𝑠𝑖𝑜𝑛

𝜋
 𝑚𝑚  ………………………………………… (8) 

Documentation Reporting and Submission: 

Write a technical report or research article. Create charts and visualizations. Draft slides 

for presentations. Edit and peer review. 
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3.4 Task Allocation 

A summary of the main tasks completed during the project, spanning weeks 1 through 

33, is shown in Table 3.2. 

 

Table 3.2 Task Allocation 

Tasks 
Weeks 

1 3 5 7 9 12 16 19 22 26 28 30 32 33 

Literature 

review, 

dataset 

selection, 

environmen

t setup 

Plannin

g and 

Setup 

          

  

Preprocessi

ng, 

augmentati

on, 

annotation 

  

Data 

Preparati

on 

        

  

Train & 

validate 

classificatio

n and 

segmentati

on models 

    

Model 

Developme

nt 

      

  

Performanc

e tuning, 

cross-

validation, 

error 

analysis 

      

Evaluation 

and 

Optimizati

on 

    

  

Combine 

models, test 

pipeline, 

edge cases 

        
Integrati

on and 

Testing 

  

  

Write 

papers, 

prepare 

presentatio

ns 

          

Documentati

on and 

Reporting 

  

Final 

testing, 

stakeholder 

review, 

submission 

            

Final 

Submissi

on 
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3.5 Summary 

The project aims to support early diagnosis in underserved areas by developing an 

automated skin cancer detection system that combines segmentation (U-Net, Res-U-Net) 

and classification (MobileNetV2, VGG16). With an easy-to-use interface, it simplifies 

lesion segmentation, classification, preprocessing, image upload, and report compilation. 

The models use transfer learning, data augmentation, and optimized loss functions to 

address imbalances and increase accuracy. The strategy prioritizes data security, fast 

processing, and high accuracy (>97%). The plan includes educating, evaluating, 

integrating, testing, along with deploying the model across web platforms.
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Chapter 4 
 

Implementation and Results 
 

During implementation, segmentation and classification models were extensive tested 

and evaluated, performance was assessed using standard metrics, and comparisons were 

made across datasets and architectures. The research demonstrates how artificial 

intelligence (AI) can improve early diagnosis and address shortcomings of traditional 

approaches. The project is anticipated to significantly improve the technical and medical 

domains if it is carried out especially skin cancer detection. Proper diagnosis reduces 

patient anxiety, allows for faster intervention, and may result in decreased medical 

expenses. 

4.1 Environment Setup 

The major programming language was python 3.12.7 for the implementation, However, 

for deeply learning and image processing jobs, robust libraries like scikit-learn, 

TensorFlow as Keras as well or OpenCV were utilized. NVIDIA Tesla T4 GPUs were made 

available for development on Google Colab Pro, which facilitated efficient training of 

computationally demanding models. To improve model generalization, datasets were pre-

processed using methods such as image resizing to 224×224 pixels and 128×128 

normalization and data augmentation (rotation, flipping, zooming). U-Net with Mask Res-

U-Net architecture was used for segmentation task, whereas MobileNetV2, VGG16 with 

custom CNN was used as classification model. Additionally, the ecosystem featured 

visualization and performance tracking tools including TensorBoard, Seaborn, and 

Matplotlib. To set up Django in Visual Studio Code in implementation to model view to 

user. GitHub was used to version-control each experiment, ensuring reproducibility. This 

configuration provides a stable and extensible foundation for dermoscopic image 

segmentation and classification. 

4.2 Testing and Evaluation  

A comprehensive testing and assessment procedure began initiated to see how well the 

segmentation and classification models performed. To determine each model's benefits, 

drawbacks, and possible areas for development, its performance was evaluated using 

standard metrics and contrasted across datasets and architectures. 

Binary U-Net Performance 

A common encoder-decoder architecture for biomedical segmentation is the binary U-net. 

It can efficiently record spatial and contextual information due to its symmetric 

compression and expansion routes. Given below the binary result in figure 4.1. 
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Figure 4.1 Binary U-Net Segmentation Predicted Mask 

 

Particularly for lesions that were well-contrasted, the model consistently generated clear 

lesion boundaries. But there were minor over-segmentation errors in cases with uneven 

edges or low contrast. 

 

 
 

Figure 4.2 Binary U-Net Segmentation Test Image Pixel Accuracy Dice Coefficient 

and Intersection Over Union 
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Binary Res-U-Net Performance 

The Res-U-Net improves U-Net by including residual connections inside convolutional 

blocks. By reducing vanishing gradients, deeper feature extraction is made possible 

without sacrificing quality. Given below the Res-U-Net output in figure 4.3. 

 

 
Figure 4.3 Binary Res-U-Net Segmentation Predicted Mask 

 

In comparison to Binary U-Net, Res-U-Net obtained higher IoU and Dice scores, 

suggesting improved overlap and smoother border adherence. When it came to 

segmenting difficult lesion cases with variable pigmentation and unclear boundaries, 

residual connections were especially helpful. 

 

Table 4.1 Segmentation Comparative Analysis 

Model IoU 
Coefficient 

of Dice 

Pixel 

accuracy 
Recall Precision F1Score Loss 

Loss of 

validity 

Binary 

U-Net 
0.9077 0.9493 97.52% 0.97 0.97 0.97 0.0619 0.1017 

Res-U-

Net 
0.8390 0.9230 84.8% 0.79 0.80 0.79 0.1081 0.4579 

 

In comparison to Binary Res-U-Net, U-Net obtained higher IoU and Dice scores, 

suggesting improved overlap and smoother border adherence.  When it came to 
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segmenting difficult lesion cases with variable pigmentation and unclear boundaries, 

residual connections were especially helpful. 

MobileNetV2 Performance 

The lightweight CNN design MobileNetV2 uses inverted residuals and depth wise 

separable convolutions to maximize speed and efficiency. 

 

 
 

Figure 4.4 MobileNetV2 Train and Validation Accuracy and Loss 

 

 

Below the confusion matrix correct 545 images benign and 541 malignant find out of our 

model. 

 

 

Figure 4.5 MobileNetV2 Confusion Matrix 
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VGG16 Performance 

Despite having a high computational cost, the 16-weight VGG16 deep CNN is renowned 

for its powerful feature extraction capabilities. Rich lesion features that were taken from 

segmented images helped VGG16 show strong classification accuracy. Although its deeper 

design made it possible for it to efficiently record intricate melanoma patterns, it required 

a comparatively large amount of memory and training time. 

 

 
 

Figure 4.6 VGG16 Confusion Matrix 

Accuracy measures to great extend the model does through training by calculating 

proportion of weights that match the predicted values. Loss optimization measures the 

difference between the expected and the desired values. Accuracy helps to detect 

overfitting when reflecting performance on unseen data. Control loss indicates how well 

the model generalizes; the learning condition can be controlled to increase the likelihood 

of overfitting. Finally, our model did not overfit because of early closure and proper 

preprocessing. Given below the figure 4.7 VGG16 train and validation accuracy. 
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Figure 4.7 VGG16 Train and Validation Accuracy and Loss 

 

However, MobileNetV2 is the more effective model overall because to its improved 

performance metrics, particularly for tasks requiring high recall and precision. 

 

Table 4.2 Comparing Classification Analysis 

Model Accuracy F1Score Recall Precision AUC Loss 
Loss of 

validity 

VGG16 90.90% 0.91 0.91 0.91 0.97 0.0145 0.0141 

MobileNetV2 97.84% 0.98 0.98 0.98 0.98 0.0911 0.0858 

 

4.3 Results and Discussion 

This study evaluated the performance of ML models for skin malignancies and dual 

categorization (benign versus melanoma) utilizing the ISIC and HAM10000 datasets. The 

combination of U-Net segmentation architecture with MobileNetV2 classification is 

basically better than other models. 

Segmentation Performance 

U-Net has consistently outperformed Res-U-Net in terms of performance. The remaining 

connections account for the improvement (typically 2.5-3%), It enables the network to 

learn the borders of more complicated lesions and increases gradient descent. U-Net 

produced cleaner, more accurate masks, especially for irregularly shaped melanomas, 

where Res-U-Net occasionally over-segmented, capturing background artifacts such as 

hair or ruler marks. 

Classification Performance 

MobileNetV2 has the highest ability to detect melanoma events, achieving the highest 

accuracy and recall in classification tasks without preprocessing. Despite slightly lower 

recall, VGG16 maintains competitive accuracy, meaning it produces fewer false positives. 
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In a clinical context, this trade-off is crucial: greater accuracy reduces unnecessary 

biopsies, while greater recall reduces missed melanomas. The best segmentation model is 

U-Net in ISIC 2018 with Dice coefficient 94.93% and Intersection over Union (IoU) 

90.77%. The best classification model is MobileNetv2 and accurate 97.84%. The best 

weighting option for mobilenetv2 and U-Net deployment. 

4.4 Summary 

In order to segment and classify skin lesions, this chapter explains how to set up and 

assess neural network models. TensorFlow, Keras, OpenCV, and Python 3.12 were used, 

with training on Google Colab Pro GPUs. MobileNetV2 was used for classification, while 

U-Net was in charge of segmentation. MobileNetV2 was the best at classification 

(accuracy: 97.84%), while U-Net was the best at segmentation (Dice Coefficient: 0.9493). 

Although VGG16 required more resources, it provided strong accuracy. U-Net and 

MobileNetV2 were shown to be the best-performing models overall, providing a reliable 

and effective method for automated melanoma diagnosis. 
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Chapter 5 
 

Engineering Standards and 

Design  Challenges 

 
This section talks about the financial planning, social effect, and quality compliance of a 

system for finding skin cancer. After assessing relevant software, hardware, and 

communication standards, the ethical, environmental, and social consequences of the 

project are examined. It concludes by presenting a revenue and cost model to assess the 

effectiveness of a project. 

5.1 Compliance with the Standards 

For software development, medical imaging, and data transfer, the project adheres to 

IEEE and ISO standards. Cost, interoperability, and scalability were considered when 

evaluating options. The standards were chosen to ensure security, reliability, and 

interoperability with medical systems. 

 

 5.1.1  Software Standards 

The system adheres to generally accepted software engineering standards to provide 

reliability, scalability, and maintainability. Data preprocessing, model training, and 

evaluation are separated by a modular design in the code that adheres to python 

enhancement proposal (PEP) 8 style requirements for Python. Model building emphasizes 

performance efficiency and reliability while adhering to ISO/IEC 25002:2024 quality 

standards. TensorFlow/Keras frameworks are used in compliance with their documented 

APIs to ensure compatibility and reproducibility, while Git is used to maintain version 

control for traceability. 

 5.1.2  Hardware Standards 

The IEEE 1012 verification and validation standards for computing systems are met by 

GPU-enabled platforms used for training and evaluation. CUDA-compatible GPUs, at 

least 16 GB of system RAM, and SSD storage for fast data access are standard hardware 

requirements for deep learning workloads. This reduces the variability caused by 

hardware limitations and ensures that model performance can be replicated. 

 5.1.3  Communication Standards 

System complies with hypertext transfer protocol secure and internet protocol protocols 

for dataset access and result sharing in order to offer reliable and secure data transfer. It 

will follow the fast healthcare interoperability resources (FHIR) medical data exchange 

standard when it is added to the teledermatology system. This will make sure that it 



©Daffodil International University 33  

works with electronic health records (EHR) and protects patient data in compliance with 

the General Data Protection Regulation (GDPR) and the Fast Health Insurance 

Portability and Accountability Act. 

5.2 Impact on Society, Environment and Sustainability 

This method enables rapid detection of skin cancer, increasing access to healthcare, 

especially in underserved areas. It reduces environmental impact by reducing travel and 

unnecessary biopsies. It promotes equitable access to healthcare and uses energy-saving 

technologies. 

5.2.1 Impact on Life 

Early detection of melanoma, which greatly increases the success rate of treatment, has 

been made possible by the proposed skin cancer detection method, which can potentially 

save lives. Especially in isolated or disadvantaged locations, it reduces the dependence on 

the availability of specialists, making rapid initial assessment possible. Reduced patient 

anxiety, early intervention and potentially cheaper healthcare costs - all of these are 

benefits of early diagnosis. 

5.2.2 Impact on Society & Environment 

This system reduces healthcare disparities at the social level by democratizing access to 

skin screening. Combined with telemedicine platforms, it can reach people in rural areas 

where there is inadequate medical infrastructure. Digital diagnosis reduces the need for 

unnecessary trips to specialized clinics, which is good for the environment. In addition, it 

reduces medical waste by reducing the need for physical biopsy resources in false-positive 

cases. 

5.2.3 Ethical Aspects 

According to policy criteria, the system must handle patient privacy and data protection 

in accordance with laws such as GDPR and HIPAA. Different training data is needed to 

prevent bias against specific skin color or demographic groups. Transparency in decision-

making is essential; to prevent blind reliance, doctors should be able to understand the 

limitations of the model and interpret its results. Furthermore, the system should be used 

as a tool to assist, not as a substitute for trained medical staff. 

5.2.4  Sustainability Plan 

Updates the model constantly, new data to maintain to preserve accuracy. Scalable 

deployment design lightweight model and low power devices. Energy saving processing 

using cloud-based GPU resources. Collaboration through communication with healthcare 

providers and research organizations to maintain system alignment with changing ethical 

standards and medical best practices. 

 

 

 



©Daffodil International University 34  

5.3 Project Management and Financial Analysis 

Using an Agile methodology, the project divided activities into sprints for evaluation, 

classification, and segmentation. Using Git for version control, roles were assigned for 

data handling, model development, and testing. Cloud GPU, data storage, and 

documentation were the main costs. Open-source software and publicly available datasets 

(ISIC, HAM10000) reduced costs. The technology is highly valuable financially as early 

diagnosis of melanoma can reduce treatment costs and increase survival rates, which 

offsets development costs. Scalable deployment ensures affordability and accessibility, 

especially with lightweight models like MobileNetV2 and U-Net, making the solution 

suitable for a wide range of clinical and remote healthcare applications. 

 

Table 5.1 High-Performance Setup 

Item Cost (Taka) Rationale 

Cloud GPU(AWS) 3 months 25000 
Faster training and experimentation in 

high compute power. 

Data Storage and Backup 3750 
Datasets management secure and 

reliable. 

Software and Tools 0 
Open-source frameworks (TensorFlow, 

Keras) 

Reporting and 

Documentation 
5000 Professional publication and formatting. 

Total 33750 
Optimized for quick service and excellent 

accuracy. 

 

Repetitive tasks are simplified using automation systems. GPU consumption is optimized 

only for the most critical training stages, and resource allocation is carefully managed to 

avoid over-allocation. Scalability ensures that the system can be expanded without 

requiring unnecessary initial funding. This well-established strategy is suitable for 

research and real-world applications as it achieves excellent performance and efficiency 

while remaining budget-friendly. 

 

Table 5.2 Cost-Optimized Setup 

Item Cost (Taka) Rationale 

Cloud GPU (Google Colab 

pro) 3 month and 300 

compute units. 

3750 

Moderately fast and reasonably priced 

calculations. 

Free Storage 0 Free cloud storage 

Software and Tools 0 
Open-source frameworks (TensorFlow, 

Keras) 

Reporting and 

Documentation 
2500 

Minimum publication and formatting. 

Total 6250 
The emphasis has been on affordability 

as the training time is a bit longer. 
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5.4 Complex Engineering Problem 

By combining neural networks, medical imaging, and clinical criteria for precise diagnosis 

of skin cancer, this research addresses a challenging technical problem. To achieve 

accuracy, efficiency, and meet ethical standards, diverse knowledge, advanced analytics, 

regulatory compliance, and partner collaboration are required. 

5.4.1  Complex Problem Solving 

Give a map with problem-solving types in this part of the document. 

Table 5.3 Mapping Categories 

EP1 

Dept of   

Knowled

ge 

EP2 

Range Of 

Conflicting 

Requireme

nts 

EP3 

Depth 

of 

Analys

is 

EP4 

Familiari

ty of 

Issues 

EP5 

Extent 

of 

Applicab

le Codes 

EP6 

Extent 

Of Stake- 

holder 

Involveme

nt 

EP7 

Interdepende

nce 

       

 

Given below the details the mapping in table 5.4 

 

Table 5.4 Mapping with Complex Engineering Problem 

Mapping 

code 
Category Argument 

EP1 Dept of   Knowledge 

A combination of dermatological expertise, computer 

vision, deep learning, and medical imaging is required 

to ensure precise segmentation and classification. 

EP2 

Range of 

Conflicting 

Requirements 

Balances small model size, low latency, excellent 

model accuracy, and compliance with medical laws. 

EP3 Depth of   Analysis 

Post-processing for lesion segmentation, feature 

extraction, classification, and confidence estimation - 

all of these are necessary steps in a multi-stage study. 

EP4 
Familiarity of 

Issues 

It involves applying well-known artificial intelligence 

and image processing methods to unfamiliar medical 

contexts, which in turn requires domain adaptation. 

EP5 
Extent of   

Applicable   Codes 

Data privacy laws (GDPR, HIPAA) and medical 

software standards (ISO/IEC 25002:2024) completed 

in this study. 

EP7 Interdependence 

Classification accuracy is directly affected by 

segmentation performance, while speed and 

accessibility are affected by deployment decisions. 
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Mapping with Knowledge Profile 

In this part provide a map with knowledge for solving problems. 

Table 5.5 Mapping with Knowledge 

K1 

Nat

ural 

Scie

nce 

K2 

Mathe

matics 

K3 

Enginee

ring  

Fundam

entals 

K4 

Specia

list 

Knowl

edge 

K5 

Engine

ering 

Design 

K6 

Engine

ering 

Practic

e 

K7 

Compreh

ension 

K8 

Resea

rch 

Litera

ture 

        

 

The information below shows the mapping in table 5.6. 

 

Table 5.6 Mapping with Knowledge Profile 

Mapping 

code 
Category Argument 

K2 Mathematics 

This work applies calculus, probability, and linear 

algebra to optimization, evaluation metrics, and 

convolution processes. 

K3 
Engineering 

Fundamentals 

Optimization methods, loss functions and use of 

convolutional neural networks. 

K4 
Specialist 

Knowledge 

Advanced knowledge of classification networks 

(VGG16, MobileNetV2), segmentation methods (U-

Net, Res-U-Net), and medical imaging. 

K5 
Engineering 

Design 

Creating a pipeline that reduces computational costs 

while maintaining clinical accuracy. 

K6 
Engineering 

Practice 

Applying optimal coding techniques for model 

implementation and validation using medical 

datasets. 

K8 
Research 

Literature 

Setting standards for segmentation and classification 

performance, dermatology agent research, and 

experimental autoimmune encephalomyelitis (EAE) 

in healthcare research. 

 

5.4.2  Engineering Activities 

The examined project may be encapsulated as follows inside the Complex Engineering 

Activities framework, with each of the subsequent activities further validated by the 

report's results. In this part provide a map with activities for solving problems. 
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Table 5.7 Engineering Activities 

EA1 

Range of 

resources 

 

EA2 

Level of 

interaction 

EA3 

Innovation 

EA4 

Consequences 

for society 

and 

environment 

EA5 

Familiarity 

     

 
The activities below show the mapping in table 5.8. 

 
Table 5.8 Complex Engineering Activities in Mapping 

 

5.5 Summary 

The technical standards, design challenges, and societal implications this chapter 

discusses techniques for detection malignancies in the skin. It describes a cost analysis 

with alternative budgets, emphasizes benefits such as early diagnosis and sustainability, 

and describes adherence to software, hardware, and communication standards. 

Knowledge profiles and engineering activities are mapped to complex engineering issues, 

focusing on policy concerns, stakeholder involvement, and transdisciplinary expertise. For 

precise segmentation and classification, technical components include convolutional 

neural network (CNN) applications, loss functions, and optimization techniques. 

Mapping 

code 
Category Argument 

EA1 Range  of Resources 

Uses public datasets, open-source 

frameworks, and cloud GPUs to ensure 

scalability. 

EA2 Level of Interaction 

Software engineers, medical 

professionals, and end users are working 

together to improve the model. 

EA3 Innovation 

Combining segmentation and 

classification into a single process 

increases diagnostic accuracy. 

EA4 
Consequences for Society 

and        Environment 

Early diagnosis reduces unnecessary 

biopsies, reduces medical waste, saves 

lives, and reduces medical costs. 
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Chapter 6 
 

Conclusion 
 
The study done here thoroughly assessed both classification and deep neural network 

methodologies skin segmentation utilizing the ISIC & HAM10000 datasets. The study 

focused on dual classification (benign vs. melanoma) and skin lesion segmentation, 

evaluating VGG16 and MobileNetV2 (with and without segmentation-based 

preprocessing) for classification, and U-Net & Res-U-Net for evaluation. U-Net indicate 

superior segmentation results as evidenced by a Dice score of 0.9493, while MobileNetV2 

excels in classification, with 97.84% accuracy. Although VGG16 used more resources, it 

showed excellent accuracy. The study's findings endorse the efficacy of CNN and hybrid 

architectures, alongside neural networks and machine learning models, for automated 

melanoma diagnosis, offering a dependable and efficient approach. 

 

6.1 Summary 

This article talks about how to make an automated way based on deep networks to stop 

skin cancer. It utilizes MobileNetV2 and VGG16 to detect malignant or benign lesions 

within U-Net and Res-U-Net and break the lesions into segment parts. According to the 

study, U-Net performed exceptionally well in segmentation with a Dice coefficient of 

94.93%, while MobileNetV2 achieved 97.84% classification accuracy. The purpose is to 

make these models work with web and mobile apps so that they may be used as a testing 

tool that is easy to use, accurate, and not too expensive, especially in areas that don't have 

many resources. The study highlights how AI can improve early diagnosis and overcome 

the shortcomings of conventional techniques. 

6.2 Limitation 

Recall is affected by class imbalance, with melanoma having a lower incidence. The ISIC 

and HAM10000 datasets are different, which limits cross-domain generalization. 

Classification and segmentation can be hampered by artifacts such as shadows, and ruler 

marks. In low-resource contexts, real-time usage may be limited due to high-performance 

GPU demands. 

6.3 Future Work 

The dataset is being expanded to a wider range of skin tones, including domain adaptation 

for improved generalization, artifact removal techniques, and refining lightweight models 

for mobile deployment, will be key areas of future research. Healthcare adoption will be 

safe and widespread for clinical research and regulatory assurance. Furthermore, 

promising avenues for enhancing diagnostic precision include transformer-based vision 

algorithms and multifunctional structures that integrate imaging and human clinical 
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data. In order to provide immediate prediction on mobile devices without demanding 

significant processing resources models should also be implemented in future work. To 

evaluate the models in practical workflows, future research should concentrate on 

carrying out long-term clinical studies with dermatologists. In future research, use the 

LLM model to quickly identify patient diseases and fully capture patient opinions. To 

guarantee that models adhere to ethical, privacy, and regulatory requirements, 

cooperation between computer scientists, dermatologists, and healthcare authorities is 

crucial. These initiatives will help transform skin cancer segmentation & classification 

from basic research into reliable, effective tools for patient care and timely cancer 

diagnosis.
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