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ABSTRACT 
Melanoma is one of the most serious and life-threatening forms of skin cancer, so early detection is important in order 
to increase the chances of survival. Despite the advances of deep learning, existing automatic systems suffer from 
imbalance in a dataset, limited diversity, and minimal applicability in the real world. The complete implementation of a 
transfer learning-based melanoma detection framework using an internal architecture of three classes and a binary 
decision output is given with the use of a curated collaborative dataset. The system is proposed to use the MobileNetV2 
architecture for classification and the conventional preprocessing and data augmentation technique for achieving good 
performance. Experimental testing with 1,125 test images results in a high rate of accuracy of around 89.07%  and an 
ROC-AUC of 0.97, which corresponds to good discriminating power. Transfer learning is shown to be effective by 
comparing the results with a baseline CNN network. The emphasis is on the quality of the datasets, their clinical 
relevance and reproducibility, and the framework could be used to support decision-making in the early detection of 
melanoma. 
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I. INTRODUCTION 
Melanoma is a dangerous form of skin cancer, which 
develops when melanocytes, which are pigment-
producing cells, grow uncontrollably. The trigger for 
this abnormal growth is UV radiation from sunlight 
causing damage to the skin. Early detection is critical, 
as Stage IV detection has a much lower 5-year survival 
rate, approximately 16%-52%, as compared to Stage I 
survival rate, which is 97%-99%. The prognosis in 
Stage I is excellent, whereas Stage IV is more severe, 
although new treatments are improving survival. 

Recent breakthroughs in deep learning and transfer 
learning have greatly enhanced dermoscopic image 
classification. MobileNetV2, ResNet50, EfficientNet 
and Vision Transformers are among the architectures 
that have proven to be successful on benchmark 
datasets like ISIC and HAM10000. Most of the studies 
that exist, however, are built on these standard datasets, 
which might not be sufficient to capture variations in 
skin tone and lesions in actual clinical settings. In 
addition, many systems predict without explicitly 
stating prediction uncertainty and are therefore not 
clinically reliable. 

This paper introduces a confidence-aware melanoma 
detection framework by leveraging MobileNetV2 
transfer learning techniques and a collaboratively 

curated dermoscopic dataset to overcome these 
challenges. The framework is based on publicly 
available ISIC images, which are carefully curated 
from reputable educational resources, to enhance the 
diversity of the dataset. The proposed system is 
different from the traditional binary classifiers because 
it has an internal uncertainty-support mechanism for 
recognizing the lesions that are difficult to distinguish 
from the image and recommends clinical review rather 
than making a potentially unreliable prediction. 

This work has the following major contributions: 

1) Creation of a dermoscopic dataset using the 
integration of ISIC images with curated images 
publicly available. 

2) Development of a confidence-aware melanoma 
screening framework that combines MobileNetV2 
transfer learning with an uncertainty-support decision 
mechanism for clinically ambiguous lesions. 

3) A three-stage confidence-based inference strategy 
that identifies uncertain cases requiring clinical review 
instead of forcing a binary prediction. 

4) Development of a web-based prototype for 
practical deployment of melanoma screening and 
evaluation. 
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The proposed framework is different from existing 
ones, which mainly seek to enhance the classification 
accuracy, in that it aims at clinically reliable decision 
support using confidence-aware inference. This system 
also explicitly classifies uncertain cases where the 
lesion's nature cannot be clearly determined, allowing 
dermatologists to examine the lesions further, reducing 
the risk of misdiagnosis and enhancing the safety of 
AI-supported melanoma detection. 

II. LITERATURE SURVEY 
This section reviews key studies published during 
2024–2025, organized by the primary challenge each 
addresses. 

The transfer learning approach using lightweight 
architectures has been extensively used for 
dermoscopic image classification. Recently, Zakariah 
et al. [3] introduced an architecture based on 
MobileNet, MixNets, and transfer learning with 
99.58% accuracy for binary classification tasks. 
However, it lacks the mechanisms for diverse dataset 
validation and explainability, which restrict the clinical 
reliability. In their work, Sri Ram and Kumar [6] 
compared the performance of MobileNetV2, VGG16, 
and ResNet50 and found VGG16 to be most stable 
with an accuracy of 92.7%, highlighting the 
importance of demographic differences in training data 
to be applicable in the real world. Babatunde et al. [16] 
tackled the issue of segmentation by using K-means 
clustering before classification using MobileNet, 
obtaining an accuracy of 98.20%, but this approach 
still faces the potential of overfitting on small datasets. 

Another key challenge to clinical integration is model 
interpretability. Gajare et al. [4] developed a multiclass 
object detection framework with Grad-CAM and 
SHAP visualization, which achieved an average 
precision score of 92.4% with improved transparency 
in decision-making. Mittal et al. [13] proposed a new 
method called DermCDSM, which utilizes improved 
Chameleon Swarm Optimization along with a 
Convolutional Deep Spiking Neural Network with an 
accuracy of 95.07%. Almufareh et al. [20], however, 
note that current AI frameworks lack dermatology-
specific concept explanation. 

Several studies have examined the efficiency of the 
computation and resource-constrained deployment. 
Tchema et al. [7] demonstrated that a simple 3-layer 
CNN can achieve performance comparable to the more 
complex YOLOv7 but with significantly lower 
computational requirements. To realize cloud-
independent inference with 94.9% accuracy, Arefi et al. 
[11] created quantized CNN models that can be run on 
FPGA-based hardware through the use of a library 
called hls4ml. AlexNet is also structured and pruned by 
Amer et al. [12], resulting in 97.48% accuracy and 
significantly lower model size for edge deployment. 

Two major challenges are the imbalance of the datasets 
and the costs of annotations. Ravikumar et al. [8] 
applied Auxiliary Classifier GANs for the synthesis of 

rare classes of lesions, although the issues related to the 
authenticity of the generated data and ethical questions 
have been raised. Farhatullah et al. [9] have 
implemented quantum Chebyshev polynomial 
autoencoders and LSTM neural networks with 99.58% 
accuracy, but the high computational complexity of the 
system is not suitable for real-time applications. 
Nevertheless, there is a lack of generalizability across 
several datasets, as Jiang et al. [10] provided a 
framework based on self-supervised learning to reduce 
the amount of labeled datasets and achieved an AUC of 
98.2% in a slide-based evaluation. 

Multi-modal integration and cross-dataset robustness 
were addressed by Mohamed et al. [5], who suggested 
MiSC, which combines image features using  

MobileNetV2 along with metadata analysis using 
random forest via late fusion with an accuracy of 
95.60%. To get better representation across various 
lesion types, Khan et al. [15] developed a hybrid model 
of VGG16-VGG19. While deployment of CNN was 
done in conjunction with Harris Hawk Optimization, 
the accuracy of the CNN in IoT is between 96.35% and 
98.44% on ISIC datasets, which were not verified in 
real time, nor was the privacy evaluated. 

These findings are then further consolidated in 
systematic reviews. Jaiyeoba et al. [21] found 
inconsistency in processing and lack of standardization 
for the poor generalizability. Even with high accuracy, 
explainability, privacy, and integration in clinical 
workflows remain open challenges, as proved by 
Verma et al. [22]. One important point that was 
overlooked, as highlighted by Almufareh et al. [20], 
was demographic diversity, particularly dark skin color. 

From this comprehensive analysis, three critical gaps 
emerge that directly motivate the present work:  over-
reliance on ISIC and HAM10000 databases that have a 
lack of representation of dark-skinned people class 
imbalance in the case of multiclass databases where 
there is just an 11-20% occurrence of melanoma among 
all images and the absence of confidence-aware 
inference mechanisms that communicate prediction 
uncertainty to clinicians which is a safety critical 
requirement for real-world deployment. The proposed 
framework targets all three gaps by providing a curated 
collaborative dataset, binary classification of 
melanoma and a three-state decision module with 
confidence. 

The research gaps identified from the literature survey 
are as follows: 

From the studies, it is evident that the existing systems 
rely heavily on standard datasets such as ISIC and 
HAM10000. These datasets consist of skin lesions of 
individuals with low skin pigmentation. This results in 
the underrepresentation of dark skin lesions, which 
leads to models being trained on this biased dataset. 
This will have an immediate impact on the disease 
prediction using the model trained on this dataset. In 



Page: 6 2 3   

Confidence-Aware Melanoma Detection Using MobileNetV2 on a Collaborative Dermoscopic Dataset 

IJDDT, Volume 16 Issue 76s, 2026 
 
 
 

this work, we have attempted to solve this issue of 
dataset diversity by using a collaborative dataset. 

Another area that needs to be focused is the issue of 
class imbalance, due to which the model seems to be 
biased towards majority classes. The multiclass dataset 
contains only 11-20% of melanoma images out of the 
total images. The proposed system addresses this gap 
by curating a binary melanoma-focused dataset with 
near balanced class representation between benign and 
malignant. 

The reviewed papers suggested the use of visualization 
techniques like Grad-CAM and SHAP for 
interpretability, but the current deep learning models 
are “black boxes" that do not meet clinical 
requirements. Lack of dermatology-aligned, concept-
based explanation makes it difficult to integrate into 
the real-world implementation. This emphasizes the 
need for explainable AI for future integration. 

III. DATASET FORMATION 
The benign samples exhibit regular borders, uniform 
coloration, and symmetric morphology, whereas the 
malignant samples demonstrate characteristic 
dermoscopic features, including asymmetric borders, 
variegated pigmentation, and irregular lesion structure. 

The dataset was formed through the integration of 
two distinct image sources: 

1) ISIC (International Skin Imaging Collaboration) 
Archive is a widely recognized benchmark 
repository containing thousands of dermoscopic 
images labeled across multiple skin lesion 
categories. 

2) Dermoscopic images collected through 
controlled web scraping- The images collected 
through web scraping were dermatologically 
verified, filtered for quality, and reviewed by a 
domain expert. The images are publicly 
available educational and medical content that 
include non-identifiable dermoscopic images. 
Patient-specific confidential information was not 
gathered. 

The final dataset consists of 11,134 images organized 
across three classes: benign, malignant, and mole. The 
training subset contains 10,009 images, and the testing 
subset contains 1,125 images. The mole class, 
comprising 325 images in total, represents melanocytic 
nevi that exhibit visual overlap with early-stage 
melanoma. For binary classification output, mole-class 
predictions are handled through a confidence-based 
uncertainty mechanism rather than hard class 
assignment. 

Table I. Dataset Distribution for Melanoma Screening 
Dataset Split Benign Malignant Mole Total 
Training Set 5,084 4,685 240 10,009 
Testing Set 520 520 85 1,125 

Total 5,604 5,205 325 11,134 
IV. METHODOLOGY 

A. System Architecture 

The proposed system is implemented as a four-stage 
pipeline, as illustrated in Fig. 1. 
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Fig. 1. Proposed confidence-aware melanoma detection framework. 
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1) Stage 1- Data Acquisition: The dataset used in this 
study was compiled from two complementary data 
sources, recognizing that a balance among variety, 
clinical data, and quantity was needed. The main 
source was the ISIC (International Skin Imaging 
Collaboration) Archive. To add more images and 
enhance class representation, we collected 
additional images through organized web scraping 
from dermatologically verified online sources. Both 
sources were stored as raw .jpg or .png images in 
one dataset, which formed the foundation for all 
future processes. 

2) Stage 2- Image Standardization Pipeline: In order to 
ensure consistency and generalization capabilities 
of the model, all images in the collaborated dataset 
were subjected to a standardized preprocessing 
procedure before the training. First, each image was 
resized to 224 × 224 pixels to match the input 
requirements of MobileNetV2. The values of the 
pixels were then re-scaled to [0, 1] by dividing each 
pixel intensity by 255. To reduce overfitting and 
improve robustness, data augmentation techniques, 
including random rotation (±20°), horizontal 
flipping, width and height shifts (0.2), and zooming 
(0.2) were applied to the training set. Lastly, the 
dataset was split into 90% training (10,009 images) 
and 10% test (1,125 images) without altering the 
three class categories (benign, malignant, and 
mole). 

3) Stage 3- Transfer Learning-Based Feature 
Extraction: Feature extraction was performed using 
the MobileNetV2 architecture, a lightweight 
convolutional neural network pre-trained on the 
ImageNet dataset. The technique of transfer 
learning was utilized to take advantage of the rich 
hierarchical representations that were already built 
in the convolutions of the network, thus decreasing 
the amount of the labeled training set needed for the 
training process and increasing the speed of 
convergence. 

The backbone of the MobileNetV2 architecture was 
used as a fixed feature extractor with the weights of the 
convolutional layers frozen during the first training 
phase in order to keep the learned representations such 
as edges, textures, and color gradients. The feature map 
that comes out of the backbone architecture is fed into 
the custom dense classification head, which consists of 
the fully connected layers with dropout regularization 
followed by a softmax layer producing a probability 
distribution over the target classes. The entire model 
was then optionally fine-tuned in subsequent epochs 
with a reduced learning rate to allow the upper 
convolutional layers to adapt to dermoscopic image 
characteristics. 

4) Stage 4- Confidence-Based Decision Module: 
Single-image inference was implemented as a 
standalone pipeline, allowing the system to classify 
an unseen dermoscopic image at runtime. An input 

image is preprocessed using the same set of 
transforms used for training, namely resizing and 
normalization, and then is fed into the trained 
model to generate raw logits, which are further 
converted to probabilities by applying the softmax 
function. 

Three-stage confidence-based decision-making was 
employed during single image inference to address 
prediction uncertainty and the clinical ambiguity 
associated with moles. Internally, the model outputs 
probability estimates belonging to three classes: 
benign, malignant, and mole. 

Decision rules were as follows: when the probability of 
mole was greater than 15%, the prediction was 
recorded as 'Uncertain: Maybe Mole / Maybe 
Melanoma' and manual checking was required, as there 
is no visual difference between moles and early 
melanoma. If mole probability stays below 15%, mole 
probability is summed up into the benign class, and a 
regular binary prediction is returned. Irrespective of 
their class, the predictions with overall maximum 
confidence below 60% are also classified as unsure. 
Malignant predictions are given with a clinical warning 
when they have a high confidence level of above 80%. 
The empirical choice of the confidence thresholds 
during model development relied on the observation of 
prediction confidence on the validation set. 
Conservative threshold values were adopted to 
prioritize sensitivity and reduce the likelihood of 
confidently misclassifying potentially malignant 
lesions. 

This solves the issue of clinical safety highlighted in 
the literature review where hard binary predictions 
without uncertainty communication create deployment 
risk, particularly at the benign-malignant boundary 
where mole misclassification is most likely to occur. 

5) Stage 5- Performance Evaluation: For the 
evaluation of the model performance, four standard 
classification metrics were used on the test dataset, 
including accuracy, precision, recall, and the F1-
score, which were calculated on the model's three-
class outputs (benign, malignant, and mole) so that 
the confidence-aware uncertainty mechanism could 
be validated alongside standard melanoma 
classification performance, rather than being 
obscured by remapping mole predictions into the 
benign class.  While accuracy provides a general 
measure for the correctness of prediction, precision 
and recall are measures that show the balance of 
false positives and false negatives, respectively. The 
F1-score, which is the harmonic mean of precision 
and recall, has been chosen as the main 
performance metric due to the possible imbalances 
of classes in the skin lesion data. 

Lastly, all outcomes are presented through a results 
visualizer and exporter that keeps a record of the 
output image along with its annotation and prediction. 
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B. System Interface 
To demonstrate the practical implementation of the 
proposed framework, a web-based user interface was 

developed that enables users to upload dermoscopic 
images and obtain automated melanoma predictions. 
The interface is shown in Fig. 2. 

 
Fig. 2. Web application interface: (a) patient detail entry and image upload form with image preview, (b) diagnosis 

result for a benign case showing predicted label, confidence score 99.88%, and clinical recommendation, (c) diagnosis 
result for a malignant case showing Melanoma prediction at 100% confidence with urgent clinical warning. 
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C. Experimental Environment 
All experiments were conducted on Jupyter Notebook 
using an NVIDIA Tesla T4 GPU. The framework was 
implemented in Python 3.10 with TensorFlow 2. x, 
Keras, and Matplotlib. Training completed in 
approximately 7 minutes per epoch. 

V. EXPERIMENTAL RESULTS 

D. Training Convergence 
Training accuracy increased steadily from 0.82 to 0.88 
over 10 epochs. Validation accuracy remained 
consistently higher than training accuracy throughout, 
stabilizing around 0.89–0.90. Training loss decreased 
steadily, while validation loss showed minor oscillation 
after epoch 5 but did not trend upward, indicating no 
significant overfitting. 

E. Confusion Matrix Analysis 

A three-class confusion matrix was computed on all 
1,125 test images. By keeping the mole class separate 
from the other classes and not mapping it to benign, the 
confidence-aware uncertainty mechanism could be 
assessed directly without introducing any changes into 
the primary benign-versus-malignant clinical 
assessment. The normalized confusion matrix revealed 
a classification accuracy of 92% for benign images, 
where 7% were misclassified as malignant and 1% as 
mole. The malignant class received a recall of 0.89, 
indicating strong classification of melanomas, as 
evidenced by the approximately 11% false-negative 
rate. 

Although a recall of 0.89 indicates good sensitivity, the 
remaining false-negative cases highlight the need for 
clinical review of uncertain predictions, which 
motivated the confidence-aware decision mechanism. 

 
Fig. 3. Normalized Confusion Matrix for the Test Dataset. 

The confusion matrix is illustrated in Fig. 3. The matrix 
shows that the benign class got a recall of 92%, which 
means that most of the benign lesions were correctly 
classified, and there were not many false positive 
predictions. The recall rate for the malignant class is 
89%, and this is an effective measure of correctly 
identifying melanoma. However, this also identifies a 
small number of false-negative cases. The diagonal 
dominance of the matrix shows a high overall level of 
correctness of the classification of the model and a 

uniform predictive power in both classes. The 
confusion matrix also confirms the efficiency of the 
proposed transfer learning framework based on 
MobileNetV2 to classify dermoscopic lesions into 
benign or malignant and mole categories while 
supporting confidence-aware clinical decision-making. 
The comparative precision, recall, and F1-score for 
benign, malignant, and mole classes are presented in 
Fig. 4. 

 

Fig. 4. Comparison of Per-class Precision, Recall, F1-score of benign,  malignant and mole classes 
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The benign class had the maximum recall score of 
0.92, indicating that the model has a better ability to 
accurately classify non-cancerous lesions.The precision 
value for the malignant class was 0.89, confirming 
reliable melanoma detection performance. The mole 
class included to evaluate the uncertainty detection 

mechanism rather than as a primary classification 
target, achieved a precision of 0.91 and an F1-score of 
0.79. 

F. ROC CURVE 

 

Fig. 5. One-vs-Rest ROC curves for benign, malignant, and mole classes (Macro AUC = 0.971, Micro AUC = 0.976). 

The ROC curve in Fig. 5. shows the classification 
performance of the proposed melanoma detection 
framework at various thresholds. The curve 
demonstrates the trade-off between the True Positive 
Rate (Sensitivity) and False Positive Rate (1 − 
Specificity) for each class. The model developed using 
the proposed MobileNetV2 architecture attained AUC 
values of 0.963 and 0.957 for the benign and malignant 
classes respectively, indicating strong discriminative 
capability and reliable class separation. The mole class, 
evaluated solely to validate the confidence-aware 
uncertainty mechanism, achieved an AUC of 0.994. 
The ROC curves demonstrate high sensitivity and low 

false-positive rates for the primary benign-versus-
malignant classification task. 

VI. Comparison with Existing Methods 

A CNN model baseline was used to evaluate the 
effectiveness of transfer learning compared to 
conventional training methods. The CNN model 
baseline included three convolutional layers using 
ReLU activation with max-pooling operations in 
between, followed by the classification layer. Both 
models were trained for 10 epochs with a batch size of 
32 in the same 90:10 training–testing split. 

Table II. Baseline Model Comparison 

Reference Model used Dataset used Accuracy 
Clinical 

Uncertainty 
Macro 
AUC 

Zakariah et al. [3] MobileNet + MixNets 
ISIC + 

HAM10000 99.58% No - 
Sriram & Kumar 

[6] 
MobileNetV2, 

VGG16, ResNet50 ISIC 92.70% No - 
Mohamed et al. 

[5] 
MiSC (MobileNetV2 

+ RF) 
PAD- UFES-

20 95.60% No - 
Baseline CNN (3-

layer) Custom CNN ISIC 89% No - 

Proposed MobileNetV2 
ISIC + Web 

Scraped 89.07% Yes 0.971 
Zakariah et al. [3] reported higher accuracy using a 
different dataset configuration. However, their study 
did not address confidence-aware inference or 
demographic diversity, both of which are incorporated 
into the proposed framework. While the proposed 
framework's accuracy (89.07%) is comparable to the 
baseline CNN (89%), it achieves substantially stronger 
discriminative performance, with a macro-average 

AUC of 0.971 and micro-average AUC of 0.976 
indicating more reliable separation between benign and 
malignant lesions. This result is consistent with 
findings from Zakariah et al. [3], Sriram & Kumar [6], 
and Mohamed et al. [5], demonstrated the effectiveness 
of MobileNetV2-based architectures for dermoscopic 
image analysis. 
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VII. LIMITATIONS 
Despite the promising results achieved by the proposed 
framework, several limitations warrant acknowledgement. 
Firstly, the recall of the malignant class for the test set is 
0.89, which means that approximately 11% of melanoma 
cases were falsely classified as benign. 

This can be considered a considerable problem in the 
clinical setting due to high risks associated with false 
negatives and the necessity of calibration of the threshold 
before using the framework. Secondly, although the web-
scraped images were dermatologically checked and 
selected based on the quality standards, the images cannot 
be compared with the standardized image sets such as the 
ISIC dataset due to the domain differences. Thirdly, the 
dataset has limited geographical and phenotypic diversity 
and requires external validation on multi-center clinical 
datasets. Fourthly, the framework lacks explainability 
using techniques such as Grad-CAM for clinical 
interpretation.  Finally, the mole subset consists of only 
325 images (240 for training and 85 for testing). 
Expanding this subset in future work would improve the 
reliability of the uncertainty detection mechanism. 

VIII. CONCLUSION 
This paper presented a complete, implemented AI 
framework for early melanoma detection using a carefully 
curated collaborative dataset combining ISIC Archive 
images with ethically web-scraped dermoscopic sources. 
The framework addressed the following three major gaps 
that exist in the literature: 

1) The lack of representation of melanomas in the training 
datasets 

2) Demographic homogeneity in the benchmarking 
datasets 

3) Lack of confidence-aware inference methods in the 
context of clinical usage. 

The MobileNetV2-based transfer learning model trained 
on 10,009 images with three categories and tested on 
1,125 images reached 89.07% accuracy, a weighted F1-
score of 0.89, a macro-average ROC-AUC of 0.971, and a 
micro-average ROC-AUC of 0.976. Comparative analysis 
with the baseline CNN showed the advantages of transfer 
learning through substantially stronger discriminative 
performance (AUC) despite comparable overall accuracy. 
The confidence-based decision layer, which explicitly 
accounts for the uncertainty in the mole, is the main 
innovation provided in this paper, allowing reliable 
classifications to be distinguished from cases requiring 
clinical review. The lightweight architecture of 
MobileNetV2 allows reaching the appropriate level of 
computational efficiency for use in resource-limited 
clinical environments. 

This work establishes a reproducible, transparent, and 
clinically oriented foundation for AI-driven melanoma 
screening. Future research will be directed toward 
optimizing the convolutional base for domain adaptation, 
integrating explainable AI approaches like Grad-CAM for 
clinical visualization, expanding the demographic 

spectrum of the dataset and external validation on multi-
center clinical datasets. 
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