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Abstract:  
 

Recent advancements in dermatology have improved the diagnosis and treatment of 

skin cancer. Early detection is particularly important, especially for melanoma, which is 

highly aggressive and can metastasize rapidly. However, diagnosing melanoma early is 

challenging due to its resemblance to atypical moles. While dermatologists assess 

lesions visually, microscopic examination is required for uncertain cases. The ABCD 

criteria are commonly used but may miss some melanomas. Dermoscopy offers greater 

accuracy and is preferred for reliable detection. AI and deep learning are 

revolutionizing dermatology, particularly in malignant melanoma diagnosis. This paper 

presents an AI system designed for accurate melanoma detection by incorporating a 

Deep Conventional Neural Network with transfer learning, data augmentation, and 

hybrid DCNN-LSTM and CNN-BiLSTM models. These techniques improve the 

performance of melanoma classification models. Experimental results demonstrate that 

the proposed methods surpass CNN approaches in accuracy, reaching 97.43%, 

specificity 99.6%, and, most importantly, sensitivity. This last metric, which represents 

the number of correctly identified malignant images, reaches 97.4% with the 

MobileNetV2-BiLSTM model. 

 

1. Introduction 
 

Dermatology, which encompasses the study of over 

4,000 skin diseases, represents 15% to 30% of 

outpatient care consultations and calls on many 

resources for diagnosis, treatment, and aesthetics 

[1]. The rising prevalence of skin lesions, including 

eczema, psoriasis, and skin cancer, has driven 

advancements in dermatological treatments and 

technologies, notably through the integration of 

artificial intelligence [2]. Skin lesions can highlight 

both systemic and localized diseases, making 

certain diagnostics easier. However, the diagnostic 

process is often challenging, as different conditions 

http://dergipark.org.tr/en/pub/ijcesen
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may produce similar lesions, while the same 

disease can manifest through various lesion types 

due to the limited range of cutaneous presentations 

[3, 4]. Skin cancers, including melanoma or non-

melanoma, which is commonly used to designate 

both basal cell carcinoma (BCC) and squamous cell 

carcinoma (SCC) [5, 6]. Melanoma is a dangerous 

cancer that can lead to serious health complications 

if not diagnosed and properly treated early. 

Conversely, non-melanoma skin cancer has a 

favorable prognosis. BCC does not metastasize, 

whereas SCC can spread to the lymph nodes. It 

progresses in stages from a superficial lesion to 

skin invasion [6]. Conversely, malignant melanoma 

is one of the most serious types of skin cancers due 

to its high metastatic potential. It can quickly 

progress to organs such as the lungs, liver, or brain 

[7], which complicates treatment and significantly 

affects outcome. 

Early diagnosis of melanoma provides effective 

surgical intervention, with a significant 

improvement in the chances of survival at five and 

ten years, which exceed 90% [8]. However, early 

detection remains challenging due to its 

resemblance to an atypical nevus. Dermatologists 

can diagnose melanoma by visual examination of 

the lesion, but if there is any uncertainty, 

microscopic analysis is required. The ABCD 

criteria [9] (Asymmetry, Border irregularity, Color 

variation, and large Diameter) are widely used to 

evaluate melanoma. Some forms of malignant 

melanoma, though, evade the ABCD criteria 

because of their similarity to benign moles [10].   

Technological progress in medicine has given 

doctors advanced tools, such as deep learning and 

artificial neural networks with multiple layers. To 

detect skin cancer and improve the accuracy of 

malignant melanoma classification, enhancing early 

intervention and treatment outcomes. Although 

Deep Convolutional Neural Networks (DCNNs) are 

used to diagnose skin cancer with an accuracy 

comparable to that of specialist dermatologists, 

their training requires a large dataset of high-quality 

dermoscopic images. Datasets such as HAM10000 

[11], BCN20000 [12], ISIC 2018 [13], and ISIC 

2020[14], containing dermoscopic images of skin 

cancers, have become essential references for 

research into the classification of skin lesions, 

particularly skin cancer. A high level of diagnostic 

precision is crucial to confirm the detection of skin 

cancer and minimize medical errors. A major 

problem for accurate melanoma classification in the 

datasets cited above is class imbalance, where 

malignant lesions are significantly 

underrepresented compared to benign lesions. 

These limitations impact the performance of AI-

driven diagnostic models. Several studies have 

examined the issue of class imbalance in skin 

cancer classification datasets. First approach [15] 

proposed merging the ISIC 2020 and ISIC 2019 

datasets to increase sample diversity. The ISIC 

2019 dataset consists of dermoscopic images 

categorized into nine diagnostic classes. These 

include pre-cancerous lesions such as actinic 

keratosis, as well as malignant cancers like 

melanoma, BCC, and SCC. The actinic keratosis is 

a precancerous lesion that can develop into SCC 

[16]. However, this diversity presents a significant 

challenge: by training a model on multiple lesion 

categories, the increased inter-class variability can 

potentially diminish its performance in detecting 

early-stage melanoma [17].  

Conversely, the ISIC 2020 dataset focuses 

exclusively on the aggressive form of skin cancer, 

named melanoma, allowing for greater model 

specialization. In another study [18], multiple ISIC 

dataset archives were used, but the model was 

trained on only 243 melanoma images, leading to 

reduced accuracy. This limitation arose because the 

dataset lacked sufficient malignant melanoma 

samples, which are crucial for improving 

classification performance, particularly in detecting 

subtle variations within this category. 

This paper proposes a robust and adaptable model 

for accurately classifying malignant melanoma. To 

achieve this, various DCNN architectures are 

explored using transfer learning and data 

augmentation methods, with a focus on hybrid 

models that combine Long Short-Term Memory 

(LSTM) and Bidirectional Long Short-Term 

Memory (BiLSTM) with DCNN. Specifically, 

DCNN-LSTM and DCNN-BiLSTM. These 

architectures enhance performance and enable high-

precision early detection of skin cancer, potentially 

improving melanoma detection and patient survival 

rates.Our contributions focus on several key 

aspects. First, we address class imbalance during 

data preprocessing by applying data augmentation 

techniques. Second, we introduce two models based 

on transfer learning, leveraging the pre-trained 

VGG16 and MobileNetV2 models. To further 

optimize performance, we integrate the strengths of 

DCNNs with recurrent networks (LSTM and 

BiLSTM) in a hybrid approach. Finally, our models 

are rigorously evaluated on the ISIC 2020 dataset, 

ensuring a robust validation of our methodology. 

The rest of the paper is organized as follows: 

Section 2 presents the related work, providing an 

overview of existing studies on melanoma 

classification and deep learning models. Section 3 

outlines the methodology, starting with the dataset 

and data preprocessing, which covers data cleaning 

and augmentation with splitting. It then introduces 

the hybrid DCNN-LSTM/BiLSTM architecture and 
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concludes with results and discussions, analyzing 

performance metrics. Section 4 provides an 

evaluation and comparative study, benchmarking 

the proposed approach against related research 

methods. Finally, Section 5 concludes this paper, 

summarizing key findings and suggesting future 

research projects. 

 

2. Related Works 

 

Numerous studies have explored automated skin 

cancer detection using deep learning. Traditional 

methods relied on handcrafted features, but recent 

advancements in CNNs and hybrid architectures, 

such as CNN-LSTM and CNN-BiLSTM, have 

significantly improved classification accuracy. 

Researchers have tackled challenges like class 

imbalance, dataset diversity, and feature extraction 

to enhance model performance. 

Mahmoud et al. [15] employed various CNN model 

architectures configured across four distinct layers. 

Additionally, a transfer learning approach is 

adopted, leveraging a robust pre-trained model, like 

the ResNet50. This model has a consistently higher 

performance than other architectures in transfer 

learning, achieving an accuracy rate of 92.98%. 

Abir et al. [18] focused on noise reduction, ROI 

extraction, and data enhancement techniques for 

data pre-processing. They utilized a ResNet-based 

CNN for lesion classification, achieving an 

accuracy of 93%. Expanding on advanced neural 

networks, Qasim Gilani et al. [19] introduced 

spiking-deep neural networks (S-DNN) with a 

surrogate gradient descent method to classify 

melanoma and non-melanoma classes from the 

ISIC 2019 dataset. Their proposed model, named 

Spiking VGG-13, achieved an accuracy of 89.57%. 

Yashwant S. Ingle [20] compared the classification 

of skin cancer using a custom CNN versus VGG16 

with transfer learning on the HAM10000 dataset. 

The results indicated that the VGG16 pre-trained 

model, augmented by the inclusion of more dense 

layers and dropout regularization 

layers, performed better than the CNN model with 

89% accuracy. 

Imran et al. [21] improved skin cancer 

classification with EfficientNetB0 and Ant Colony 

Optimization (ACO) as feature selection. Their CB-

SVM model reached more than 98% accuracy on 

a self-created ISIC dataset. 

Kaur et al. [22] aimed to produce a lightweight and 

less complex DCNN for efficient melanoma 

classification. The study utilized images from the 

ISIC 2016, ISIC 2017, and ISIC 2020 datasets. The 

model was tested and evaluated using accuracy, 

precision, sensitivity (Recall), specificity, and F1-

score metrics. The classifier attained accuracies 

equal to 81.41%, 88.23%, and 90.42% on the ISIC 

2016, ISIC 2017, and ISIC 2020 datasets, 

respectively. 

The proposed method in [23] is based on lung 

cancer classification using a dataset of 3600 images 

with a resolution of 224×224 pixels, divided into 

two classes. A CNN with fully connected layers 

(FC layers) was employed, resulting in an accuracy 

of 86.23% with efficient computations. Lastly, in 

[24], the authors addressed the issue of class 

imbalance in skin cancer classification by applying 

data pre-processing and data augmentation 

techniques. The pre-trained VGG-19 and 

MobileNetV2 architectures were fine-tuned using 

transfer learning with the SIIM-ISIC 2020 dataset, 

yielding a model with 95.16% accuracy in image 

feature extraction and classification. 

Table 1 summarizes related works, detailing their 

approaches, datasets, and results to provide a 

concise overview of skin cancer classification 

methods. 

 

3. Methodology  

 

Dermoscopy is vital for evaluating and classifying 

skin cancer, aiding in early detection and the 

differentiation of benign and malignant lesions. Our 

methodology comprises four phases: dataset 

preparation, preprocessing, feature extraction, and 

fine-tuning pre-trained models to optimize 

performance on the ISIC 2020 dataset. 

3.1. Dataset 

 

The proposed approach is based on the authorized 

SIIM-ISIC 2020 dataset, which contains 33126 

dermoscopic images. This dataset exhibits a 

substantial class imbalance, consisting of 32542 

benign lesions and only 584 malignant melanomas. 

An overview of the dataset's characteristics is 

provided in Table 2. The significant disparity in 

class distribution, visually emphasized in Figure 1, 

is a crucial consideration for model training and is 

addressed in this work. 

 

3.2. Data preparation 

 

In the context of machine learning or any predictive 

process, the "target" refers to the variable we aim to 

predict or classify. One noteworthy peculiarity of 

the used ISIC 2020 dataset is the significant class 

imbalance, as shown in Figure 1. In Figure 2, the 

circular chart depicting the distribution of 

“patient_id” reveals that each patient has one or 

more images of benign lesions, with a maximum of 

114 images per patient. As a result, some patients 

have a considerably higher number of images than 



Mokhtaria Bekkaoui, Hafidha Sebbagh, Fekar Mohammed Riyadh El Mansour, Mohammed Merzoug, Mourad Hadjila et al. / IJCESEN 12-2(2026)474-485 

 

477 

 

the average, while others have only one. To address 

this, an initial preprocessing step is required to 

eliminate duplicate images, reducing the number of 

unique benign lesion images to 6271 [24]. 

An imbalanced class distribution can negatively 

influence the performance of classification models 

during both training and evaluation tests. We 

addressed this by applying image data 

augmentation to the malignant class, using 

TensorFlow [25], which makes available the 

ImageDataGenerator class [26]. This allowed us to 

introduce transformation parameters such as 

rotation range, width shift range, shear range, 

horizontal, and vertical_flip, which effectively 

increased the diversity of the dataset and improved 

the robustness and generalisation of the model, 

which is crucial when dealing with lesion variations 

in dermatology. 

Figure 3 summarizes the data preprocessing 

pipeline, which included removing duplicates from 

the benign class, splitting the dataset, and 

performing data augmentation on the malignant 

melanoma class to fix the class imbalance problem. 

Before data augmentation, we split the dataset into 

a training set (60%), a validation set (20%), and a 

test set (20%) to ensure rigorous model 

development and evaluation. At the end of the data 

augmentation phase, the images from the benign 

and malignant classes are combined to form the 

final dataset. This dataset consists of 6,271 benign 

images and 4796 malignant images distributed as 

follows: 4680 for the training set, and the validation 

set, and 116 original images for the test set. 

Reducing the number of benign images to balance 

the classes is not an adequate solution, as deep 

learning models [27] require a large volume of data 

to ensure reliable and efficient classification. 

Hence, it won’t train well only on a low number of 

images and will cause inevitable overfitting and 

limited generalization. In our case, it is not feasible 

to train the model directly with the original images, 

as the dataset includes only 352 malignant 

melanoma images in the training set and just 116 in 

the validation set. This is a significantly smaller 

number than the number of benign images (After 

removing duplicates, 4 271 images were used for 

training and validation set). The effect of data 

augmentation on a few melanoma sample photos is 

shown in Figure 4. The augmented lesion samples, 

which were produced by transformations like 

rotation (0.5), width shifts (0.4), shear 

transformations (0.1), and flipping horizontally and 

vertically, are displayed next to the original lesion 

samples.Our first goal is to use data augmentation 

techniques to resolve the problem of data 

imbalance. We assessed the images produced by 

the image generator using the LPIPS metric, which 

produced a score of 0.4, to make sure they were of 

a quality that was satisfactory when compared to 

the reference images. Better perceptual quality is 

indicated by lower values for the LPIPS metric, 

ideally around 0.2 [28, 29]. 

Furthermore, LPIPS values of about 0.4 are 

typically interpreted as indicating satisfactory, or 

moderate-to-good, similarity rather than poor 

performance in the context of medical image 

analysis, especially in the analysis of skin cancer 

[30].  

 

3.3. Hybrid DCNN- LSTM/BiLSTM Network 

Architecture 

 

In the proposed approach, we utilize a hybrid 

architecture that integrates a DCNN with an LSTM 

or BiLSTM layer. This architecture demonstrates 

the combination of Convolutional neural network 

features extraction power with LSTM's ability to 

capture temporal or sequential dependencies. The 

result is a more robust model capable of handling 

both spatial and sequential data, improving 

performance in tasks that involve time-series or 

sequence-based patterns. 

Figure 5 presents the Hybrid VGG16-

LSTM/BiLSTM and MobileNetV2-

LSTM/BiLSTM Architectures. It begins by loading 

VGG16 [31] and also MobileNetV2 [32], pre-

trained models, and removing their final 

classification layer to use them as a feature 

extractor. The input shape (224, 224, 3) defines the 

input image size as 224x224 pixels with 3 color 

channels. We have either a Global Average Pooling 

layer in the output of the convolution layers, this 

layer converts the features that have been extracted 

into a one-dimensional vector. The LSTM/BiLSTM 

layer is then added, reshaping the feature vector to 

be compatible with LSTM processing, thereby 

forming a structure of (batch_size, time_steps, and 

features). Finally, L2 regularization is applied to 

help prevent overfitting. 

The output layers of the LSTM/BiLSTM are then 

passed to three additional dense, fully connected 

layers (FC layers), which perform the final 

classification. Each FC layer is accompanied by a 

dropout layer to regularize the model and avoid the 

overfitting problem. The final layer applies a 

Sigmoid activation function to produce a binary 

probability output, indicating the predicted class: 0 

is benign and 1 is malignant melanoma.  

 

3.4. Evaluation Method and Criteria 

 

Model performance was evaluated using a 

comprehensive set of metrics: accuracy (ACC), 

specificity (SPE), sensitivity (SEN), and 
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precision (PRE), as defined in Equations (1) to 

(4). These metrics were derived from the 

confusion matrix [33], a fundamental tool for 

classification assessment that compares actual 

and predicted labels. The matrix encapsulates 

four key outcomes: True Positives (TP), True 

Negatives (TN), False Positives (FP), and False 

Negatives (FN), which collectively provide a 

detailed breakdown of model predictive 

behavior. 

𝐴𝐶𝐶 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
        (1) 

𝑆𝑃𝐸 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                    (2) 

𝑆𝐸𝑁 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                   (3) 

𝑃𝑅𝐸 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                   (4) 

 

4. Results and Discussion 

 

The proposed models were developed using the 

Python language with the TensorFlow and Keras 

frameworks. The training configuration 

employed a batch size of 64 and a learning rate 

of 0.0001. To address potential class imbalance, 

we utilized a Binary Focal Cross-Entropy loss 

function in conjunction with the Adam optimizer. 

 

4.1. Training and validation results 

 

The loss curves for the VGG16-LSTM and 

VGG16-BiLSTM hybrid models over 100 

training epochs are shown in Figures 6 and 7, 

respectively. There are two curves on each plot: 

one for the training set and one for the validation 

set. In both cases, the training loss drops quickly 

from the first few iterations, which shows that 

the model is converging well on the training data. 

The validation loss, on the other hand, acts 

differently for each architecture, showing that 

their ability to generalize is different. Figures 8 

and 9 show the loss curves for the MobileNetV2-

LSTM and MobileNetV2-BiLSTM models, 

respectively. 

The VGG16-LSTM model exhibited a steady 

decline in training loss, decreasing from 

approximately 0.5 to 0.1 over 100 epochs. 

However, it displayed clear signs of overfitting, 

indicated by a sharp increase in validation loss 

after 20 epochs following an initial period of 

stability. This suggests the model memorized the 

training data, but has failed to generalize to new 

unseen instances. In contrast, the VGG16-

BiLSTM model demonstrated a different 

learning pattern. Although its training loss 

decreased more rapidly (from 1.75 to 0.25), it 

also showed signs of overfitting, with validation 

loss decreasing initially, stabilizing, and then 

rising slightly with fluctuations. Despite this 

imperfect generalization, its behavior indicates a 

more favorable trade-off between learning and 

validation performance compared to the VGG16-

LSTM model.The MobileNetV2-LSTM and 

MobileNetV2-BiLSTM models demonstrated 

similar training dynamics, characterized by a 

rapid decline in loss during the initial epochs and 

stabilization after approximately ten epochs. The 

strong concordance between the training and 

validation curves signifies that the models 

learned efficiently, avoided overfitting, and 

maintained a high capacity for generalization. 

VGG16-based models suffer from overfitting and 

require regularization, though VGG16-BiLSTM is 

more stable than VGG16-LSTM. Conversely, 

MobileNetV2-based models generalize well, 

evidenced by rapid convergence and aligned loss 

curves. Despite a higher initial validation loss, 

MobileNetV2-BiLSTM does not consistently 

outperform MobileNetV2-LSTM, necessitating 

further comparison using metrics like accuracy. 

As shown in Figure 10, the MobileNetV2-based 

hybrid models achieve higher classification 

accuracy than their VGG16-based counterparts. 

This superior performance is attributed to their 

faster convergence and stronger generalization 

capabilities, which mitigate the overfitting that 

limits the VGG16 models. The results indicate that 

MobileNetV2 provides a more effective foundation 

for feature extraction and temporal modeling when 

integrated with LSTM or BiLSTM layers. 

Consequently, the following section presents test 

results to further validate the two MobileNetV2-

based models. 

 

4.2. Evaluation Test and Comparative Study 

 

This section evaluates the model's classification 

accuracy through an analysis of the test results and 

corresponding confusion matrices. As a 

summarized performance overview of a 

classification model, the confusion matrix serves as 

a fundamental tool for quantitative assessment [33]. 

Figure 11 displays the confusion matrices for both 

the MobileNetV2-LSTM and MobileNetV2-

BiLSTM models, enabling a direct visual 

comparison of their predictive behavior. 

From these matrices, key classification metrics 

were derived. Specificity (TN rate), which reflects 

the model’s ability to correctly identify benign 

cases, reached 98.6% for the MobileNetV2-LSTM 

model and 99.6% for the MobileNetV2-BiLSTM 

model [33, 34]. More critically, sensitivity (true 

positive rate)—indicating the correct identification 
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of malignant melanoma cases—was 94.8% for 

MobileNetV2-LSTM and 97.4% for MobileNetV2-

BiLSTM. Although the latter demonstrates 

improved performance, it still exhibited a false 

negative rate of 2.6%, corresponding to three 

missed malignant cases, suggesting a residual risk 

in clinical application. 

Table 3 also provides a summary of the results on 

the ISIC 2020 dataset, comparing the performance 

of the proposed methods with state-of-the-art DNN 

approaches for malignant melanoma classification. 

We evaluated the test results using four key metrics 

previously mentioned. Overall, by leveraging data 

augmentation and combining the strengths of 

MobileNetV2 with LSTM/BiLSTM, our approach 

outperforms existing methods in detecting 

malignant lesions. 

In comparison, other models, while effective, show 

slightly lower performance, especially in terms of 

sensitivity, such as those of [15] (95.08% 

sensitivity) and [22] (90.4% for all metrics). All the 

proposed models, particularly with models such as 

those by [24], MobileNetV2-LSTM, and 

MobileNetV2-BiLSTM, display strong accuracy, 

precision, and specificity values, demonstrating 

their ability to correctly identify benign images. 

However, for detecting the majority of malignant 

melanoma cases, only the hybrid MobileNetV2-

BiLSTM-based model stands out with an optimal 

sensitivity of 97.4%. 
 

Table 1. Overview of Related Deep Learning Models for Skin Cancer Classification. 

Reference Methodology Dataset Main Results 

Mahmoud et al. 

[15] (2024) 

CNN architectures with transfer 

learning (Efficient CNN and deep 

transfer learning) 

ISIC 2019, ISIC 

2020 

Accuracy: 92.98%, Sensitivity: 

92.46%, Precision: 95.08% 

Abir et al. [18] 

(2024) 

Data preprocessing (noise 

reduction, ROI cutting, data 

augmentation), ResNet CNN 

ISIC archives Accuracy: 93%, F1 score: 90%, 

Sensitivity: 91%, Precision: 89% 

Qasim Gilani et 

al. [19] (2023) 

Spiking Deep Neural Networks with 

Surrogate Gradient Descent 

ISIC 2019 Accuracy: 89.57%, F1 score: 

90.07% 

Yashwant S. 

Ingle [20] 

(2024) 

Custom CNN vs VGG16 with 

transfer learning 

HAM10000 VGG16 Accuracy: 89%, F1 score: 

89% 

Imran et al. [21] 

(2024) 

EfficientNetB0 with Ant Colony 

Optimization (ACO) for feature 

selection 

Self-created 

ISIC archives 

Accuracy: >98% 

Kaur et al. [22] 

(2022) 

Lightweight DCNN for melanoma 

classification 

ISIC 2016, 

2017, 2020 

Accuracy: 90.42%, Sensitivity: 

90.3%, Precision: 90.4% 

Atta et al. [23] 

(2022) 

CNN with fully connected layers for 

skin cancer classification 

ISIC 2016 Accuracy: 86.23% 

M'hamedi et al. 

[24] (2024) 

Data preprocessing and 

augmentation with transfer learning 

(VGG-19, MobileNetV2) 

ISIC 2020 Accuracy: 95.16%, Sensitivity: 

90.83%, Specificity: 99.2%, AUC: 

97.57%, Precision: 99.06% 

 

 

 
Figure 1. Class Distribution in the ISIC 2020 Dataset 
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Table 2: Key Features of the ISIC 2020 dataset. 

Attribute Description 

“image_name” The file name of the image 

“patient_id” The unique identifier of the patient 

“age_approx” The approximate age of the patient 

“anatom_site_general_challenge” The anatomical location of the image 

on the body 

“diagnosis” Label indicating whether the lesion is 

malignant or benign 

target Binary target variable (0 = benign, 1 = 

confirmed melanoma) 

 

 
Figure 2. Features visualization: distribution of "image_name" per "patient_id" (for counts > 75) 

 

 
Figure 3. Data preparation process 

 

 
Figure 4. Data Augmentation Applied to Melanoma Images (a): Original images, and (b): Augmented images 
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(a) 

 
(b) 

Figure 5. Illustration of the proposed Hybrid Architectures: (a): VGG16- LSTM/BiLSTM (b): MobileNetV2- 

LSTM/BiLSTM 

 

 
Figure 6. Loss vs. Epochs of the hybrid VGG16-LSTM model 

 

 
Figure 7. Loss vs. Epochs of the hybrid VGG16-BiLSTM model 
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Figure 8. Loss vs. Epochs of the hybrid MobileNetV2-LSTM model 

 

 
Figure 9. Loss vs. Epochs of the hybrid MobileNetV2-BiLSTM model 

 

 
Figure 10. Training Vs. Validation Accuracy by Model 
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(a)                                                                  (b) 

Figure 11. Confusion matrix for (a): MobileNetV2-LSTM, and (b): MobileNetV2-BiLSTM 

 

Table 3: State-of-the-Art Performance Comparison of Different Models for Melanoma Detection. 

 

 

 

 

 

 

 

 

 

 

 

 

 

5. Conclusions 

 
This paper has focused on utilizing CNNs and 

transfer learning with the pre-trained VGG16 and 

MobileNetV2 models for melanoma image 

classification. The LSTM/BiLSTM hybrid models 

based on VGG16 have been prone to overfitting 

and have trouble generalizing to new data. But the 

hybrid MobileNetV2-LSTM/BiLSTM architecture 

has demonstrated outstanding results in these 

evaluations. By incorporating techniques like data 

augmentation, these methods have effectively 

combined the strengths of MobileNetV2 and 

LSTMs, achieving exceptional performance across 

all metrics. As a result, this approach has provided 

a highly robust solution for melanoma diagnosis, 

enhancing the quality of patient care. Sensitivity, or 

the True Positive (TP) rate, has been particularly 

crucial in cancer detection, as malignant melanoma 

has often been challenging to differentiate from 

benign cases like moles. Maximizing this rate has 

been essential to reducing medical errors and 

saving lives. The MobileNetV2-BiLSTM model 

has outperformed related techniques, achieving a 

sensitivity of 97.4%, reinforcing its effectiveness 

for melanoma case detection. Moving forward, 

future research should explore deep reinforcement 

learning to optimize decision-making and enhance 

model adaptation using real-time clinical feedback. 
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