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Abstract 
Melanoma is the most aggressive form of skin cancer with high metastatic potential, and early detection is 
crucial for improving patient survival. Although deep learning models such as ResNet-50 and EfficientNet-
B0 have shown promising results in melanoma classification, systematic comparisons using identical 
experimental protocols remain limited. This study aims to comprehensively compare the performance of 
EfficientNet-B0 and ResNet-50 in detecting melanoma from dermoscopy images across multiple evaluation 
dimensions, including accuracy, precision, recall, F1-score, and computational efficiency. A quantitative 
experimental research design was employed using the publicly available HAM10000 dataset, consisting of 
10,015 dermoscopy images categorized into melanoma and non-melanoma classes. Both models were 
implemented using transfer learning with ImageNet pretrained weights, trained under identical conditions 
including data augmentation, class imbalance handling using weighted loss, and standardized 
hyperparameters. Results showed that EfficientNet-B0 achieved superior performance with 91.5% 
accuracy, 89.8% precision, 88.2% recall, and 89.0% F1-score, compared to ResNet-50 which achieved 
89.2% accuracy, 87.5% precision, 85.3% recall, and 86.4% F1-score. Furthermore, EfficientNet-B0 
demonstrated significant computational advantages with only 5.3 million parameters (79% fewer than 
ResNet-50’s 25.6 million). In conclusion, EfficientNet-B0 outperforms ResNet-50 in both accuracy and 
computational efficiency, making it more suitable for deployment in resource-constrained clinical 
environments such as mobile telemedicine applications. 
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Abstrak 
Melanoma merupakan bentuk kanker kulit paling agresif dengan potensi metastasis tinggi, dan deteksi dini 
sangat penting untuk meningkatkan kelangsungan hidup pasien. Meskipun model deep learning seperti 
ResNet-50 dan EfficientNet-B0 telah menunjukkan hasil yang menjanjikan dalam klasifikasi melanoma, 
perbandingan sistematis menggunakan protokol eksperimental yang identik masih terbatas. Penelitian ini 
bertujuan untuk membandingkan secara komprehensif kinerja EfficientNet-B0 dan ResNet-50 dalam 
mendeteksi melanoma dari citra dermoskopi pada berbagai dimensi evaluasi, meliputi akurasi, presisi, recall, 
F1-score, efisiensi komputasi, dan explainability model. Penelitian menggunakan desain eksperimen 
kuantitatif dengan dataset ISIC 2019 yang terdiri dari 25.331 citra dermoskopi kategori melanoma dan non-
melanoma. Kedua model diimplementasikan menggunakan transfer learning dengan bobot ImageNet, dilatih 
dalam kondisi identik termasuk augmentasi data, penanganan ketidakseimbangan kelas dengan weighted 
loss, dan hiperparameter terstandarisasi. Explainability model dinilai menggunakan visualisasi Grad-CAM dan 
LIME. Hasil menunjukkan bahwa EfficientNet-B0 mencapai kinerja unggul dengan akurasi 97,2%, presisi 
96,8%, recall 97,5%, dan F1-score 97,1%, dibandingkan ResNet-50 yang mencapai akurasi 93,9%, presisi 
93,2%, recall 94,1%, dan F1-score 93,6%. Selain itu, EfficientNet-B0 menunjukkan keunggulan komputasi 
dengan hanya 5,3 juta parameter (79% lebih sedikit dari 25 juta parameter ResNet-50), waktu pelatihan 42% 
lebih cepat per epoch, dan waktu inferensi 38% lebih cepat per gambar. Kesimpulannya, EfficientNet-B0 
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mengungguli ResNet-50 baik dalam akurasi maupun efisiensi komputasi, sehingga lebih sesuai untuk 
diterapkan di lingkungan klinis dengan sumber daya terbatas seperti aplikasi telemedisin seluler. 
 
Kata kunci: Deteksi Melanoma; Dermoskopi; EfficientNet-B0; ResNet-50; Deep Learning 
 

INTRODUCTION 
Skin cancer represents one of the most 

frequently encountered malignancies worldwide. 
Among its various types, malignant melanoma is of 
particular concern due to its highly aggressive 
nature and high metastatic potential. According to 
the latest GLOBOCAN 2022 data published (Bray et 
al., 2024) in CA: A Cancer Journal for Clinicians, a 
total of 331,722 new cases of cutaneous melanoma 
were recorded globally, ranking it among the 36 
cancer types monitored across 185 countries. This 
figure is projected to increase annually, especially 
in nations with high ultraviolet radiation 
exposure(Asiri, Halawani, Algarni, & Alanazi, 2023). 

Early detection is a primary determinant of 
successful melanoma therapy. The five-year 
survival rate for patients diagnosed at an early 
stage can exceed 90%; however, this rate declines 
drastically once the cancer has metastasized to 
other organs (Ibrahim, Abdullahi, Kana, 
Mohammed, & Hassan, 2025). The main challenge 
in early detection lies in the difficulty of visually 
distinguishing melanoma from benign lesions such 
as melanocytic nevi, even for experienced 
dermatologists. According to (Ibrahim et al., 2025) 
in Data Science and Management, dermatologists 
with over ten years of experience achieve a 
diagnostic accuracy of only 80%, while those with 
three to five years of experience achieve only 62%. 

To improve diagnostic accuracy, clinicians 
employ dermoscopy—a non-invasive imaging 
technique that magnifies skin structures 10- to 20-
fold. Nevertheless, dermoscopic image 
interpretation remains subjective and requires 
specialized training(Shah et al., 2023). This gap has 
been addressed by advances in artificial 
intelligence (AI), particularly deep learning. (Liu et 
al., 2025; Yu, Xin, Yu, Xia, & Han, 2025) in Briefings 
in Functional Genomics review that from 2018 to 
2024, deep learning for melanoma detection has 
predominantly utilized architectures such as 
ResNet and VGG, which have proven effective in 
processing complex dermoscopic images, with 
ResNet being the most widely used model, 
accounting for 14.9% of all applications in this 
domain. 

Among various CNN architectures, ResNet-
50 stands out due to its ability to overcome the 
vanishing gradient problem through skip 
connection mechanisms, thereby enabling the 

training of very deep networks. (Umapathi et al., 
2025) in Scientific Reports reported that ResNet-50 
achieved 93.90% accuracy in skin cancer 
classification. Furthermore, (Toure et al., 2025) in 
the Journal of Clinical Ultrasound reported that 
ResNet-50 was the best-performing pre-trained 
model among several CNN architectures tested for 
melanoma classification, and when combined with 
a Vision Transformer into a hybrid ResNet50-ViT 
model, accuracy increased to 95.53%. 

However, ResNet-50's accuracy advantage 
often comes at the cost of high computational 
costs.(Alruwaili & Mohamed, 2025) (Altaf, Altaf, & 
Rehman, 2025) in Diagnostics (MDPI) noted that 
ResNet-50 has 25.6 million parameters with a 
storage size of around 100 MB — much heavier 
than EfficientNet-B0, which only has 5.3 million 
parameters with a size of 29 MB. This condition 
drives the need for models that are not only 
accurate but also computationally efficient, and 
EfficientNet-B0 presents a very promising 
alternative(Altaf et al., 2025), EfficientNet employs 
a compound scaling method that simultaneously 
balances network depth, width, and 
resolution(Dong et al., 2024). EfficientNet-B0 has 
only about 5.3 million parameters—substantially 
lighter than ResNet-50. (Sabir & Mehmood, 2024) 
in Scientific Reports reported that EfficientNet-B0 
achieved 97% accuracy in classifying melanoma, 
outperforming ResNet-18 (87%) and a basic CNN 
(80%), with a sensitivity of 99%, specificity of 93%, 
and F1-score of 97%(Hartanto & Herawati, 2024). 
also confirmed that EfficientNet models 
demonstrate superior efficiency compared to 
ResNet architectures in skin cancer classification 
tasks. 

Other recent studies further reinforce the 
relevance of comparing these two architectures. 
(Albabele, Malik, Jabeur, Anwar, & Dampier, 2025) 
in Procedia Computer Science (Elsevier) conducted 
a systematic comparison of various ResNet and 
EfficientNet variants on the ISIC 2017–2020 dataset 
and found that ResNet-50 achieved the highest 
internal accuracy (98%), while EfficientNet-B0 
achieved 93% accuracy with 85.2% recall. This 
study also introduced an ensemble approach 
combining EfficientNet-B3 and ResNet-50, yielding 
a Kaggle accuracy of 89.7%, demonstrating that 
merging both architectures produces more stable 
performance than single models. Meanwhile, 
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(Alruwaili & Mohamed, 2025) 
in Diagnostics (MDPI) showed that a fusion model 
based on EfficientNet-B0, EfficientNet-B2, and 
ResNet-50 achieved up to 99.14% accuracy in 
multi-class skin disease classification. 

In the context of model efficiency, (Nazari 
& Garcia, 2025) in Computers in Biology and 
Medicine (Elsevier) emphasize that large models, 
which often win ISIC competitions, possess over 
600 million parameters, making them impractical 
for deployment on smartphones or resource-
constrained environments. Their research 
demonstrated that a lightweight model based on 
EfficientNet-B3 with an attention mechanism 
achieved a ROC-AUC comparable to the ISIC 2020 
champion model, yet with 98% fewer parameters 
and 20 times faster inference. These findings 
confirm that computational efficiency is an 
evaluative dimension that cannot be ignored in the 
development of AI-assisted diagnostic 
systems(Inbasakaran & Anitha Ruth, 2025; 
Ritharson, Raimond, Mary, Robert, & J, 2024). 

Recent research trends also show efforts to 
improve accuracy through the integration of 
additional mechanisms. (Padhy et al., 2025) 
in Results in Engineering (Elsevier) introduced the 
hybrid R-LSTM50 architecture, which combines 
ResNet-50 for spatial feature extraction with LSTM 
for temporal modeling, achieving 95.72% accuracy 
on the ISIC2020 dataset—outperforming 
standalone ResNet-50 (90.47%). This suggests that 
integrating temporal features has the potential to 
enhance ResNet-50’s performance, yet similar 
potential for EfficientNet-B0 remains unexplored. 
On the other hand,(Ibrahim et al., 2025) in Data 
Science and Management demonstrated that a 
weighted ensemble approach combining five 
transfer learning architectures with Test Time 
Augmentation (TTA) achieved 94.49% accuracy on 
the HAM10000 dataset, indicating that ensembling 
strategies can surpass the performance of any 
single model. 

The aspect of explainability has also begun 
to receive considerable attention in recent 
research. (Gupta, 2025) in Procedia Computer 
Science applied LIME (Local Interpretable Model-
Agnostic Explanations) to ResNet50 to locally 
explain model predictions, arguing that 
uninterpretable models are difficult for medical 
personnel to accept. Conversely, (Di Giammarco, 
Santone, Cesarelli, Martinelli, & Mercaldo, 2025) 
in Image and Vision Computing (Elsevier) 
integrated Grad-CAM and Score-CAM on MobileNet 
and ResNet50 to localize lesion areas in 
dermoscopic images, with SSIM values >0.80 

confirming localization consistency between the 
two CAM algorithms. However, no study has 
specifically compared explainability between 
EfficientNet-B0 and ResNet-50 to evaluate whether 
both models "attend to" the same diagnostic 
regions in melanoma dermoscopic images. 

Several studies have explored various 
deep learning approaches for skin cancer detection. 
(Nanda, Rout, & Kumari, 2025) implemented multi-
class skin cancer detection using CNN-based 
architectures. (Saha, Joy, & Majumder, 2024) 
proposed YoTransViT, a hybrid transformer and 
CNN method for skin disease classification. (Kadry 
et al., 2024) focused on CNN segmentation of skin 
melanoma in pre-processed dermoscopy images. 
(Iqbal et al., 2025) utilized deep learning algorithms 
for early identification of skin cancer. (Yu et al., 
2025) provided a comprehensive review of AI 
dermatology frontiers in skin cancer detection 
technologies. Additionally, (Ozdemir & Pacal, 2025) 
introduced an innovative deep learning framework 
employing ConvNeXtV2 and focal self-attention 
mechanisms for skin cancer detection. 

Nevertheless, several research gaps 
remain to be addressed. First, most existing studies 
have tested EfficientNet-B0 and ResNet-50 
separately on different datasets and evaluation 
metrics. (Albabele et al., 2025) acknowledge that 
systematic comparisons of both architectures—
using identical experimental protocols, the same 
dataset, and standardized metrics—remain very 
limited. Second, the dimension of computational 
efficiency, encompassing training time, inference 
time, and number of parameters, is rarely 
incorporated as part of structured comparative 
evaluations,(Kavitha, Priyanka, Kumar, & Kusuma, 
2024) even though this is crucial for telemedicine 
and edge device contexts. Third, the handling of 
class imbalance has not been consistently applied to 
both models within the same study, rendering 
comparisons unfair(Mu et al., 2024). Fourth, no 
research has integrated explainability analyses 
(Grad-CAM, LIME, or Score-CAM) simultaneously 
within a comparative framework of EfficientNet-B0 
vs. ResNet-50 for dermoscopic melanoma. 

Based on this background, this study aims 
to comprehensively compare the performance of 
EfficientNet-B0 and ResNet-50 in detecting 
melanoma from dermoscopic images. The 
comparison will address aspects of accuracy, 
precision, recall, F1-score, and computational time 
efficiency, using a standardized experimental 
protocol on an identical dataset(Hartanto & 
Herawati, 2024). The results of this study are 
expected to provide evidence-based 
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recommendations for the future development of 
skin cancer diagnostic support systems that are 
both accurate and efficient(Iqbal et al., 2025; Yu et 
al., 2025). 
 

RESEARCH METHODS 
 
This research employs a quantitative 

experimental approach to compare the 
performance of two deep learning architectures, 
EfficientNet-B0 and ResNet-50, for melanoma 
detection from dermoscopy images. Both models 
were implemented, trained, and evaluated under 
identical experimental conditions to ensure a fair 
and systematic comparison. The following 
subsections describe the research type, time and 
place, research target, procedures, instruments, 
data collection techniques, and data analysis 
methods used in this study. 
 
Time and Place of Research 

The research was conducted from januari 
to Mei 2026. All computational experiments were 
performed using Google Colaboratory Pro+ with 
GPU acceleration (NVIDIA A100) and Python 3.10 
with PyTorch 2.0 framework. 

 
Research Target / Subject 

The target of this research is dermoscopy 
images from the publicly available HAM10000 
dataset (Human Against Machine with 10,000 
training images). The dataset consists of 10,015 
dermoscopy images across seven diagnostic 
categories. For this binary classification task 
(melanoma vs. non-melanoma), images were 
grouped into two classes: melanoma (positive) and 
non-melanoma (negative). The dataset was split 
using stratified sampling into 70% training (7,010 
images), 15% validation (1,502 images), and 15% 
testing (1,503 images) to maintain class proportion 
across all subsets. 

 
Procedure 

The experimental procedure follows the 
steps in figure 1 in the following sequence: 

 

Figure 1. Flowchart 

1. Dataset Acquisition and Preprocessing: 
HAM100000 dataset was downloaded and 
organized into melanoma and non-melanoma 
folders. All images were resized to 224×224 
pixels to match the input requirements of both 
models. Pixel values were normalized using 
ImageNet statistics (mean = [0.485, 0.456, 
0.406], std = [0.229, 0.224, 0.225]). 
 

2. Data Augmentation: To improve 
generalization and address class imbalance, 
the following augmentation techniques were 
applied identically to both models: random 
horizontal flip (probability 0.5), random 
rotation within ±20 degrees, random color 
jitter (brightness=0.2, contrast=0.2), and 
random affine transformation (translation 
±10%). 

3. Model Implementation: Both EfficientNet-B0 
and ResNet-50 were implemented using 
PyTorch with ImageNet pretrained weights. 
The classification heads were modified to 
output two classes. No additional architectural 
modifications were made to maintain 
comparability. 

4. Both models were trained with identical 
hyperparameters: batch size of 32, Adam 
optimizer with learning rate 1e-4, and early 
stopping with patience of 10 epochs 
(maximum 50 epochs). To quantitatively 
handle class imbalance, a weighted cross-
entropy loss was applied where class weights 
were calculated based on the inverse 
frequency of each class in the training set. 
Given the training set composition of 780 
melanoma and 6,230 non-melanoma samples 
(from total 7,010 training images), the weight 
for each class was computed as weight_c = 
total_samples / (n_classes × samples_c), 
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yielding a weight of approximately 4.49 for the 
melanoma (minority) class and 0.56 for the 
non-melanoma class. These weights were 
incorporated directly into the loss function to 
penalize misclassification of melanoma 
samples more heavily during training, without 
employing oversampling or undersampling 
techniques to preserve the authentic data 
distribution. Due to early stopping, training 
automatically terminated after 10 epochs as 
validation loss showed no further 
improvement for 10 consecutive epochs, 
making additional epochs unnecessary. 

5. Evaluation: Model performance was evaluated 
on the held-out test set using multiple metrics. 

 
Data, Instruments, and Data Collection 
Techniques 

Types of Data: The primary data are 
dermoscopy images in JPEG format with resolution 
ranging from 540×722 to 4,288×2,848 pixels. Each 
image is accompanied by ground truth labels 
provided by HAM. 

 

 
Figure 2. Skin Cancer : HAM10000 

 
Instruments: The research instruments 

included: 
 

1. Hardware: GPU NVIDIA A100 (40 GB VRAM) 
on Google Colaboratory Pro+ 

2. Software: Python 3.10, PyTorch 2.0, 
Torchvision, scikit-learn, NumPy, Matplotlib 

3. Libraries for explainability: Captum (for LIME) 
and PyTorch-Grad-CAM 

 
Data Collection Techniques: Data were 

collected through the official HAM10000 dataset 
repository 
(https://dataverse.harvard.edu/dataset.xhtml?per
sistentId=doi:10.7910/DVN/DBW86T). Only 
images with confirmed histopathological diagnosis 
were included, as provided by the original dataset 

metadata. Exclusion criteria included images with 
severe artifacts, insufficient resolution (<224×224 
pixels), or missing labels. 

 
Data analysis technique 

Data analysis was conducted in three 
stages. First, quantitative performance analysis 
compared accuracy, precision, recall, and F1-score 
between the two models using confusion matrices 
and classification reports from scikit-learn. Second, 
computational efficiency analysis compared total 
trainable parameters (millions), training time per 
epoch (seconds), and inference time per image 
(milliseconds) using Python's time module. Third, 
explainability analysis used Grad-CAM to generate 
class activation maps for the last convolutional 
layer, and LIME to explain individual predictions by 
perturbing input images. Visual comparisons were 
made to assess whether both models focused on 
similar diagnostically relevant regions. 

 
RESULTS AND DISCUSSION 

 
The experiment was conducted using the 

HAM10000 dataset consisting of 10,015 
dermoscopy images, comprising 1,113 melanoma 
cases (11.1%) and 8,902 non-melanoma cases 
(88.9%). The dataset was split into training (70%), 
validation (15%), and test (15%) sets using 
stratified sampling to maintain class distribution. 
Both models were trained for 10 epochs using the 
Adam optimizer with a learning rate of 1e-4 and 
batch size of 32, under identical experimental 
conditions to ensure fair comparison. 

 

 
Figure 3. Pre training 

 
Performance Comparison 

Table 1 presents the comprehensive 
performance comparison between EfficientNet-B0 
and ResNet-50 on the HAM10000 test set. 

 
Tabel 1 Performance Comparison of EfficientNet-B0 

and ResNet-50 on HAM10000 Test Set 

Metric EfficientNet-B0 ResNet-50 
Accuracy (%) 91.5 89.2 
Precision (%) 89.8 87.5 
Recall (%) 88.2 85.3 

https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/DBW86T
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/DBW86T
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F1-Score (%) 89.0 86.4 

 
EfficientNet-B0 achieved superior 

performance across all metrics, with accuracy of 
91.5%, outperforming ResNet-50 (89.2%) by 2.3 
percentage points. This finding is consistent with 
previous studies. Verma et al. (2024) in Scientific 
Reports reported that EfficientNet-B0 achieved 
97% accuracy in classifying melanoma, 
outperforming ResNet-18 (87%) and basic CNN 
(80%). Similarly, AlBabele et al. (2025) in Procedia 
Computer Science found that EfficientNet-B0 
achieved 93% accuracy on the ISIC dataset, while 
ResNet-50 reached 98% internal accuracy but with 
higher computational costs. The higher recall of 
EfficientNet-B0 (88.2% vs 85.3%) indicates better 
sensitivity in identifying true melanoma cases, 
which is clinically critical because false negatives 
can delay life-saving treatment. 
 
Computational Efficiency Comparison 

Table 2 presents the computational 
efficiency comparison between the two models. 
EfficientNet-B0 demonstrates substantial 
computational advantages with only 5.3 million 
parameters compared to ResNet-50's 25.6 million 
parameters, representing a 79% reduction. This 
aligns with the compound scaling principle that 
simultaneously balances network depth, width, and 
resolution to achieve optimal efficiency. 

 
Tabel 2 Computational Efficiency Comparison 

Parameter 
EfficientNet-
B0 

ResNet-
50 

Reduction 

Total 
Parameters 
(M) 

5.3 25.6 79% 

 
We acknowledge that computational 

efficiency encompasses multiple dimensions, 
including parameter count, FLOPs (floating-point 
operations), training time, inference time, memory 
usage, and energy consumption. In this 
study, parameter count was chosen as the 
primary comparative metric because it serves as 
a fundamental architecture-agnostic indicator of 
model complexity, directly correlates with storage 
requirements (5.3M ≈ 29 MB vs. 25.6M ≈ 100 MB), 
and is a key determinant for deployment feasibility 
on resource-constrained devices such as mobile 
telemedicine applications. Moreover, parameter 
count is invariant to hardware variations (unlike 
training/inference time, which depends on GPU 
type, batch size, software optimization, and 

background processes), ensuring a fair and 
reproducible comparison between the two models 
under identical experimental conditions. While 
training time and inference time were also 
measured during our experiments, the results were 
not reported due to potential variability across 
different hardware environments. Parameter 
count, however, provides a stable and widely 
accepted proxy for computational efficiency, as 
demonstrated in prior studies ((Altaf et al., 2025; 
Nazari & Garcia, 2025). 
(Nazari & Garcia, 2025) in Computers in Biology and 
Medicine emphasized that large models often 
winning ISIC competitions have more than 600 
million parameters, making them impractical for 
smartphone or resource-limited environments. 
Their research proved that lightweight models 
based on EfficientNet with attention mechanisms 
can achieve comparable ROC-AUC to state-of-the-
art models with 98% fewer parameters and 20 
times faster inference. Our findings reinforce that 
computational efficiency is an evaluation 
dimension that cannot be ignored in the 
development of AI-assisted diagnosis systems. The 
79% reduction in model size makes EfficientNet-B0 
particularly suitable for deployment in resource-
constrained environments. 
 
Training History Analysis 
 Figure 2 illustrates the training and 
validation accuracy progression over 10 epochs for 
both models. EfficientNet-B0 demonstrated faster 
convergence, achieving validation accuracy above 
90% starting from epoch 3 and continuing to 
improve steadily until epoch 8, after which it 
plateaued. The gap between training and validation 
accuracy remained consistently narrow (within 
1.5%), indicating good generalization with no signs 
of overfitting. The learning curve of EfficientNet-B0 
was smooth and monotonic, reflecting stable 
optimization dynamics likely due to its compound 
scaling architecture, which balances depth, width, 
and resolution efficiently. 
 
In contrast, ResNet-50 showed slower initial 
convergence, requiring until epoch 5 to achieve 
comparable validation accuracy. More importantly, 
ResNet-50 exhibited noticeable fluctuations in 
validation accuracy across epochs, with drops of 2-
3% between epochs 4-5 and 7-8, suggesting 
difficulty in generalizing to unseen data. The gap 
between training and validation accuracy was 
wider (up to 3.5%), which may indicate a higher 
tendency toward overfitting, especially given its 
larger parameter space (25.6 million parameters). 
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Despite both models being regularized with the 
same early stopping and data augmentation, 
ResNet-50's more complex architecture appears 
more prone to capturing dataset-specific noise 
rather than generalizable features. 
 
The smoother and more stable learning curve of 
EfficientNet-B0 suggests better optimization 
characteristics and more efficient use of the limited 
training data. This is clinically relevant because a 
model that converges faster and more stably is 
more predictable and easier to tune for real-world 
deployment, especially when retraining on new 
institutional datasets.  
 
 
 

 

 

 
 

 

 
Limitations of the Study 

This study has several limitations. First, 
training was limited to 10 epochs due to early 
stopping, which may not be sufficient for full 
convergence of ResNet-50 given its larger 
parameter space. Second, explainability analysis 
(Grad-CAM/LIME) was not conducted because the 
primary objective was quantitative performance 
comparison, and adding such methods would 
exceed computational resources. Third, external 
validation on ISIC 2019 or ISIC 2020 was not 
performed, as the study prioritized a controlled 
architectural comparison on a single dataset 
(HAM10000) under identical conditions, and 
resource constraints prevented multi-dataset 
expansion. Fourth, results may not generalize to 
other populations or dermoscopy devices, and the 
held-out test set from the same source may 
overestimate real-world performance compared to 
multi-center validation. 
  
 

CONCLUSIONS AND SUGGESTIONS 
 
Conclusion 

This study systematically compared the 
performance of EfficientNet-B0 and ResNet-50 for 
melanoma detection in dermoscopy images using 
the HAM10000 dataset under identical 

experimental conditions. The main contributions of 
this research are threefold. First, EfficientNet-B0 
achieved superior classification performance, with 
91.5% accuracy and 89.0% F1-score, 
outperforming ResNet-50 (89.2% accuracy, 86.4% 
F1-score). Second, EfficientNet-B0 demonstrated a 
substantial reduction in model size (79% fewer 
parameters), highlighting its computational 
advantage. Third, the training history revealed that 
EfficientNet-B0 converged faster and exhibited 
more stable validation accuracy compared to 
ResNet-50, suggesting better generalization 
characteristics. 

These findings indicate that EfficientNet-
B0 is a promising architecture for melanoma 
detection, particularly in resource-constrained 
environments. However, due to the limitations of 
this study—including the use of a single dataset 
(HAM10000), lack of external validation on ISIC 
2019/2020, and absence of explainability 
analysis—the results should be interpreted as 
preliminary. Claims regarding real-world clinical 
deployment require further validation on multi-
center datasets and across diverse clinical settings. 
Therefore, while EfficientNet-B0 shows strong 
potential, additional research is necessary before 
recommending it as an "ideal candidate" for clinical 
implementation. 

 

 
Figure 5. Test Set Evaluation 

 
Suggestion 

Based on the findings and limitations of 
this study, the following suggestions are proposed 
for future research and clinical development: 
1. For Future Researchers 

a) Extended training duration: Future studies 
should train both models for more epochs (25-50 
epochs) to determine the optimal convergence 
point for each architecture, potentially revealing 
larger performance differences. 

b) Multi-dataset validation: Evaluate both 
models on multiple independent datasets including 
ISIC 2019, ISIC 2020, and PH2 to assess 
generalizability across different populations, 
imaging devices, and clinical settings. 

Figure 4. Training history Comparison 
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c) Ensemble approaches: Investigate 
ensemble methods combining EfficientNet-B0 with 
attention mechanisms or Vision Transformers 
(ViT), as demonstrated by Toure et al. (2025) who 
achieved 95.53% accuracy with ResNet50-ViT 
hybrid. Similar exploration for EfficientNet-B0 may 
yield further improvements. 

d) Explainability integration: Implement 
Grad-CAM, LIME, or Score-CAM analysis to compare 
which regions of dermoscopy images each model 
focuses on when making predictions. As noted by 
Gupta (2025) and Di Giammarco et al. (2025), 
interpretable models are more likely to be accepted 
by clinicians. 

e) Temporal feature integration: Explore the 
integration of temporal features as proposed by 
Padhy et al. (2025) who combined ResNet-50 with 
LSTM for enhanced skin lesion classification. 
Similar temporal integration for EfficientNet-B0 
may improve performance on sequential 
dermoscopy images. 

f) Class imbalance techniques: Experiment 
with advanced class imbalance handling methods 
such as synthetic data generation (SMOTE), focal 
loss, or two-stage training to further improve recall 
and reduce false negatives. 

g) Hyperparameter optimization: Conduct 
systematic hyperparameter tuning including 
learning rate, batch size, optimizer selection, and 
augmentation strategies to identify optimal 
configurations for each model architecture. 

. 
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