
 

  

Comparative Analysis of Transfer Learning Models for 

Multi-Class Skin Disease Classification on HAM10000 

Partha Jyoti Roy1,*  and Faisal Islam2  

1,2 Department of Electrical and Electronic Engineering, Khulna University of Engineering & 

Technology (KUET), Khulna 9203, Bangladesh  

roypartha966@gmail.com1,*, faisalislam620@gmail.com2 

Abstract. Skin diseases are a major public health issue worldwide, requiring 

early diagnosis and intervention to prevent serious consequences, including mel-

anoma-related deaths. However, the traditional dermatoscopic diagnosis of skin 

diseases is often time-consuming, subjective, and depends on the availability of 

skilled dermatologists. To improve the diagnosis of skin diseases, the current re-

search provides a comprehensive investigation of the latest transfer learning-

based convolutional neural network (CNN) models for multi-class skin disease 

classification using dermatoscopic images. Six pre-trained deep learning models, 

including InceptionResNetV2, NASNetLarge, EfficientNetV2L, DenseNet201, 

ResNet101V2, and VGG16, were fine-tuned and tested on the HAM10000 da-

taset, consisting of 10,015 images divided into seven classes of skin disease. A 

series of experiments were conducted to evaluate the effectiveness of the pro-

posed models in multi-class skin disease classification. Experimental results 

show that fine-tuning significantly improves model convergence and generaliza-

tion. Of all the models tested, EfficientNetV2L achieved the highest classifica-

tion accuracy, test accuracy of 87.92%, lowest loss of 4.76%, and highest preci-

sion, recall, and F1-score. The experimental results support the fact that the latest 

CNN models, which are optimized for scaling and feature extraction, are better 

than traditional models for multi-class skin disease classification. This research 

provides valuable insights for choosing effective deep learning models for multi-

class skin disease classification, and the results show the effectiveness of Effi-

cientNet-based models for developing reliable multi-class skin disease classifi-

cation models. 

Keywords: Transfer learning, Fine-tuning, Skin disease, InceptionRes-

NetV2, NASNetLarge, EfficientNetV2L, DenseNet201, ResNet101V2, 

VGG16. 

1 Introduction 

Skin diseases are a significant burden on the health of the world’s population, with 

millions of people diagnosed annually, ranging from benign diseases to life-threatening 

cancer, such as melanoma. Timely and accurate diagnosis is critical in order to avoid 

the progression of the disease and improve patient outcomes [1]. However, traditional 
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diagnosis methods, such as dermoscopic examination, are often time-consuming, sub-

jective, and highly dependent on skilled dermatologists, who are not always readily 

available in rural and developing regions. 

     Automated skin disease detection has been recognized as a potential solution to con-

ventional diagnostic procedures with recent advances in deep learning technology and 

computer vision. Convolutional neural networks (CNNs) have demonstrated remarka-

ble performance in dermoscopic image analysis with their strong ability to learn com-

plex visual patterns, such as texture, color distribution, and structural abnormalities as-

sociated with various skin conditions. The feature learning ability of CNNs has made 

them outperform conventional machine learning approaches. 

Transfer learning plays a vital role in the automatic classification of skin diseases, 

especially in medical image processing scenarios where annotated image data is limited 

in quantity. Using pre-trained convolutional neural networks and fine-tuning these 

models on smaller datasets like HAM10000 can significantly reduce training time and 

improve the accuracy of the models while avoiding overfitting. In this study, the 

HAM10000 dataset consisting of 10,015 images of seven different types of skin lesion 

images is used for evaluating the efficiency of transfer learning in automatic classifica-

tion of skin diseases [2]. 

The remainder of this paper is organized as follows: Section 2 discusses the related 

work on the automated detection of skin disease, while Section 3 discusses the proposed 

methodology, including the dataset, preprocessing steps, data augmentation methods, 

transfer learning models, and fine-tuning methods. In addition, Section 4 discusses the 

analysis of the results and performance evaluation, while Section 5 provides concluding 

remarks and an overview of the major contributions of the proposed approach, as well 

as future research directions. 

2 Related Works 

Skin disease classification has been recognized as a key issue in medical image analy-

sis, primarily for the purpose of aiding dermatologists in the early and precise diagnosis 

of skin cancers such as melanoma. In recent times, a large number of deep learning-

based techniques have been developed to increase the reliability of computer-aided di-

agnostic systems. 

     In reference [3], the authors propose a deep ensemble framework in skin disease 

classification by employing three pre-trained convolutional neural networks, namely 

VGG16, InceptionV3, and ResNet50, based on their evaluation metrics on the ISIC 

dataset. The ensemble of these models achieved an accuracy of 97% in classifying the 

balanced dataset, significantly higher than each of their individual results. This study 

proves that an ensemble of different architectures of CNN can utilize their capabilities 

of feature extraction in an efficient way. 

     Another significant contribution is reported in [4], where a transfer learning-based 

Xception model is proposed, and attention mechanisms are incorporated into it. The 

authors have used self-attention, hard-attention, and soft-attention mechanisms and 

compared their performance on the HAM10000 dataset, showing that the self-attention-
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enhanced Xception model has the highest accuracy of 94.11%, while the baseline model 

has an accuracy of 91.05%. In addition, a comparative analysis of the proposed models, 

namely, DenseNet201, VGG16, Inception-ResNetV2, and ResNet50, has been per-

formed, showing that attention-based models have higher classification accuracy and 

recall, especially when classifying benign and malignant lesions. 

     The research of Rashid et al. [5] was carried out on the topic of transfer learning for 

melanoma detection using the ISIC-2020 dataset. A suite of deep convolutional neural 

networks (CNN), including Res-Net152V2, DenseNet201, InceptionV3, and 

NASNetLarge, was used for this purpose. In order to reduce the problem of class im-

balance in the data, a variety of data augmentation strategies were applied, showing 

improved results in terms of generalization. Out of all the networks used in this re-

search, the highest accuracy was obtained using the NASNetLarge network due to its 

neural architecture search optimization. In addition, the Res-Net152V2 and Dense-

Net201 networks also provided good results due to the efficient flow of gradients in the 

networks. The research concludes that deeper networks are highly effective for fine-

grained classification tasks in medical images. 

     Although initial research works have mainly focused on mainstream architectures 

such as VGG16, ResNet, and Inception, recent research works show that sophisticated 

architectures such as Xception, DenseNet201, and NASNetLarge perform better, espe-

cially in combination with ensemble learning and attention. These architectures can 

well describe the subtle changes in dermoscopic images and thus provide more accurate 

and robust diagnoses. However, there is still less research in comparing these state-of-

the-art architectures under controlled experimental settings. The relationship between 

transfer learning, complexity, and performance is still unclear. 

     This study seeks to conduct an extensive evaluation of some of the current models 

of convolutional neural networks (CNNs) like Inception, ResNetV2, ResNet152V2, 

Xception, DenseNet201, VGG16, and NASNetLarge to identify the most reliable 

model for the automatic classification of skin diseases. 

3 Methodology 

3.1 Image Classification 

This research employs a supervised image classification approach to automatically de-

tect and classify skin diseases from dermoscopic images. In this approach, a single label 

is assigned to an image based on features learned from a dataset of images. In this way, 

a classification approach is used to map dermoscopic images into meaningful disease 

classes. 

     Image classification plays an important role in the early detection of various skin 

diseases, allowing doctors to make decisions based on predictions that are precise and 

reproducible. Image classification is a significant problem in computer vision and deep 

learning. This problem has been successfully used in many fields, including medical 

diagnoses, object recognition, and disease detection. In dermatology, deep CNNs have 

shown their power in dealing with various problems, particularly in their ability to learn 
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hierarchical representations of textures, colors, and structural patterns of different dis-

eases. 

3.2 Image Dataset 

     The experiments conducted in this study used the HAM10000 dataset, which con-

sists of 10,015 dermoscopic images of seven classes of skin diseases: actinic keratoses, 

melanocytic nevi, benign keratosis-like lesions, melanoma, basal cell carcinoma, 

dermatofibroma, and vascular lesions. The dataset contains images of both benign and 

malignant conditions, thus allowing multi-class classification of skin diseases. 

     The dataset has a significant class imbalance. The class of melanocytic nevi has the 

highest number of instances, contributing 66.9% of the dataset or 6,705 images. 

Dermatofibroma has the smallest number of instances, with only 115 images or 1.1% 

of the dataset. The class of vascular lesions has a small contribution to the dataset, con-

tributing only 1.4% of the dataset. This is a problem that requires the application of 

specific techniques to avoid bias towards the major classes. 

     The images used in the dataset are derived from diverse clinical resources, which 

makes them heterogeneous with regard to resolution, illumination conditions, skin 

tones, and backgrounds. In order to make the images compatible with a convolutional 

neural network architecture, all images used in this study were resized to 224 × 224 

pixels to ensure that all images have the same resolution. The images were saved in 

RGB format to ensure that critical color and texture information were retained. 

     In order to handle the issue of class imbalance and to increase the generality of the 

model, the training process involves class weighting, focal loss, and various data aug-

mentation strategies. These increase the robustness of the model to changes in lighting 

conditions, skin tones, and acquisition settings, thus making the proposed classification 

system reliable in a real-world clinical setting. 

3.3 Dataset Preprocessing and Data Augmentation 

For dataset preprocessing, the given CSV file was used to map the dermoscopic im-

ages with their respective class labels. For this purpose, the dataset was split into train-

ing, validation, and test subsets in the proportion of 80%, 10%, and 10%, respectively, 

by using stratified sampling. 

All the images were resized to a fixed size of 224x224 pixels for the input of the 

different architectures of the Convolutional Neural Network. Normalization of the pixel 

values was performed by scaling the values in the range of 0 and 1. 

In order to improve the robustness of the models and avoid overfitting, data augmen-

tation was performed extensively only on the training data. The data augmentation 

methods included random flipping, rotations up to 20°, zoom up to 20%, and scaling 

by a factor of 1/255. These data augmentation methods improve the variety of the data 

and the ability of the model to generalize the data. However, for the validation and test 

data, scaling by a factor of 1/255 was performed. 
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This standardized preprocessing and augmentation pipeline effectively addresses 

class imbalance, improves generalization, and ensures reliable and reproducible classi-

fication results. 

3.4 Transfer Learning Methods Applied to Image Classification 

Transfer learning is a technique that employs pre-trained knowledge from models 

trained on large datasets to improve performance on specific domain tasks with limited 

labeled data. In medical image analysis, this method is particularly effective as it re-

duces training time while enhancing feature extraction and classification accuracy. In 

this study, various state-of-the-art CNN architectures were pre-trained for skin disease 

classification. 

InceptionResNetV2, introduced by Google in 2016, combines the multi-scale fea-

ture extraction capability of Inception modules with residual connections from ResNet 

architectures. This hybrid design mitigates vanishing gradient issues and enables faster 

convergence in very deep networks. With over 150 layers and approximately 55 million 

parameters, InceptionResNetV2 has demonstrated strong performance in fine-grained 

classification and medical imaging applications. 

NASNetLarge, proposed by Google in 2017, applies reinforcement learning to Neu-

ral Architecture Search (NAS) to learn the most efficient architecture for the network. 

NASNetLarge is composed of modular normal and reduction cells, consisting of over 

88 million parameters and achieving high accuracy on large datasets. Its scalable and 

efficient architecture makes NASNetLarge most effective for fine-grained image clas-

sification problems [6]. 

VGG16 has been widely known for its simplicity and efficiency since its introduc-

tion in 2014 by the Visual Geometry Group at Oxford University. The network consists 

of 16 trainable layers that use small 3x3 convolutional kernels and 2x2 max pooling 

layers. Despite having a massive number of parameters, approximately 138 million, 

VGG16 remains a powerful baseline for image classification and feature extraction 

tasks in medical imaging scenarios [7]. 

ResNet101V2, proposed by Microsoft Research in 2016, is an extension of the orig-

inal ResNet architecture, where pre-activation residual blocks are used, which means 

that batch normalization and ReLU activation are performed before the convolutional 

layers. This has been found to improve stability during the training of deep networks. 

ResNet101V2 has 101 layers and has been used for a variety of applications, including 

medical imaging, object detection, and fine-grained classification [8]. 

DenseNet201 was proposed by researchers from Cornell University and Facebook 

AI Research in 2017, and the architecture is based on dense connectivity, meaning that 

each layer is connected to all the previous layers. This design allows for the efficient 

reuse of features and gradients, which is why the network can be learned with just 20 

million parameters. DenseNet201 has been shown to be effective for image and medical 

image classification [9]. 

EfficientNetV2L, proposed by Google in 2021, has been designed to achieve high 

accuracy with faster training and better computational efficiency. The large version 

uses compound scaling methods to adjust the depth, width, and resolution of the input 
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image. It also uses fused MBConv, progressive learning, and better regularization. It 

has over 120 million parameters and achieves state-of-the-art accuracy on large data 

sets, making it a better option for medical image classification and fine-grained recog-

nition tasks [10]. 

3.5 Fine Tuning 

In other words, fine-tuning is a transfer learning technique in which a pre-trained deep 

network is adapted to a specific, novel domain for a specific task by retraining a subset 

or all of its parameters on labeled data for the target domain. In convolutional neural 

networks, the lower layers tend to learn generic visual features such as edges, textures, 

and basic shapes, while the higher layers learn features specific to the target classifica-

tion task. 

     For the fine-tuning of the model, as implemented in the current study, the early con-

volutional layers are first frozen, aiming at retaining the general features learned during 

the pretraining phase. Then, the subsequent layers, as well as the newly added classifi-

cation layers, are unfrozen and retrained, allowing the model to learn and adapt to the 

characteristics of the dermoscopic images, while avoiding the loss of the significant 

general knowledge acquired during the initial phase. 

     In order to guarantee stable convergence and prevent catastrophic forgetting, lower 

learning rates are used during fine-tuning. This optimized optimization process allows 

for gradual adaptation, thus improving discrimination between visually similar classes 

of skin lesions. The fine-tuning process is particularly useful for medium-sized medical 

image datasets like HAM10000 because it improves classification performance, re-

duces overfitting, and improves generalization. 

4 Result and Discussion 

4.1 Research Design 

The primary objective of this research is to develop and evaluate an automated sys-

tem for dermatoscopic skin disease classification using modern transfer learning ap-

proaches. For this purpose, six different pre-trained convolutional neural network ar-

chitectures, namely InceptionResNetV2, NASNetLarge, EfficientNetV2L, Dense-

Net201, ResNet101V2, and VGG16, have been comprehensively tested using the 

HAM10000 dataset.  

To evaluate the performance of each of these architectures, conventional evaluation 

parameters such as accuracy, precision, recall, F1-score, and loss have been used. In 

addition to these parameters, ROC curves have also been employed to determine the 

discriminative power of each of these architectures for all disease classes. At the same 

time, confusion matrices have also been used to analyze the results obtained using each 

of these architectures for skin disease classification. 

In the initial stage, all models were pre-trained on ImageNet weights, which were 

obtained from the Keras/TensorFlow framework. The weights for the convolutional 

base of all models were frozen, and only the weights for the classification head were 
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trained. Global Average Pooling (GAP) was applied to the convolutional base for all 

models, and a fully connected layer with Softmax activation function was added for 

multi-class classification on the seven-class HAM10000 dataset. 

Hyperparameter tuning was done to optimize the model's performance. The learning 

rate was set to 0.0001 to control weight updates, and the batch size was set to 16. The 

number of epochs was set to 20 to avoid underfitting and overfitting. To deal with the 

extreme class imbalance, class weights were used. Focal loss was used as the objective 

function. The Adam optimizer was used because of its adaptive learning rate. The ac-

curacy and loss were constantly monitored during training and validation. 

Yet another refinement was incorporated in the form of a fine-tuning phase, where 

further adaptation of the pre-trained models was achieved in consideration of the der-

matoscopic image characteristics. For this purpose, the previously frozen layers of the 

convolutional layers were unfrozen, allowing all parameters of the models to be learned 

during training with the aid of the HAM10000 dataset. For this purpose, the learning 

rate was decreased to 0.00001 in order to avoid catastrophic forgetting and overfitting. 

The training was continued for an additional 20 epochs and was coupled with the Re-

duceLROnPlateau learning rate scheduler. 

Table 1. Hyperparameter values before and after fine-tuning. 

Hyperparameter Before fine-tuning After fine-tuning 

Learning Rate 0.0001 0.00001 

Batch Size 16 16 

Epochs 20 20 

Optimizer Adam Adam 

Loss Function Focal Loss + Class Weights Focal Loss + Class Weights

Activation (Last Layer) Softmax Softmax 

Layer Freezing Base Frozen, Head Trainable All Layers Trainable 

LR Scheduler None ReduceLROnPlateau 

 

 

Fig. 1. An illustration of the entire research work. 

The complete set of hyperparameters used before and after fine-tuning is summarized 

in Table 1. The overall research workflow is illustrated in Fig. 1, depicting the sequen-

tial process of data acquisition, preprocessing, augmentation, transfer learning, fine-

tuning, and performance evaluation. Final model assessment includes ROC curves, 
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confusion matrices, and comprehensive performance metrics, ensuring a systematic and 

reproducible approach to achieving optimal multi-class skin disease classification. 

4.2 Experimental Results 

Fig. 2 illustrates the training and validation accuracy curves of the six transfer learn-

ing models before and after fine-tuning. Fine-tuning improved the classification accu-

racy of all tested architectures: InceptionResNetV2, NASNetLarge, EfficientNetV2L, 

DenseNet201, ResNet101V2, and VGG16. However, the degree of improvement and 

training stability differed among the models. 

EfficientNetV2L and NASNetLarge showed the highest training stability and con-

sistency, with smooth accuracy curves and small oscillations. ResNet101V2 also 

showed stable convergence with small oscillations, while VGG16 had moderate oscil-

lations during training. However, DenseNet201 had large oscillations and signs of over-

fitting in the latter stages of training. After fine-tuning, all models showed improved 

convergence and higher validation accuracy, confirming that fine-tuning improved 

high-level feature extraction. Among the models, EfficientNetV2L showed the best 

trade-off between training stability and generalization, while DenseNet201 greatly ben-

efited from fine-tuning adjustments. 

The training and validation loss curves for the models are shown in Fig. 3. After 

fine-tuning, there was a decrease in both training and validation loss for all models. 

EfficientNetV2L, NASNetLarge, and ResNet101V2 showed smooth loss curves, indi-

cating stable optimization. VGG16 showed small oscillations, while DenseNet201 

showed a slight increase in validation loss in the latter stages of training, indicating 

mild overfitting beyond its optimal point. There were small loss spikes at the transition 

points during fine-tuning of NASNetLarge, indicating sensitivity of the architecture to 

unfreezing model parameters. 

Before fine-tuning, all models were trained for 20 epochs with the same hyperpa-

rameters to compare them equally. The baseline training and validation performance of 

all models is presented in Table 2 to compare the effect of fine-tuning. After fine-tun-

ing, the models were trained for an additional 20 epochs, and the improvements in ac-

curacy and loss are presented in Table 3. For all models, fine-tuning resulted in higher 

training and validation accuracy and lower loss, confirming its effectiveness in improv-

ing adaptability to dermoscopic image data. 

Table 4 shows the performance of the six transfer learning models on the test set. 

EfficientNetV2L was at the top, achieving the best test accuracy of 87.92% and the 

lowest test loss of 4.76%. Second on the list was NASNetLarge, followed by Res-

Net101V2, which achieved 84.93% accuracy and 6.09% test loss, respectively. Then 

came VGG16, which gave an average performance, followed by DenseNet201 and In-

ceptionResNetV2, which showed lower accuracy and higher test loss, indicating that 

these models were not reliable for clinical prediction purposes. Therefore, it can be 

inferred that modern architectures, which have been refined for feature extraction and 

scaling, perform better than traditional CNN architectures for multi-class skin disease 

classification. 
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(a) DenseNet201 (b) NASNetLarge 

(c) EfficientNetV2L (d) InceptionResNetV2 

(e) ResNet101V2 (f) VGG16 

Fig. 2. Training and validation accuracy curves of the six transfer learning models before and 

after fine-tuning on the HAM10000 dataset. 

Additionally, we considered precision, recall, and F1-score, which are shown in Ta-

ble 4. EfficientNetV2L scored the highest in all three, indicating that it has strong class-

wise discrimination and balanced performance. Then came NASNetLarge and Res-

Net101V2, while InceptionResNetV2 showed the lowest precision, and DenseNet201 

showed lower recall and F1-score, particularly for minority classes. 
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Fig. 4 presents the confusion matrices for all six models, which provide an in-depth 

analysis of the performance of the models. EfficientNetV2L, NASNetLarge, and Res-

Net101V2 showed higher correct classifications for common and rare diseases, while 

InceptionResNetV2 and DenseNet201 showed reasonable performance for majority 

classes, while they were likely to classify less represented classes, i.e., actinic keratoses 

were classified as benign keratosis-like lesions or melanoma. 

(a) DenseNet201 (b) NASNetLarge 

(c) EfficientNetV2L (d) InceptionResNetV2 

(e) ResNet101V2 (f) VGG16 

Fig. 3. Training and validation loss curves of the six transfer learning models before and after 

fine-tuning on the HAM10000 dataset. 
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Fig. 5 presents the ROC curves for all six models, along with the Micro-AUC and 

Macro-AUC scores. All models showed high AUC values, indicating strong class-wise 

discrimination. Moreover, the Macro-AUC values showed strong performance for ma-

jority and minority classes, while the Micro-AUC values showed strong overall perfor-

mance for all classes. 

Additionally, we considered representative test images for all classes, shown in Fig. 

6, and the performance is summarized in Table 5. EfficientNetV2L showed perfect per-

formance for all seven representative images, while InceptionResNetV2 showed incor-

rect classifications for basal cell carcinoma and melanoma, which were classified as 

benign keratosis-like lesions, while DenseNet201 showed incorrect classifications for 

basal cell carcinoma and dermatofibroma. 

VGG16 had the highest misclassification rate, which mostly confused melanoma 

with melanocytic nevi and misclassified vascular as well as keratosis-like features. 

NASNetLarge and ResNet101V2 had a few misclassifications, which were mostly of 

melanoma and basal cell carcinoma. 

Table 2. Training and validation accuracy and loss of all transfer learning models be-

fore fine-tuning on the HAM10000 dataset. 
Models Training 

Accuracy 

Training 

Loss 

Validation 

Accuracy 
Validation 

Loss 

DenseNet201 69.20 16.88 16.88 13.64 

NASNetLarge 70.31 16.74 16.74 14.90 
VGG16 64.49 22.18 22.18 17.86 

ResNet101V2 69.51 17.21 17.21 13.54 

InceptionResNetV2 67.09 20.30 20.30 15.90 

EfficientNetV2L 66.89 21.62 21.62 19.25 

Table 3. Training and validation accuracy and loss of all transfer learning models after fine-

tuning. 

Models Training 

Accuracy 

Training 

Loss 

Validation 

Accuracy 

Validation

Loss 

DenseNet201 87.93 5.16 79.99 8.14 

NASNetLarge 90.69 4.46 80.03 10.40 

VGG16 79.23 8.49 79.06 8.16 

ResNet101V2 88.75 4.79 84.19 6.74 

InceptionResNetV2 89.73 4.62 81.94 8.29 

EfficientNetV2L 83.15 7.82 82.10 7.71 

Table 4. Test performance comparison of all evaluated models, including accuracy, loss, preci-

sion, recall, and F1-score. 

Models Test Accuracy Test Loss Precision Recall  F1 Score

DenseNet201 79.34 8.14 0.8638 0.7934 0.8024  

NASNetLarge 86.83 7.39 0.8647 0.8683 0.8588  

VGG16 84.43 5.71 0.8472 0.8443 0.8389  

ResNet101V2 84.93 6.09 0.8571 0.8493 0.8506  

InceptionResNetV2 83.03 8.03 0.8467 0.8303 0.8291  

EfficientNetV2L 87.92 4.76 0.8897 0.8792 0.8799  
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(a) DenseNet201 (b) NASNetLarge 

(c) EfficientNetV2L (d) InceptionResNetV2 

(e) ResNet101V2 (f) VGG16 

Fig. 4. Confusion matrices of InceptionResNetV2, NASNetLarge, EfficientNetV2L, Dense-

Net201, ResNet101V2, and VGG16 evaluated on the seven-class skin disease test set. 
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(a) DenseNet201 (b) NASNetLarge 

(c) EfficientNetV2L (d) InceptionResNetV2 

(e) ResNet101V2 (f) VGG16 

Fig. 5. Receiver Operating Characteristic (ROC) curves with Micro-AUC and Macro-AUC 

scores for all transfer learning models on the test dataset. 

Overall, EfficientNetV2L proved to be the most reliable model, offering the optimal 

balance of accuracy, generalization, and prediction consistency. The poor performance 

of older or less optimized architectures also highlights the importance of modern CNN 

architectures in multi-class skin disease classification. The above findings highlight the 

potential of EfficientNetV2L-based systems in automated dermatological diagnosis. 
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Fig. 6. Sample test images for seven skin disease classes. 

Table 5. Class-wise prediction results of representative test images. 

Fig Actual Predicted Class 
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Inception-
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5 Conclusion 

In this study, the effectiveness of the proposed transfer learning-based approach 

based on the use of deep convolutional neural networks for the classification of skin 

diseases based on images from the HAM10000 dataset is investigated. In particular, the 

effectiveness of six popular and state-of-the-art deep convolutional neural networks is 

compared under the same conditions. The experiments were performed using various 

techniques such as data augmentation, class weighting, the use of the Focal Loss func-

tion, and fine-tuning to deal with the class imbalance problem. The experiments demon-

strated the significant effectiveness of the fine-tuning technique in improving the 

model’s performance. In particular, the experiments demonstrated the effectiveness of 

the EfficientNetV2L model in achieving the best accuracy, the lowest loss function 

value, and the best balance among precision, recall, and F1-score compared to the other 

tested models. In particular, the model has the best performance for all classes of skin 

disease, both common and rare. NASNetLarge model demonstrated a high level of per-

formance compared to the other tested models. On the other hand, the VGG16 and 

DenseNet201 models demonstrated higher performance compared to the state-of-the-

art models. The evaluation of the model’s performance is based on the analysis of the 

confusion matrix and the use of the ROC-AUC curves to demonstrate the reliability of 

the proposed approach. The proposed approach has high potential to be used as a com-

puter-aided diagnostic tool and can be used in resource-scarce environments. In the 

future, the model’s reliability will be further improved using the Grad-CAM technique 

and by estimating the uncertainty to further improve the model’s reliability. 
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