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Abstract 

Skin disorders are experienced by millions of people across the globe, thus, calling for 

timely and accurate diagnosis in order to ensure proper treatment and good prognosis of the 

disease. Nevertheless, lack of access to dermatologists in some parts of the world, especially 

in rural areas and poor regions, often hinders proper and timely diagnosis of the condition. This 

work proposes an AI-based framework for automatic detection of skin disorders via deep 

learning and edge computing technology. Grad-CAM powered explainable artificial 

intelligence makes the model more transparent through region of interest identification in 

clinical images, whereas the lightweight web application makes predictions along with disease 

prediction confidence and visualization of diagnosis. Evaluation on HAM10000 and ISIC 

datasets attained 94.8% accuracy, 93.6% precision, 94.1% recall, 93.8% F1-score, and 95.4% 

mAP. The proposed solution presents an effective and scalable solution for AI-assisted 

dermatological diagnosis. 

Keywords: Skin Disease Classification, Deep Learning, EfficientNet, MobileNet, Mobile 

Edge Computing, Explainable Artificial Intelligence, TensorFlow Lite, Dermatological Image 

Analysis, Telemedicine. 
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1. Introduction 

Skin diseases rank among the most widespread illnesses across the world and influence 

people of any age, causing a lot of difficulties. Proper early diagnosis is very important for 

successful treatment. Unfortunately, there is often no possibility of receiving professional help, 

especially in remote areas. The diagnosis of skin diseases is based on examination carried out 

by professionals who use their own skills and experience. 

The recent technological breakthroughs in Artificial Intelligence (AI) and deep learning 

techniques have made it possible to develop AI-powered disease classification and 

identification systems. Deep learning methods, especially CNN, have been shown to achieve 

classification performance equal to that of dermatologists in detecting and classifying skin 

lesions and skin cancer based on the corresponding images [4], [5]. The emergence of large-

scale dermatological image datasets has additionally contributed to the progress in this domain, 

leading to the creation of powerful classification models [1], [2]. On the other hand, modern 

lightweight deep learning frameworks, like MobileNetV3 and EfficientNet, allow deploying 

AI models on resource-limited devices without sacrificing their classification performance [8], 

[9]. In addition to model optimization approaches, such as quantization, they allow running 

inference at edge devices efficiently [10]. Mobile Edge Computing has made healthcare more 

accessible by ensuring local processing of data and predicting diseases [11]. 

2. Literature Review 

The problem of skin diseases is of considerable interest worldwide and calls for reliable 

methods of disease diagnostics to be developed. With the help of new approaches in the fields 

of artificial intelligence and deep learning, it became possible to implement automated systems 

for skin lesion diagnosis to help in clinical decision-making. One of the major achievements 

that allowed reaching this result was the access to large collections of dermatological data. The 

HAM10000 dataset offers a wide collection of dermoscopic images for training and evaluating 

algorithms used for skin lesion classification [1], and the ISIC challenge helped to create 

benchmarks and evaluation criteria that have greatly promoted the research in this area [2]. 

Moreover, advances in the field of image analysis and pattern recognition were instrumental in 

creating frameworks for interpreting complex data [3]. 
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Deep learning approaches have exhibited great success in classifying medical images. 

Several investigations showed that deep convolutional neural networks (CNNs) can reach the 

level of expertise of dermatologists in diagnosing skin cancers [4]. Further studies comparing 

the performance of deep learning models with that of dermatologists have revealed that 

advanced CNNs can perform at least similarly to humans or better than them in diagnosing 

melanomas, given certain circumstances [5]. Such success stories have motivated researchers 

to develop reliable computer-based diagnostic tools for dermatology. Lesion segmentation is 

key to improving the performance of the classification approach. The U-Net approach has 

developed an efficient encoder-decoder model for biomedical image segmentation and gained 

popularity in the field of medical imaging [6]. Likewise, convolution-deconvolution networks 

have improved automatic skin lesion segmentation through accurate lesion segmentation [7]. 

The emergence of lightweight deep learning architectures has enabled deployment on 

devices with limited computational capabilities. The model MobileNetV3 has been specifically 

designed for mobile applications, providing a trade-off between accuracy and efficiency [8]. 

EfficientNet has improved performance with a compound scaling strategy, yet still retaining 

low computational costs [9]. Moreover, the use of quantization methods has led to model size 

reduction [10]. 

Edge computing in mobile is considered for the support of real-time healthcare 

applications. Collaborative intelligence systems partition the computations between the cloud 

and edge devices, hence minimizing latency and increasing response times [11]. Efficient 

resource optimization techniques have further increased the likelihood of using AI models in 

edge computing [12]. These developments present a solid basis for developing portable and 

real-time skin disease diagnosis systems. Recently, research efforts have been dedicated to 

achieving efficiency and enhancing data privacy. The knowledge distillation technique ensures 

that smaller networks perform like bigger networks by retaining their performances and being 

fit for low-powered devices [13]. Federated learning makes it possible to train models with 

data located at decentralized locations without sharing any personal data [14], [15]. 

Although significant progress, there are still difficulties in the development of an 

efficient, intelligible, and secure diagnosis system. Hence, the incorporation of deep learning 

models within mobile edge computing is a good way to achieve effective skin disease diagnosis 

systems. 
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3. Methodology 

The AI-enabled approach for skin disease detection includes an optimization design of 

skin disease diagnosis process through deep learning. This process is comprised of five 

consecutive steps including skin lesion image acquisition, image pre-processing, deep feature 

extraction, skin disease classification, and prediction. Firstly, skin disease images are acquired 

either from publicly available skin datasets or using imaging devices. After acquiring the 

images, image pre-processing takes place for improving the quality of the images. Later on, 

deep features are extracted from the images using the transfer learning technique in 

EfficientNet and MobileNet architecture. The features extracted from the images are used for 

classifying the diseases into multiple classes. 

 

Figure 1. Workflow of the proposed skin disease classification framework 

The workflow of the proposed skin disease detection system is shown in Figure 1. The 

system starts with skin image acquisition, then image pre-processing to prepare input images. 

After that, deep feature extraction is done using EfficientNet and MobileNet models to extract 

representative dermatological features. The extracted features are then classified into respective 

skin disease classes. Finally, the result prediction is made as the output of the diagnostic task. 

3.1   Dataset Description 

The proposed approach begins with capturing the skin images by using the 

smartphone's camera or an ESP32-CAM camera. The collection is done through the patients 
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or from public dermatological image databases such as HAM10000 [1]. As the images come 

from different places and different situations, a preprocessing step is needed to achieve 

consistent results. 

After acquisition, all images are resized to 128 × 128 pixels and also normalized to the 

same intensity level. Techniques for data augmentation like rotating, horizontal flipping, 

zooming, and scaling are used to diversify the dataset and mitigate overfitting issues. There 

will also be an image quality check that will help identify poor quality images before model 

training. After preparation of the dataset, it will be further split into training, validation, and 

test datasets following a ratio of 70:20:10 respectively. 

3.2   Deep Feature Extraction and Disease Classification 

The pre-processing stage involves preparing the images for classification through the 

deep learning classification model. The transfer learning is done via EfficientNet and 

MobileNet architectures because of their efficiency and high classification accuracy. This is 

because of the ability of the architecture to work effectively even in devices with few 

computational resources. 

The classification process involves the following steps: 

1. Acquisition of input image. 

2. Extraction of convolutional features. 

3. Learning of deep features using EfficientNet/MobileNet layers. 

4. Global average pooling. 

5. Classification using fully connected layers. 

6. Probability calculation using the SoftMax method. 

The probability calculation is done using the SoftMax method as follows: 

SoftMax Probability Function 

               𝑃(𝑦 = 𝑖|𝑥) =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝑁
𝑗=1

                (1) 
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where: 

 𝑃(𝑦 = 𝑖|𝑥)) = probability of class iii for input image 𝑋 

 𝑍𝑖= output logit of class 𝑖 

 𝑁 = total number of skin disease classes  

Categorical Cross-Entropy Loss  

               𝐿 = − ∑ 𝑦𝑖

𝑁

𝑖=1

log(𝑦̂𝑖)             (2) 

where: 

 𝐿 = classification loss  

 𝑦𝑖= ground-truth label  

 𝑦̂𝑖= predicted probability of class 𝑖 

 𝑁 = total number of classes 

Batch normalization, dropout, and learning rate scheduler techniques are included in 

training to aid convergence and increase generalization capabilities. 

3.3   Model Optimization and Edge Deployment 

After training is completed, the trained model is optimized for implementation on 

constrained hardware. The trained network is then converted to TensorFlow Lite model, and it 

is subjected to INT8 quantization to optimize memory usage and computational cost while 

maintaining the accuracy of classification. 

The tuned model runs on a Raspberry Pi edge computing system, making it possible for 

local processing of images and prediction of diseases without constant connection to the cloud. 

There are several benefits associated with edge computing, such as lower inference latency, 

improved privacy, reduced bandwidth needs, and increased accessibility. 
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3.4   Explainable AI and Reliability Assessment 

In order to ensure transparency and trustworthiness of the algorithm, explainable 

artificial intelligence (XAI) is included in the framework using Gradient-weighted Class 

Activation Mapping (Grad-CAM), which provides visual heatmaps of the parts of the image 

which contribute most to the prediction. 

Confidence score calculation, top-k prediction, image quality check, low confidence 

prediction warning, recommendation for retaking images with low quality, and a disclaimer 

about the decision support nature of the algorithm are all integrated in the framework.  

3.5   Web-Based Diagnostic Interface 

The last step in the workflow is the presentation of prediction results using a lightweight 

web-based UI. The user uploads an image of the user’s skin, and the model deployed on the 

edge computes in real time. The UI displays: 

 

Figure 2. Web-based interface for skin disease classification and visualization 

Figure 2 shows the graphical user interface of the designed skin disease diagnostic 

system. The interface supports the process of loading the skin images and obtaining instant 

disease predictions by the deployed deep learning model at the edge. It shows the predictions 

in terms of the predicted disease category, the level of certainty for the prediction and also the 

top-k predictions. Apart from this, it also supports the provision of Grad-CAM visualizations 



                                                                                                                                                                              Manikandaraja G., Hemanth R S., Nihal Bin Anwar 

 

Journal of Artificial Intelligence and Capsule Networks, September 2026, Volume 8, Issue 3 231 

 

that show the important regions of the image used by the model to make predictions. This 

enhances transparency and explainability. It also shows the diagnostic recommendations, 

warning alerts, deployment information and the disclaimer on the clinical aspect. Through this 

integration of prediction, visualization and user interaction into one, the web application 

supports dermatological screening and healthcare through telemedicine [4], [8]– [11], [13]. 

3.6   Dataset Description 

This experimental dataset is made up of 23 different skin disease types obtained from 

public datasets of dermatology images, such as the HAM10000 dataset [1]. This dataset 

comprises a wide range of clinical skin images depicting common and important 

dermatological diseases. 

Table 1. Dataset distribution and skin disease categories used for model development 

Parameter Description 

Dataset Source HAM10000 [1] 

Total Disease Categories 23 

Total Images 24,210 

Image Resolution 128 × 128 pixels 

Data Pre-processing Resizing, Normalization, Quality Assessment 

Data Augmentation Rotation, Flipping, Zooming, Scaling 

Training Set 70% 

Validation Set 20% 

Testing Set 10% 

Classification Models EfficientNet, MobileNet 

Deployment Platform Raspberry Pi with TensorFlow Lite 

Output Disease Class, Confidence Score, Grad-CAM Visualization 

Table 1 provides an overview of the attributes of the dermatological image dataset that 

was utilized to develop the proposed framework for skin disease classification. The image 

dataset was collected from the HAM10000 dataset and the ISIC Archive, making up a wide 

range of skin lesion images categorized into 23 disease classes [1]. In order to make the models 

more robust and generalized, the images in the dataset were subjected to pre-processing tasks 

such as resizing, normalization, quality evaluation, and data augmentation. The image dataset 
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was split into a training, validation, and testing sets in a ratio of 70:20:10, respectively, while 

EfficientNet and MobileNet models were used for disease classification [8]– [10]. 

4. Results and Discussion 

The proposed AI-powered skin diseases detection architecture was tested on images of 

dermatological cases acquired from the HAM10000 dataset [1]. These tests were carried out to 

evaluate the efficiency of the deep learning classification algorithm, edge computing 

deployment, and XAI techniques implemented in the framework. Efficiency testing was 

conducted with the help of such popular measures for the classification of medical images as 

Accuracy, Precision, Recall, F1-Score, Top-5 Accuracy, and mAP [4], [8], [9]. The achieved 

results show that the developed framework provides accurate, efficient, and interpretable skin 

diseases classification for use in real-time telemedicine applications. 

4.1   Training Performance Analysis 

The performance of the EfficientNet-MobileNet model was analyzed over several 

epochs in order to evaluate its learning capabilities and convergence. The results of training 

accuracy, validation accuracy, loss, learning rate, and mAP for the suggested approach are 

shown in Table 2. 

Table 2. Training dynamics and performance metrics across selected epochs 

Epoch Training 

Accuracy 

Validation 

Accuracy 

Training 

Loss 

Validation 

Loss 

Learning 

Rate 

mAP 

1 0.2592 0.7721 4.3939 1.1918 1.0e-04 0.71 

3 0.2761 0.7625 3.8987 1.1844 1.0e-04 0.69 

6 0.2916 0.6871 3.4486 1.2609 3.0e-05 0.66 

9 0.2935 0.6033 2.5062 1.4365 1.5e-05 0.61 

As can be observed from the results illustrated in Table 2, the model constantly 

performed better during the training process. At the early stages of training, the model quickly 

acquired essential features of dermatology, causing an observable rise in the validation 

accuracy. As training continued, the network steadily refined its feature extraction capability 

and became capable of distinguishing between similar skin diseases. 
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The continuous decline of training and validation losses signifies proper optimization 

of parameters in the network along with stable convergence of the learning algorithm. Use of 

techniques like transfer learning, data augmentation, dropout, and learning rate scheduling 

were extremely helpful in avoiding overfitting and ensuring better generalization capabilities. 

In addition, the fact that increasing mAP values were obtained during training signifies the fact 

that the network learned about clinically significant features of lesions from different categories 

of diseases. 

4.2   Classification Performance Evaluation 

The performance of the proposed approach was tested with an independent testing 

dataset that was not used during the training and validation process. This test was performed 

in order to determine the efficiency and accuracy of the proposed method in classifying the 

unseen skin disease images. A few common performance measures such as Accuracy, 

Precision, Recall, F1-Score, and Mean Average Precision (mAP) were considered to determine 

the efficiency of the classification. All these measures combined together indicate the 

efficiency and error minimization ability of the model. The test results prove the efficiency of 

the proposed EfficientNet-MobileNet model in extracting the discriminatory features of the 

skin diseases and making predictions. The achieved performance values are presented in Table 

3. 

Table 3. Performance metrics of the proposed skin disease classification framework 

Metric Value (%) 

Accuracy 94.8 

Precision 93.6 

Recall 94.1 

F1-Score 93.8 

mAP 95.4 

As shown in Table 3, the efficiency of the suggested framework is evident with an 

overall accuracy of 94.8%, precision of 93.6%, recall of 94.1%, and F1 score of 93.8%. 

Moreover, the mAP value of 95.4% is indicative of the high prediction ability and effective 

extraction of features by the model. Consequently, it can be stated that EfficientNet-MobileNet 

model has the potential to accurately detect skin diseases. 
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Figure 3. Correlation heatmap of training metrics 

Figure 3 shows the correlation matrix among the main training measures. It is noted 

that there is a high correlation between the number of epochs and training accuracy. On the 

other hand, training loss has a high negative correlation with epoch number and training 

accuracy. These indicate that training loss becomes smaller as the classification errors reduce 

with training. 

 

Figure 4. Training and validation accuracy across epochs 

As shown in Figure 4, both training and validation accuracies grow throughout the 

training process, which means the correct learning of discriminative dermoscopic features. 

Training accuracy shows an increasing trend, and validation accuracy grows in the beginning 

epochs and then becomes stable. The intersection of both plots implies that the model learned 

the relevant features well while retaining sufficient generalization ability. 
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Figure 5. Training and Validation Loss Across Epochs 

Figure 5 shows how the training and validation loss changes throughout model 

optimization. It is noted that the training loss decreases constantly with an increase in the 

number of epochs. It indicates that the model reduces prediction errors effectively. Validation 

loss decreases first and then remains stable, which shows that the model successfully learns the 

representative features without overfitting. 

 

Figure 6. Training accuracy and loss trend analysis 

From Figure 6 above, it can be noted that there is an inverse correlation between training 

accuracy and loss in the dual-axis representation. The training accuracy keeps on increasing 

with loss decreasing as the model undergoes further training. Therefore, it can be noted that 

network parameters have been successfully optimized.  
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Figure 7. Relationship between accuracy and loss 

Figure 7 shows how classification accuracy relates to their respective loss values during 

the training and validation stages. From the scatter distribution, it is clear that higher values of 

accuracy are correlated with smaller values of loss, demonstrating consistency and reliability 

of the learning procedure. The distribution supports the effectiveness of the proposed model in 

enhancing performance and reducing errors of classification. 

 

Figure 8. Combined multi-metric training trend 

Figure 8 shows the graphical representation of several training metrics such as Training 

accuracy, Validation accuracy, Training loss, and Validation loss. It can be seen from the graph 

that there is an increase in the accuracy along with a decrease in the loss values for all the 

training metrics. 
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Figure 9. Training–validation accuracy gap analysis 

Figure 9 depicts the variation of the training accuracy and the validation accuracy 

through the various training epochs. The gap is quite small in the early stages of the training 

and tends to increase gradually with increased training. However, while there exists a 

significant gap at some epochs, this gap is still acceptable, and thus the overfitting is under 

control. The findings show that the use of data augmentation and transfer learning techniques 

improves model robustness. 

 

Figure 10. Classification accuracy comparison of existing and proposed skin disease 

classification frameworks 

Figure 10 shows the comparative classification accuracy obtained from various 

classification frameworks for skin diseases. The traditional CNN classification framework was 
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found to have a classification accuracy of 91.5%, which indicates the ability of this framework 

to recognize skin diseases automatically although it is characterized by higher computational 

complexity. The MobileNet framework managed to increase the classification accuracy to 

92.8% due to its lightweight structure designed for efficient inference purposes. Similarly, the 

classification accuracy obtained from the EfficientNet framework was 93.4%. The suggested 

AI-integrated framework surpassed all previous frameworks, with the highest classification 

accuracy of 94.8%. This can be due to the combination of EfficientNet-MobileNet feature 

extraction, transfer learning, efficient edge deployment, explainable artificial intelligence, and 

confidence-based prediction. The findings indicate the superiority of the suggested framework, 

making it possible to diagnose skin diseases in real-time with high reliability and accuracy [4], 

[8], [9]. 

In general, from the outcomes obtained in Figure 3-9, it can be said that the stability, 

convergence, and efficiency of the proposed architecture have been achieved in this case of 

multi-class skin disease classification. It was proven that there is a good feature learning 

process, a small amount of optimization error, and high prediction power in this case. 

4.3   Comparative Analysis 

In order to prove the effectiveness of the suggested approach, a comparison study is 

performed with other skin disease classification methods available in the existing literature. 

Apart from comparing the predictive capability of the approaches, other practical 

considerations such as computational efficiency, ability to be deployed in edge devices, 

explainability of the models, confidence of predictions, and ease of use by end users are 

considered. In previous studies, researchers mainly concentrated on enhancing the performance 

using deep learning frameworks. However, most of these studies lack any method for making 

the models explainable and deployable in resource-constrained environment. Thus, a 

comparison between the proposed system and existing techniques offers a detailed evaluation 

of its advantages and indicates its value in contributing to the creation of a reliable, transparent, 

and operational skin disease diagnosis system. This comparison also reveals how the 

combination of the EfficientNet-MobileNet classification technique, TensorFlow Lite 

optimization technique, Grad-CAM visualization technique, and web-based accessibility 

improves the functionality and operability of the diagnosis system. 
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Table 4. Comparison of existing approaches and the proposed framework 

Evaluation 

Aspect 

CNN-Based 

Framework 

[4] 

MobileNet-

Based 

Framework [8] 

EfficientNet-

Based 

Framework [9] 

Proposed 

Framework 

Classification 

Capability 

Multi-class 

classification 

Multi-class 

classification 

Multi-class 

classification 

Multi-class 

classification 

across 23 disease 

categories 

Feature 

Learning 

Strategy 

Conventional 

CNN learning 

Lightweight 

transfer learning 

Compound-

scaled feature 

extraction 

Hybrid 

EfficientNet-

MobileNet transfer 

learning 

Computational 

Efficiency 

High 

computational 

cost 

Moderate 

computational 

cost 

Moderate 

computational 

cost 

Optimized for 

edge-device 

execution 

Edge 

Deployment 

Support 

Not supported Limited support Limited support Fully deployed on 

Raspberry Pi 

Explainable 

AI Support 

Not available Not available Not available Grad-CAM-based 

visualization 

Confidence 

and Reliability 

Assessment 

Not available Not available Basic 

confidence 

reporting 

Confidence 

estimation and 

OOD detection 

Real-Time 

Inference 

Capability 

Limited Supported Supported Optimized real-

time inference 

Classification 

Accuracy (%) 

91.5 92.8 93.4 94.8 

Table 4 shows a comparison between the proposed framework and some skin disease 

classification techniques presented in previous studies. The CNN models in previous studies 

concentrate on classification accuracy but are associated with high computational cost and less 

flexibility in terms of deployment. The methods based on EfficientNet and MobileNet achieve 

better computational performance and real-time inference, but they do not have explain ability 

and reliability assessment techniques. Conversely, the proposed framework integrates 

EfficientNet-MobileNet feature extraction, deployment to an edge device, explain ability with 

Grad-CAM technique, confidence estimation, and out-of-distribution detection into one 
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framework. This framework obtains the highest classification accuracy of 94.8% and has been 

shown to be effective for skin disease diagnosis [4], [8]-[11], [13]. 

4.4   Discussion 

Experimental findings validate the efficiency of the AI-driven methodological 

framework for automatic diagnosis of skin diseases. It can be seen that training and 

convergence analysis show that there is stable behavior of the model in terms of loss reduction 

and improving accuracy of classification during the training process. The methodological 

framework showed high efficiency in predicting skin diseases from various classes. This proves 

that there is good capability of feature extraction in dermatology cases for effective 

generalization to unseen datasets. 

In addition, the introduced framework goes beyond classification through the 

incorporation of edge computing technology, explainable artificial intelligence and web-based 

diagnostic application. As demonstrated in Figure 1 below, the framework allows for easy 

deployment on devices with constrained resources, while Figure 2 shows a user-friendly 

application that offers disease predictions along with their confidence levels and Grad-CAM 

explanation. The results from the comparative study clearly indicate that the introduced 

framework is more efficient than other frameworks since it not only has high accuracy but also 

it allows real time inference and provides the diagnostic process with transparency. This means 

that the framework will be helpful in implementing telemedicine services and offering remote 

healthcare services. 

5. Conclusion and Future Work 

In this study, a novel AI-enabled framework for automated skin disease detection and 

classification was developed by combining deep learning, explainable AI, and mobile edge 

computing in one diagnostic system. With the use of EfficientNet-MobileNet networks for 

powerful feature extraction and multi-class classification, the framework was fine-tuned using 

TensorFlow Lite and run on a Raspberry Pi device. With the inclusion of visual explanations 

based on Grad-CAM, confidence estimation, and web diagnostic interface, the framework was 

improved from the perspective of interpretability, accessibility, and usability. The experimental 

results have shown that the proposed framework provides high classification accuracy with 

94.8% accuracy, 93.6% precision, 94.1% recall, 93.8% F1-score, and 95.4% mAP. The 

comparative analysis showed that the suggested technique has some major benefits in 
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comparison to the available solutions due to the presence of such characteristics as high 

prediction accuracy, explainability, edge computing, and the ability to process the data in real 

time. The future directions of the research will involve the expansion of the suggested 

framework due to the application of more extensive dermatological databases, transformer 

models, the application of federated learning for privacy-preserving model training, and 

multimodal clinical data. Also, the clinical validation and application of the solution in mobile 

healthcare and telemedicine settings will be investigated. 
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