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Abstract 

Melanomous Skin lesions are among the deadliest kinds of cancer. Despite being a very uncommon skin 

condition, melanoma is responsible for 75% of cancer-related deaths. Dermatologists perform 

dermoscopy more commonly than any other procedure. Since it aggravates the skin condition, a 

dermatologist will be the first to identify it during an inspection. Because this strategy depends on the 

user's visual perception and experience, it can only be used by highly qualified physicians. These 

difficulties motivate researchers to create novel methods for recognizing and categorizing skin 

lesions.Skin diseases present a significant public health challenge globally, necessitating efficient and 

accurate diagnostic methods for timely treatment. With the advent of deep learning techniques, 

automated classification of skin disease images has emerged as a promising approach to aid 

dermatologists in diagnosis. In this study, we propose a novel approach utilizing transfer learning with 

EfficientNet, a state-of-the-art deep learning architecture, for the classification of skin disease images. 

 

Keywords: EfficientNet, transfer learning, skin disease, melanomous skin, CNN (Central Neural 
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INTRODUCTION 

Melanomous One of the deadliest types of cancer is skin lesions. Though melanoma is an extremely 

rare skin disease, it accounts for 75% of cancer-related deaths. Dermoscopy is one of the most often 

performed procedures by dermatologists. A dermatologist will be the first to notice it during an 

examination since it exacerbates the skin problem. This approach is limited to the use of skilled 

physicians due to its dependence on the visual perception and experience of the user. These challenges 

encourage scientists to develop new techniques for 

identifying and classifying skin lesions. The 

automated approach may facilitate a prompt and 

accurate cancer diagnosis, allowing for an early 

start to the patient's therapy. Therefore, automatic 

skin lesion classification is important in the clinical 

work of skin disorders. Therefore, the suggested 

transfer learning approach uses deep learning to 

more accurately identify melanoma skin cells. This 

suggested method combines the different features 

needed for categorization, analyzes the input in 

detail on a number of different levels, guarantees 

accurate output, and produces the necessary 

outcomes. The application of deep learning in skin 

disease classification presents several 

opportunities. Firstly, deep learning models can 

learn discriminative features from diverse datasets, 
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potentially enabling them to distinguish between different skin conditions with high accuracy. 

Additionally, automated classification systems have the potential to enhance diagnostic efficiency, 

reducing the time and resources required for manual evaluation by dermatologists [1]. 

 

Moreover, such systems hold the potential to support telemedicine endeavors, facilitating remote 

diagnosis and consultation in regions lacking sufficient healthcare access. The advent of deep 

learning, a branch of artificial intelligence, has broadened horizons for automated image analysis, 

offering avenues for enhancing the detection and classification of skin conditions [2]. 

 

Deep learning techniques have demonstrated remarkable capabilities in learning complex patterns 

and features from large datasets, particularly in image recognition tasks. By leveraging these 

techniques, researchers and clinicians aim to develop automated systems capable of accurately 

classifying skin diseases from digital images, thereby augmenting diagnostic capabilities and 

potentially bridging gaps in access to dermatological expertise [3–7]. 

 

The Convolution Neural Networks mode is used for feature extraction and classified using Machine 

learning models include Decision Tree, Nearest Neighbor, Support Vector Machines and Light 

Gradient Boosting classifier [8]. 

 

LITERATURE REVIEW 

This section summarizes the studies on skin lesion categorization that have been put up recently, 

including a number of deep learning and machine learning projects: 

1. Medical image analysis using CNN: This research [3], which focuses on convolutional neural 

networks [1], emphasizes the clinical aspects of the topic and proposes the use of machine-

learning techniques in medical image processing. “When filtering input images, CNNs maintain 

spatial relationships, and these spatial images are extremely important in radiology.”(Ker, 

Justin, 2017) A pixel input picture is fed into the CNN, which uses Convolution, Rectified 

Linear Unit, and Pooling Layers to alter it before feeding it into the Fully Connected Layers 

(FC) [2], which produce a probability or score. This approach has the benefit of allowing CNN 

to process raw data while maintaining spatial links. This method's drawback is that in order to 

create a better model, we must train and develop an increasing number of layers. 

2. Computer aided detection using CNN based transfer learning: In order to investigate various 

CNN [4] architectures and see how dataset scales and the spatial picture context affect 

performance, this paper [6] suggests using fine-tuned CNN models that are pretrained from 

natural image datasets for transfer learning. Models with 5000 to 160 million parameters are 

investigated. Additionally, the transfer learning from ImageNet is examined. The detection of 

thoraco-abodomial lymph nodes and the classification of interstitial lung disease are two 

particular automated detection methods that are being researched and tracked. The advantage of 

this method is that it produced early promising results when trained with a larger number of 

parameters. This method's drawback is that it has a tendency to overfit the dataset. 

3. Natural image denoising with convolutional networks: Convolutional networks for image 

processing architecture [7] and an unsupervised learning technique for picture synthesis are the 

two distinct techniques that this paper [9] suggests. It is claimed that the convolutional network 

approach performs better than the Markov random field (MRF) approach [8]. A more effective 

learning approach than the conventional gradient learning method was developed for picture 

denoising in convolutional network training using SGD. The suggested denoising procedure 

was tested using the Berkeley segmentation database. 
 

From [1] we can see the use of convolutional neural networks (CNN) for the classification of skin 

diseases has been a topic of interest in recent years. The author proposed the use of traditional 

computer vision features for detecting foot ulcers among diabetic patients, showcasing a cost-effective 

and convenient healthcare solution. Similarly, another author explored the automation of bacteria 
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recognition and classification using deep CNNs, highlighting the impressive results achieved in image 

classification. 

 

In the realm of skin disease classification, an author studied different CNN algorithms for face skin 

disease classification based on clinical images and performed transfer learning on models using an 

independent dataset. He introduced a mutual bootstrapping deep CNN model for simultaneous skin 

lesion segmentation and classification, emphasizing the importance of automated skin lesion analysis 

in the diagnosis of skin cancer. 

 

Transfer learning has also been a key component in skin disease classification, as demonstrated by 

the author in their approach using transfer learning and deep learning in an IoT system for the 

diagnosis of common skin lesion, further explored deep transfer learning using off-the-shelf CNNs to 

improve the accuracy of multiclass skin disease classification. Moreover, an author introduced 

transfer learning-enabled CAD systems for monkey pox classification, showcasing the versatility of 

CNNs in classifying various skin diseases. 

 

As referred from [2], the adoption of transfer learning is expected to yield a substantial increase in 

classification accuracy, potentially surpassing a predetermined threshold. Conversely, when the same 

dataset is employed in a standalone deep learning model, the achieved accuracy falls slightly short of 

that attained by the transfer learning approach. Moreover, it is observed that the execution time of the 

transfer learning model exceeds that of pure deep learning models, necessitating occasional human 

intervention during the data labeling process. Experimental results consistently demonstrate that 

certain models, such as decision trees and K-nearest neighbors, consistently achieve accuracies 

exceeding 99% across multiple iterations. 

 

The architecture of the CNN model includes several layers such as Fully Connected layer pooling. 

This study highlights the potential of CNN in diagnosing skin diseases accurately and efficiently. The 

use of CNN in automated skin disease diagnosis has been further explored by other researchers. These 

studies emphasize the effectiveness of CNN in classifying various skin problems and lesions, 

including fungal skin diseases and facial acne. 

 

The application of CNN in image-based skin disease detection and classification has shown 

promising results in accurately identifying different skin conditions. The use of deep learning 

techniques, specifically CNN, in the field of dermatology has opened up new possibilities for 

automated skin disease diagnosis and classification. Further research in this area could lead to the 

development of more advanced and accurate diagnostic tools for dermatological conditions [9]. 

 

The use of hybrid methodologies for segmentation and classification of diseases has been a topic of 

interest in the field of computer and communications. A study focused on employing an Atrous 

Pyramid Convolutional Deep Learning approach for the detection and diagnosis of breast cancer 

tumours. Their study aimed to evaluate noise reduction in mammographic images to identify salt and 

pepper, Gaussian, and Poisson noise for precise mass detection operations. An author conducted a 

study on hybrid methodologies for segmentation and classification of skin diseases [10]. 

 

The research focused on the extraction and classification of skin lesions, emphasizing the 

importance of accurate segmentation and classification methods for cutaneous diseases. In a similar 

vein, a study proposed a novel hybrid deep learning approach for skin lesion segmentation and 

classification. The research highlighted the significance of active deep learning-based feature 

selection for brain tumour segmentation and early diagnosis. 
 

Furthermore, computational intelligence methods have been utilized for the detection of white 

blood cell diseases (Computational Intelligence Method for Detection of White Blood Cells) This 
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study emphasized the importance of classification and segmentation of white blood cells for disease 

detection. Overall, the literature review suggests that hybrid methodologies combining deep learning 

approaches with segmentation and classification techniques are essential for the accurate detection 

and diagnosis of various diseases, including breast cancer tumours, skin diseases, brain tumours, and 

white blood cell diseases. These studies underscore the significance of advanced computational 

methods in the field of medical imaging and disease detection [11]. 

 

Moreover, it was discussed about the use of concatenated convolutional neural networks for rock 

classification in petrographic thin section images. The study demonstrated the effectiveness of deep 

learning approaches in solving rock fragmentation challenges, showcasing the potential of 

convolutional neural networks in geological image analysis. 

 

The consistent and reliable image segmentation provided by convolutional neural networks can 

significantly benefit geological studies by enhancing fracture detection and characterization processes. 

Overall, the integration of deep convolutional neural networks in rock fracture image segmentation 

has shown promising results in improving the accuracy and efficiency of fracture identification 

processes. By leveraging advanced deep learning techniques, researchers can enhance geological 

image analysis and contribute to a better understanding of rock formations and structures. 

 

The literature review focuses on auto-labelling entities in low-resource text, specifically in the field 

of geology during conducted a case study on auto-labelling entities in geological text, categorizing 

entities into six geological categories. This study highlights the importance of information extraction 

and knowledge linkage in geological profiles. 

 

Additionally, it was developed a question answering system based on mineral exploration ontology, 

further emphasizing the significance of auto-labelling entities in low-resource geological text. 

Furthermore, a study utilized active learning based on transfer learning techniques for text mining in 

geological data, showcasing the potential for improving entity labelling processes in low-resource text. 

 

The study conducted also discusses the construction and application of a knowledge graph for gold 

exploration, demonstrating the practical implications of auto-labelling entities in geological text. 

Overall, the research was conducted and other related studies highlight the importance of auto-

labelling entities in low-resource geological text for enhancing information extraction, knowledge 

linkage, and text mining processes in the field of geology [12]. 

 

SELECTION OF REASEARCH PROBLEM 

With the increasing adoption of telemedicine, there is a growing need for automated tools that can 

facilitate remote diagnosis and consultation for skin diseases. 
 

This subsection describes the design considerations for developing a real-time skin disease 

classification system suitable for telemedicine applications and 

 

The research focused on utilizing models trained on data from early COVID-infected countries to 

predict new cases and deaths. This approach of transfer learning has also been used in previous 

studies efficient use of resources. The integration of real-time image processing and classification 

algorithms is also addressed and also by indexing services. 

 

DATASETS 

The cornerstone of developing a robust diagnostic system for dermatological diseases lies in the 

meticulous preparation of a comprehensive dataset. This dataset serves as the fundamental building 

block for training and testing the diagnostic algorithms. It must be sourced from a diverse array of 

sources, including specialized hospitals, clinics, online platforms, and approved repositories. Each 
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source contributes unique cases, ensuring the dataset's representation of a wide spectrum of skin 

conditions across different demographics. The dataset in the training of our proposed Machine 

Learning Techniques for automated diagnosis. 

 

METHODOLOGIES 

The initial step in constructing a diagnostic system for dermatological conditions involves 

meticulously preparing the dataset, which serves as the foundational element of the project. This 

dataset can be sourced from various avenues, including specialized hospitals and clinics within the 

vicinity, as well as randomly selected samples from online platforms or official repositories dedicated 

to supplying datasets for automated clinical diagnosis tools. Each source contributes valuable data 

points, ensuring a diverse and representative collection that encompasses a wide range of skin 

conditions and demographics. 

 

The dataset named HAM10000 is the skin disease dataset that has been extracted from the Kaggle, 

which has served as a standard database. Search strategy and selection criteria and researchers. 

 

The dataset plays a crucial role in the training of our proposed Machine Learning Techniques for 

Number footnotes separately in superscripts. 

 

SYSTEM ARCHITECTURE 

Deep learning models, including EfficientNet, are often regarded as black boxes, making it 

challenging to interpret their decisions, especially in medical applications where interpretability is 

crucial. Understanding how the model arrives at its predictions and providing explanations for its 

decisions are areas of active research. 

 

Skin images captured under various conditions, such as differences in lighting, camera settings, and 

skin types, can display considerable variability. Consequently, models trained on a single dataset may 

struggle to perform as with any AI application in healthcare, there are concerns regarding the ethical 

use of deep learning models for skin classification. Bias in data collection, model predictions, or 

deployment can lead to disparities in diagnosis and treatment, particularly for underrepresented 

populations. System architecture of proposed system is shown in Figure 1. 

 

 
Figure 1. System architecture of proposed system. 
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CONCLUSION 

Real-time skin disease classification systems, utilizing Efficient Net architecture, are poised to 

revolutionize telemedicine by providing timely and accurate diagnosis remotely. These systems are 

designed with lightweight models optimized for deployment on mobile devices, ensuring minimal 

latency and efficient resource utilization. Implementation involves integrating real-time image 

processing and classification algorithms with telemedicine platforms for seamless remote consultation. 

 

Despite the promise of real-time skin disease classification for telemedicine, challenges such as model 

optimization, data privacy, and regulatory compliance remain. Future research directions aim to address 

these challenges and further enhance the capabilities of telemedicine-based classification systems. 

 

In summary, employing transfer learning techniques with EfficientNet for skin disease 

classification marks a substantial leap forward in dermatological diagnostics. This method boasts 

advantages like heightened accuracy, scalability, and compatibility with a range of healthcare 

frameworks. Nevertheless, despite the encouraging findings in recent studies, there remain numerous 

avenues for further investigation and enhancement in this field. 
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