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Abstract: Skin disorders are a leading global health problem. The exact diagnosis of melanoma will help to improve patient 

outcomes. Methods of diagnosis, such as visual inspection by a dermatologist, are widely used for diagnosing various types of 

skin disease. However, they tend to suffer from experts' subjectivity. It is also time-consuming and limited by the availability 

of medical expertise. To overcome the problems, this research paper proposes an automated skin illness classification system 

using DL (Deep Learning) methods, which can assist in reliable and efficient diagnosis. The system suggested using a CNN to 

classify skin diseases from dermoscopic images. The HAM10000 dataset is an established, clinically verified dataset containing 

images of seven common pigmented skin lesion categories, used to train and test the model. Before training models, images 

are preprocessed using steps such as resizing, normalisation, colour normalisation, and noise reduction. A pre-trained CNN 

architecture has been used to extract visual features via TL (Transfer Learning), achieving good performance with limited 

medical data. The Adam optimiser trains the model with categorical cross-entropy loss. To evaluate robustness across all disease 

classes, accuracy, precision, recall, F1-score, and confusion matrix are used. The skin lesions are accurately classified, proving 

that the method works. The approach has great diagnostic potential for dermatologists. This can be expanded to online or mobile 

apps for early identification of skin disease and greater accessibility. 
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1. Introduction 

 

The major organ of the human frame is the skin. It shields the entire body [17]. It is the body's first line of defence against 

external factors [16]. One of the most prevalent cancers in the US (United States) is skin tumours. This tumour happens due to 

the rapid multiplication and excessive division of skin cells in the body. Skin tumours are harmful, but it is better to detect them 

early. Because of the difficulty of identification, specialists sometimes reach an incorrect conclusion about this cancer [11]. 

Millions of people across the globe suffer from one or more skin diseases every year. An appropriate and precise diagnosis is 
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very important for the active treatment of any medical condition. This holds particularly true for serious conditions that can 

turn fatal if not diagnosed on time, such as melanoma, which is a type of skin cancer. Conventionally, dermatologists have 

relied on visual examination and dermoscopy to identify skin lesions. Unfortunately, these processes can be quite time-

consuming and prone to human error. Furthermore, the nature of the differences between skin lesions makes examination more 

difficult. The growing need for reliable diagnostic tools has spurred interest in the design of automated systems to aid in the 

identification and classification of skin diseases [25]. 

 

1.1. Importance of Skin Disease Classification 

 

Classifying skin diseases is highly valuable, as it enables the healthcare system to identify, diagnose, and treat skin conditions 

with greater accuracy. Manual diagnosis often leads to mistakes, given that several skin conditions, such as skin cancer, acne, 

psoriasis, and eczema, share a variety of symptoms. With automated disease classification and the latest DL and ML 

technologies, disease patterns and image analysis of affected skin can be performed with precision. With such technologies, 

assisting dermatologists can lead to better resolution of their clinical problems and to the refinement of the diagnosis and 

treatment of skin diseases. For remote services, classification of skin diseases greatly benefits them, as dermatological services 

can be rendered to patients in remote regions to provide initial diagnoses and classifications using technological devices. The 

workload of medical personnel can also be lightened by using such services, as large numbers of people can be screened using 

the classifications. 

 

1.2. Challenges of Skin Lesion Classification  

 

The classification of skin lesions is quite difficult due to the high visual resemblance among diseases, the diverse types of skin, 

and the various lesion styles. The signs of skin diseases are varied, and changes in symptoms are a long-term process [21]. For 

the untrained eye, it can be difficult to determine the type of skin condition. A lot of laypersons also ignore the symptoms of 

skin conditions, which can lead to serious issues such as irreversible skin damage and even skin cancer. Also, early treatment 

for skin cancer can reduce mortality [20]. Skin lesion diagnosis poses unique difficulties, stemming from the overlap of visual 

characteristics such as lesion size, shape, texture, colour, and the various types of skin on which these lesions appear. Many 

dermatological conditions visually appear similar, and lesions characterised as benign or malignant can often change appearance 

over time, concealing the potential for either an acute or chronic medical condition. Factors such as lighting, environmental 

conditions, changes in lesion size, and lesion position can complicate a dermatological diagnosis. For those without medical 

training, an accurate and objective skin analysis can be difficult, often leading to a more severe dermatological concern, as skin 

lesions may worsen over time and potentially progress to skin cancer or irreversible skin damage. Dermatological practitioners 

must have access to accurate and reliable methods for analysing and classifying skin lesions. 

 

1.3. Traditional Skin Cancer Diagnostic Procedures 

 

Traditional diagnostic procedures primarily rely on dermatologists' visual inspection. These procedures, usually supported by 

a dermoscope, can often be subjective and rely on clinical skill. These factors make it difficult to obtain an accurate diagnosis 

on time, given the growing number of skin diseases. The accuracy of skin cancer diagnosis depends on the specificity and 

sensitivity of the physical examination method used. While several large studies have demonstrated inconclusive benefits of 

screening the general adult population, the specificity and sensitivity of the physician's speciality were also inconclusive due 

to aggregated accuracy reporting across several practitioner types [22]. It has suggested a new approach to classifying 

melanocytic tumours as benign or malignant by analysing digital dermoscopic images [29]. In skin cancer, traditional diagnostic 

methods rely heavily on the clinician's experience to examine skin lesions and assess their suspiciousness. For example, when 

visualising the skin, a clinician evaluates a lesion's size, colour, shape, and texture to formulate a diagnosis. One method they 

use to evaluate the potential severity of a lesion is the ABCDE rule, in which each letter corresponds to a different critical factor 

in determining its potential to be a melanoma.  

 

For example, A - asymmetry, B - border defection, C - colour, D - derivate size of the lesion, and E - how the lesion has changed 

over time. Physicians also examine lesions using dermoscopy, a skin-imaging technique. When dermoscopy is unavailable to 

the dermatologist, a lesion biopsy is performed, and the samples are sent for microscopic examination. Traditional methods of 

diagnosis are time-consuming, and for many lesions, diagnosis can be delayed by the numerous steps that require the 

dermatologist's experience. To reduce time to diagnosis and reliance on the dermatologist's experience, many researchers are 

investigating the use of computer-assisted diagnostic systems in conjunction with lesion imaging analysis. Poor contrast and 

undesirable noise are common problems across many image modalities, including medical, satellite, aerial, and general photos 

[30]. A parametric model that can be used to generate high-quality samples of natural images. The suggested method uses a 

series of convolutional networks integrated into a Laplacian pyramid to generate images via a coarse-to-fine refinement 

procedure [28]. 
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1.4. Modern Skin Cancer Diagnostic Procedures 

 

Recent developments in AI (Artificial Intelligence), especially DL, have sparked new prospects for automating medical image 

analysis. Skin conditions can be identified at an earlier stage, thereby reducing healthcare costs, and the application of 

automated deep CNN techniques reduces misdiagnosis of skin illnesses and enhances forecast accuracy [13]. CNNs are DL 

algorithms designed to recognise visual patterns in images and videos. They can provide the best classification accuracy. 

Automatic skin disease classification systems can provide consistent support to clinicians whilst improving overall outcomes. 

Similarly, they will continue to become smarter and more efficient for better diagnosis. Advanced techniques for evaluating 

skin cancer have been introduced, such as artificial intelligence image analysis, tape sampling for messenger RNA (mRNA) on 

the skin surface, reflectance confocal microscopy, and impedance spectroscopy [23]; [24]. A class imbalance occurs when one 

or the other pathology is significantly overrepresented [26]. Neural networks are therefore likely to overfit and exhibit poor 

generalisation to new data [27].  

 

1.5. Importance of Skin Cancer Datasets  

 

In this regard, large-scale annotated datasets such as HAM10000 are becoming a necessary tool for research, providing 

dermoscopic images. Systems that automatically process these images could assist dermatologists in clinical practice, improve 

detection rates, and reduce workload in some cases. It will help improve public health by enabling faster, more consistent 

identification of skin disorders, thereby enhancing patient health outcomes. 

 

2. Related Work 

 

Dermatoscopic analysis, biopsy, and histopathological investigation are always challenging for automatic classification of 

dermatoscopic images of skin lesions due to fine-grained variations. The CNN is a powerful DL technique that outperforms 

traditional procedures. Udriștoiu et al. [1] proposed a CNN design that classifies skin lesions using only image pixels and 

analysis labels as input. DL models effectively learn features that accurately interpret complex patterns. Srinivasu et al. [2] 

proposed a process for categorising skin sickness using DL-based methods. MobileNet V2 is effective, achieving higher 

accuracy while using lightweight computational strategies. The model can preserve sufficient information to make accurate 

predictions. The results are compared with state-of-the-art models and a CNN design that was expanded with a few changes. 

The proposed technique has achieved greater than 85% accuracy on the HAM10000 dataset. The speed at which it identifies 

the affected area is essentially leading the area to be used up by computations by almost 2× compared to the conventional 

MobileNet model. An app is designed to enable prompt, proper action. The image of the affected area helps the patient and 

dermatologist identify the type of skin disease at an early stage. The recommended system can assist general practitioners in 

efficiently diagnosing skin abnormalities, thereby reducing additional difficulties and sickness. Skin issues are a worldwide 

health problem.  

 

The danger of the toxicities is invisible, which creates physical pain and initiates mental depression. Also, in extreme 

circumstances, it may cause skin cancer. After that, identifying skin disease from clinical images is one of the most challenging 

tasks in healthcare image analysis. Furthermore, doctors using their expertise still take time, and it’s a subjective process. As a 

result, both affected individuals and dermatologists need automated skin disease prognostication to enable earlier action. 

Ahammed et al. [3] proposed a digital hair-removal method based on morphological filtering and an inpainting procedure, 

followed by Gaussian filtering to deblur the images. They automatically apply the Grabcut segmentation algorithm to isolate 

infected lesions. To obtain hidden inputs, statistical feature techniques and GLCM have been applied to skin images. For 

efficient classification, three ML techniques are applied to the extracted features. Two standard datasets are being evaluated to 

validate the models. The SVM classifier is marginally better than the others. The outcome has been compared with conventional 

models. Because external factors across crowds and patient populations can influence similar skin lesions, diagnosing skin 

diseases becomes difficult. The objective of the study by Alruwaili and Mohamed [4] was to explain a fusion-level DL model 

that enhances stability and performance in skin disease categorisation. The model's architecture combines three independent 

CNNs across separate divisions.  

 

The NN (Neural Network) framework leverages its ability to extract intricate features from diverse robust architectures to 

achieve accurate results and tight classification precision. Through dense and dropout layers, the framework effectively 

generalises the features it learns by mitigating overfitting. This study demonstrates the application of DL for skin disease 

classification. Therefore, the method has clinical potential to help automate dermatological diagnosis. More than one-third of 

the world’s population will suffer from a skin disease at some point, but their actual impact is far less acknowledged than 

physical ailments. They must automate the classification of these diseases to enable accurate, rapid diagnosis. Mohan et al. [5] 

explained the use of Vision Transformers, Swin Transformers, and DinoV2 in dermatology tasks, introducing the latter. The 

effectiveness of DinoV2 is confirmed using standard datasets, where it outperforms previous models. They will also compare 

ConvNeXt and further CNN designs and highlight the advantages of transformer models. The applications of this particular 
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transformer, specifically DinoV2, suggest it may be useful in dermatology. Skin ailments are among the most prevalent health 

concerns worldwide, affecting people of all ages and significantly lowering their quality of life.  

 

It is necessary to accurately and quickly diagnose and classify diseases. According to studies, soft-tissue injuries pose challenges 

in both practical and operative treatment. According to Sarı and Keser [6], fungal skin diseases include 693 cases of eczema. 

The classifier was built using the Relief algorithm, which prioritises classification success. To achieve better classification 

success and higher-quality selection, Relief was used in this study, which focused on three different skin diseases. An SVM 

classifier using Relief's approach achieves higher accuracy than classification with other techniques. The suggested model 

makes an original contribution to the literature, notably by combining feature selection with a simplified design. This success 

rate shows that DL is an effective method for classifying skin diseases, reducing cancer mortality through early, effective action, 

and enabling us to differentiate between them easily. Skin diseases are an important category of disease in medicine, and they 

are often difficult to diagnose and are often misdiagnosed. The use of DL for skin disease classification is highly valuable for 

clinical analysis. According to Liu et al. [7], the skin disease classification model is based on multiscale channel attention. To 

begin with, an improved pyramid segmentation attention module has been added to the model for extracting multi-scale features 

from the entire image. To validate the proposed model's performance, this study used common skin disease datasets. In 

dermatological research, the ability to accurately identify different types of skin lesions, such as nodules, can facilitate early 

diagnosis and significantly ease treatment. The research paper by Mubeen and Dulhare [8] described an innovative approach 

in which a unified attention (UA) network is paired with a deep CNN for feature extraction of skin lesions and nodules.  

 

The UA network processes sequential patient histories, while LSTM networks monitor nodule progression. This technology 

has better precision and sensitivity than other methods. This can improve dermatology diagnoses. The timely identification and 

management of several skin illnesses depend significantly on skin lesions. Computer vision and ML techniques have improved 

significantly, and therefore learning-based methods have attracted much attention. According to Debelee [9], the importance of 

analysing skin lesions in medicine was explained, along with the challenges posed by physical inspection. The in-depth review 

of earlier research papers on skin lesion classification aims to accurately classify skin disease types from dermoscopic, 

macroscopic, and other lesion images. The study papers selected for the present study were analysed for their contributions and 

limitations regarding the techniques used, DL architectures, or conventional ML methods. Aksoy et al. [10] evaluated the 

performance of various DL models for lesion classification, identified the most suitable architecture, and developed a web-

based portal to enhance accessibility for diagnostic and educational purposes. Several DL models were compared for 

classification accuracy. They incorporated the top model into a web application that allows users to upload images for automatic 

classification, with confidence scores indicating the model's confidence in its prediction. The tool's enhanced visualisation 

feature helps explore feature maps produced by convolutional layers for better interpretability. Techniques of web scraping and 

summarisation were also used to provide dermatological information from reputable sources. 

 

3. Proposed Methodology 

 

DL techniques provide faster, more precise processing of large-scale datasets than classical ML methods, enabling more 

effective feature extraction. Simultaneously, DL algorithms can assist clinicians with more comprehensive data analysis and 

evaluation of test results [26]. The design of the projected system includes a DL pipeline for classifying skin disease from 

dermoscopic images. The process follows the pre-test phase to control the flow and organise the data. Figure 1 summarises the 

first steps in building a DL system for classifying skin-related diseases. Images of dermoscopic skin lesions from the 

HAM10000 dataset serve as the system's input. Each dermoscopy image in the dataset shows a different skin lesion from a 

different diagnostic category. Raw dermoscopic images captured under various lighting conditions can introduce noise. Images 

can additionally vary in size and colour. Consistency and quality must therefore be improved using pre-processing techniques. 

These techniques will enable further analysis while removing less relevant features from dermoscopic images. The 

preprocessing steps before model training improve the quality of dermoscopic images. These steps include colour correction, 

noise reduction, and consistent image resizing. Consistent resizing and colour correction are also forms of normalisation. 

Normalisation is the process of controlling the scaled pixel values. Noise reduction and other forms of reduction are intended 

to remove various unwanted artefacts.  

 

These techniques allow the DL model to learn features that are relevant from the data. The relevance of the features stems from 

increased image clarity and quality. Once preprocessing is finished, the system undergoes transfer learning employing pre-

trained models from CNN architectures such as ResNet50 and VGG16. Here, the models are used to recognise strong patterns, 

textures, and structures, as well as to detail the skin lesions from the learned images. Each neural network operates through 

multiple layers. Models such as ResNet, VGGNet, and EfficientNet CNNs are used for lower-level image processing tasks and 

can learn highly complex features through pre-training on large image datasets. Therefore, transfer learning can provide high 

overall model performance. Once feature extraction is complete, classification is performed using the EfficientNetB0 

architecture. Each learned feature is learned from the model's output layer to recognise and categorise images of skin lesions. 
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EfficientNetB0 is opted as it provides high performance with low descent complexity. This is ideal for healthcare models, as it 

solves the core dilemma of engineering: the trade-off between ease and efficiency. 

 

 
 

Figure 1: Automatic skin disease classification using DL models 

 

The next step is to train the model, which learns to classify skin lesions using labelled data. During training, the model is trained 

using the categorical cross-entropy loss function to quantify the divergence between the predicted and actual class labels. The 

model's learning rate is improved by using the Adam optimiser to update its weights. To determine how the model generalises 

to new data, the dataset is split into training and test sets. The final part of the process involves evaluating the system's 

classification and the classification system using multiple evaluation parameters. Other metrics for evaluating model 

classification performance include precision, recall, and the F1-score. In addition, a confusion matrix can be used better to 

understand the predictive results for each skin lesion category. The system's final output is a diagnosis, with images of skin 

lesions categorised into 7 classes: NV, ME, BK, BC, AK, VL, and DF. With these types of predictions, dermatologists can be 

assisted in detecting skin disease. Moreover, the suggested method can be implemented in clinical settings and in web- or 

mobile-based applications. This offers healthcare providers and patients the opportunity to conduct remote dermatological 

screenings, obtain initial diagnostic support, and, most importantly, improve access to dermatological care in underserved 

regions. 

 

3.1. Image Preprocessing 

 

In DL-based skin disease classification, it is necessary to preprocess raw dermoscopic images to provide suitable inputs for the 

CNN. Normalising and standardising input data can help accelerate model convergence, reduce computational complexity, and 

increase classification accuracy. 

 

3.1.1. Image Resizing Using Spatial Normalisation 

 

To use the ResNet50 or EfficientNet CNN architectures, all dermoscopy images are resized to a static input dimension of 224 

× 224 pixels. Uniformity is achieved by resizing images, which reduces computational cost. If 𝐼𝑜𝑟𝑖𝑔  ∈  𝑅𝐻 ×𝑊×3 is the original 

input image and 𝐼𝑟𝑒𝑠𝑖𝑧𝑒𝑑 ∈ 𝑅224 ×224×3 It represents the image after the resizing task can be illustrated as: 

 

𝐼𝑟𝑒𝑠𝑖𝑧𝑒𝑑 = 𝑅𝑒𝑠𝑖𝑧𝑒 (𝐼𝑜𝑟𝑖𝑔, 224,224)                                                                                                         (1) 

 

3.1.2. Pixel Normalisation Using Min-Max Scaling 

 

The pixel intensities in raw images range from 0 to 255. By scaling the pixel values of raw images from (0, 255) to (0, 1), 

numerical stability improves, and model training converges faster: 
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𝐼𝑛𝑜𝑟𝑚 =  
𝐼−𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥− 𝐼𝑚𝑖𝑛
                                                                                                                                  (2) 

 

Where: 

 

 It signifies the actual pixel intensity value. 

 Initialize 𝐼𝑚𝑖𝑛 = 0  and 𝐼𝑚𝑎𝑥 = 255 

 𝐼𝑛𝑜𝑟𝑚 represents the normalized value of a pixel.  

 

Post-normalisation, each image has a uniform intensity value that can be used in DL. 

 

3.1.3. Noise and Artefact Removal Using Gaussian Smoothing 

 

Hair, air bubbles, or reflections contained in dermoscopic images may interfere with model learning. Gaussian smoothing can 

be used to reduce noise. Related noise models, formulated based on these environmental and ambient variables, include the 

Gaussian distribution or a distribution with a characteristic function close to it. It is well known that in digital image processing, 

spatial filters (mean, median, and Gaussian smoothing) are applied to remove Gaussian noise [15]: 

 

𝐼𝑠𝑚𝑜𝑜𝑡ℎ(𝑥, 𝑦) =  ∑ ∑ 𝐺(𝑖, 𝑗). 𝐼(𝑥 + 𝑖, 𝑦 + 𝑗)𝑘
𝑗=−𝑘

𝑘
𝑖=−𝑘                                                                               (3) 

 

𝐺(𝑖, 𝑗) =  
1

2𝜋𝜎2 𝑒
−

𝑖2+𝑗2

2𝜎2                                                                                                                               (4) 

 

Where: 

 

 𝐺(𝑖, 𝑗) indicates the Gaussian kernel data. 

 σ denotes the SD (Standard Deviation) controlling smoothing. 

 k defines the kernel's radius. 

 

This removes high-frequency noise while preserving lesion boundaries. 

 

3.1.4. Colour Normalisation 

 

Some assessments indicate that colour loyalty significantly enhances the accuracy of analysing malicious lesions in images. A 

comparison of local and global methods revealed that colour features are more useful than texture features for melanoma 

identification [14]. The strategy based on local characteristics among those evaluated shows better performance, as colour 

adjustment enhances the accuracy of spontaneous diagnosis [19]. This indicates that lighting correction procedures have 

favourable effects on achieving colour constancy [18]. Images usually vary in colour depending on the type of dermatoscope 

and lighting. Colour normalisation or standardisation is used to minimise this variation: 

 

𝐼𝑐
𝑛𝑜𝑟𝑚 =  

𝐼𝑐−𝜇𝑐

𝜎𝑐
                                                                                                                                          (5) 

 

Where: 

 

 𝐼𝑐 represents pixel intensity in colour channel c (R, G, B). 

 𝜇𝑐 and σc denotes the mean value and SD of channel c. 

 

By maintaining a consistent colour distribution, CNNs extract features more efficiently. 

 

3.2. Dataset Splitting: Train–Validation–Test Split 

 

The classification dataset was divided into three subsamples: a training subset (70%), a validation subset (15%), and a test 

subset (15%). 

 

3.3. Feature Extraction Using CNN 

 

CNNs utilise multiple convolutional and pooling layers to automatically learn features from images. It fuses spatial features 

from the illness probability maps with people-specific clinical information, thereby refining the overall model’s performance. 
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3.3.1. Convolution Operation 

 

(𝐹 ∗ 𝐾)(𝑥, 𝑦) =  ∑ ∑ 𝐹(𝑥 + 𝑖, 𝑦 + 𝑗)𝐾(𝑖, 𝑗)𝑛
𝑗=1

𝑚
𝑖=1                                                                                  (6) 

 

F is denoting the original image, while K is denoting the Convolution Kernel. 

 

3.3.2. Activation Function: Rectified Linear Unit (ReLU) 

 

𝑓(𝑥) = max(0, 𝑥)                                                                                                                                   (7) 

   

ReLU introduces nonlinearity and accelerates convergence during training. 

 

3.3.3. Pooling Using Max Pooling 

 

𝑃(𝑥, 𝑦) =  max
(𝑖,𝑗)∈𝑅

𝐹(𝑖, 𝑗)                                                                                                                           (8) 

 

Dimensionality & complexity are reduced by pooling. 

 

3.4. Transfer Learning: Pre-Trained CNN (ResNet50 and VGG 16) 

 

Transfer learning initialises the model using weights trained on ImageNet. The last classification layers are replaced and 

optimised on the HAM10000 dataset. Classification Layer by Softmax Function: 

 

𝑃(𝑦𝑖) =  
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗𝐶

𝑗=1

                                                                                                                                       (9) 

 

C indicates the number of disease classes and 𝒛𝒊 is the output logit. 

 

3.4.1. Loss Function: Categorical Cross-Entropy 

 

𝐿 =  − ∑ 𝑦𝑖 log(𝑦̂𝑖)
𝐶
𝑖=1                                                                                                                              (10) 

 

3.4.2. Optimisation Using Adam Optimiser 

 

Adam combines momentum and adaptive learning rates for efficient training. Using CNNs for feature extraction has shown 

great promise for image-based classification, particularly in medical imaging analysis. One advantage of CNNs is their ability 

to learn features such as lines, shapes, and textures from images, eliminating the need for custom-built feature extraction. The 

model's ability to learn from visual images enables it to discern image features at both low-level (undiscerning) and high-level 

(discerning) levels, ultimately leading to significant improvements in classification. In analysing images for the detection of 

skin diseases, the subtleties of the images can at times go unnoticed to the naked eye. 

 

𝜃𝑡+1 =  𝜃𝑡 −  𝛼
𝑚𝑡

√𝑣𝑡+∈
                                                                                                                               (11) 

 

As a result, these features may go unnoticed by the human eye, but a CNN automatically compensates for them and highlights 

them. This automatic feature extraction tends to improve the effectiveness of the analysis. CNNs reduce the amount of data the 

model must analyse by providing features that represent the data; this is a method for reusing information. It improves their 

effectiveness through information recycling, making them ultimately more effective in the long run. This method of hierarchical 

learning also provides the CNN with some measure of generalisation when applied to feature analysis, which is effective for 

automated image analysis. Feature analysis will be effective for automated disease diagnosis. 

 

3.5 Model Evaluation 

 

Assessing model performance is important for reliability. This is especially true in the medical field, such as skin or other 

disease classification. Model evaluation is fundamental to assessing a predictive system's effectiveness and reliability. It also 

helps evaluate a model's generalisation ability and assures the quality and utility of its predictions. In particular, in medical 

applications such as disease detection, model evaluation becomes more critical, as inaccurate predictions can lead to incorrect 

diagnoses and/or treatment delays. Evaluation metrics are comparison points to differentiate models. By studying metrics such 

as accuracy, precision, and recall, among others, researchers can articulate the merits and flaws of models. Furthermore, model 
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evaluation also articulates how to develop the model by suggesting where enhancements or more sophisticated training are 

needed. In conclusion, extensive evaluation is vital to ensure a model is reliable for real-world applications. Various metrics 

help measure the performance of the multi-class model shown below. 

 

3.5.1. Accuracy 

 

Accuracy is the proportion of correctly classified samples to the total number of samples. It delivers a general indication of 

model performance but may be distorted in unbalanced datasets: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                                                                                     (12) 

 

 TP denotes True Positives. 

 TN refers to True Negatives. 

 False positives are represented as FP. 

 FN denotes False Negatives. 

 

3.5.2. Precision 

 

Precision, also known as Positive Predictive Value, is the ratio of properly forecast positive cases to the total forecast positive 

cases. A high precision means fewer FPs: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                                                                                 (13) 

 

3.5.3. Recall (Sensitivity) 

 

Recall, also called Sensitivity, assesses the proportion of actual positives the model correctly identifies. It demonstrates how 

successfully the model captures TPs: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                                                                       (14) 

 

3.5.4. F1-Score 

 

The F1 score, the harmonic mean of precision and recall, provides an overall assessment that reflects both false positives and 

negatives. It is especially helpful for unbalanced datasets: 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛.𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                                              (15) 

 

3.5.5. Confusion Matrix 

 

A confusion matrix is a Table 1 used to visualise the performance of a classification system. It does so by comparing the actual 

label and the predicted label. The counts of TPs, TNs, FPs, and FNs for each class are illustrated. The performance of the skin 

disease classification system on seven classes (NV, ME, BK, BC, AK, VL, DF) using the EfficientNetB0 Model is provided in 

the confusion matrix.  

 

Table 1: Arrangement for a 7-class problem (HAM10000 Dataset) 

 

Actual/Predicted NV ME BK BC AK VL DF 

NV 6599 45 28 8 4 4 4 

ME 40 1045 18 9 4 9 7 

BK 29 19 1025 9 6 2 1 

BC 17 4 5 481 4 1 2 

AK 4 2 3 4 302 4 4 

VL 4 4 5 2 4 135 0 

DF 1 2 2 1 2 0 101 
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Most of the samples are classified correctly, as indicated by the higher values along the diagonal. This shows a good degree of 

accuracy in the classification model, especially for NV, ME, and BK. The proposed deep learning model performs robustly, 

with minimal misclassifications, mostly between visually similar lesions (Figure 2). 

 

 
 

Figure 2: Confusion matrix for classification of skin disease 

 

Where: 

 

 NV: Melanocytic nevi 

 ME: Melanoma 

 BK: Benign keratosis 

 BC: Basal cell carcinoma 

 AK: Actinic keratosis 

 VL: Vascular lesions 

 DF: Dermatofibroma 

 

EfficientNetB0 achieved the highest Accuracy, Precision, Recall, and F1-score for multi-class skin disease classification on the 

given dataset, making it the best choice. 

 

Table 2: Comparison of DL models on HAM10000 dataset 

 

Class Name Output Metric ResNet50 Model VGG16 Model EfficientNetB0 Model 

NV Accuracy 0.972 0.964 0.987 

Precision 0.977 0.979 0.991 

Recall 0.978 0.969 0.975 

F1-Score 0.975 0.969 0.988 

ME Accuracy 0.977 0.979 0.990 

Precision 0.919 0.909 0.935 

Recall 0.905 0.910 0.925 

F1-Score 0.919 0.910 0.930 

BK Accuracy 0.989 0.979 0.993 

Precision 0.934 0.924 0.940 

Recall 0.936 0.918 0.942 

F1-Score 0.940 0.919 0.941 

BC Accuracy 0.990 0.986 0.991 

Precision 0.939 0.933 0.950 

Recall 0.933 0.919 0.940 
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F1-Score 0.939 0.929 0.945 

AK Accuracy 0.987 0.987 0.990 

Precision 0.931 0.910 0.938 

Recall 0.917 0.910 0.925 

F1-Score 0.926 0.910 0.931 

VL Accuracy 0.988 0.979 0.989 

Precision 0.837 0.819 0.850 

Recall 0.879 0.858 0.890 

F1-Score 0.860 0.838 0.870 

DF Accuracy 0.988 0.982 0.992 

Precision 0.882 0.869 0.900 

Recall 0.929 0.909 0.940 

F1-Score 0.908 0.891 0.920 

 

4. Results and Discussion 

 

4.1. Dataset Description 

 

The proposed methodology utilises the HAM10000 dataset. This is the most famous public dataset for skin lesion analysis. The 

dataset comprises 10,015 dermoscopic images of pigmented skin lesions, grouped into 7 classes. The attached images are 

labelled and verified by expert dermatologists. Many diagnoses are confirmed on histopathology for clinical reliability. The 

images in the dataset were acquired under standardised conditions but vary in lesion size, colour, shape, and texture. This helps 

the models generalise to cases they are likely to meet in the real world. The dataset shows a natural class imbalance between 

benign and malignant lesions, likely due to a higher incidence of benign lesions in the population. Hence, it is sufficient to 

train, validate, and test DL models for automatic skin disease classification [12]. 

 

4.2. Findings and Discussion 

 

The consequences of the experiment showed that three DL models, ResNet50, VGG16, and EfficientNetB0, attained high 

classification performance for all seven skin diseases (NV, ME, BK, BC, AK, VL, and DF). Among the models tested, 

EfficientNetB0 shows the best results across most classes, with higher accuracy, precision, recall, and F1-score. The model 

achieved very high accuracy (>0.98) on the dominant classes NV and BK, indicating strong learning from dermoscopic images. 

Still, for the difficult and minority classes (VL and DF), EfficientNetB0 maintained performance above that of ResNet50 and 

VGG16, as measured by precision and recall. The confusion matrix further shows that most predictions lie on the diagonal, 

indicating that the model correctly classifies the samples while minimising misclassification between similar-looking lesions. 

At the same time, confusion arises between certain pigmented lesions, ML and NV, because they are so similar in appearance. 

The results confirm that TL with EfficientNetB0 has superior performance for automated skin disease classification. The 

proposed system shows strong potential as a reliable clinical decision-support tool. Moreover, it can be extended to real-time 

web- or mobile-based investigative applications to enable timely detection and improve patient outcomes. Table 2 provides a 

comparison of the performance of the three DL models, ResNet50, VGG16, and EfficientNetB0, when used to identify and 

classify the various categories of skin lesions present in the HAM10000 dataset. The models are evaluated using standard 

industry performance measures: accuracy, precision, recall, and F1-score.  

 

These values help analyse the model’s overall performance in recognising and classifying skin lesions. The study is based on 

seven classes of skin lesions, namely, NV, ME, BK, BC, AK, VL, and DF. The analyses show that EfficientNetB0 performs 

better than ResNet50 and VGG16 across almost all skin lesion classes. This demonstrates the model’s superior capacity to 

extract relevant features from dermoscopic images, thereby improving its classification performance. The EfficientNetB0 

design optimally balances depth, width, and resolution, facilitating the capture of intricate details in a collection of images of 

skin lesions. EfficientNetB0 is the top performer for classifying the NV class, one of the skin lesion types, with an accuracy of 

0.987, the highest among all models. Furthermore, it delivers the best precision (0.991) and an F1-score of 0.988. ResNet50 

achieves an accuracy of 0.972 and an F1-score of 0.975, while VGG16 performs slightly worse, with an accuracy of 0.964 and 

0.969 and an F1-score of 0.969, which is significantly lower than the F1-score of EfficientNetB0. The greater precision of 

EfficientNetB0 also means the model misclassifies fewer lesions of this class. In ME class, EfficientNetB0 has 0.990 accuracy 

with lower precision (0.935) and recall (0.925) and an F1-score of 0.930, which indicates that its performance is better compared 

to ResNet50 and VGG16, which had accuracy of 0.977 and 0.979, respectively. Furthermore, the precision and recall remain 

lower than those of EfficientNetB0, suggesting a lower ability to identify melanoma correctly.  
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Among the BK classes, the EfficientNetB0 model achieves the highest accuracy of 0.993, making it the best-performing model. 

It has also recorded precision and recall of 0.940 and 0.942, with an F1-score of 0.941. The ResNet50 model has also exhibited 

reasonably strong performance, with an accuracy of 0.989 and an F1-score of 0.940, while the VGG16 model recorded slightly 

lower values of 0.979 and 0.919, respectively. These results show that although all the models perform impressively well at 

detecting benign keratosis cases, the EfficientNetB0 model still achieves slightly higher accuracy and F1 scores, which is worth 

considering. In the BC class, EfficientNetB0 has once again shown better classification performance with an accuracy of 0.991 

and an F1-score of 0.945. ResNet50 also exhibited strong performance, with an accuracy of 0.990 and an F1-score of 0.939, 

while VGG16 demonstrated slightly lower performance, with an accuracy of 0.986 and an F1-score of 0.929. The improved 

recall of 0.940 achieved by EfficientNetB0 indicates that it correctly identifies the majority of actual basal cell carcinoma cases 

without missing many cases. EfficientNetB0 demonstrates consistent performance on the AK class, achieving 0.990 accuracy, 

0.938 precision, 0.925 recall, and 0.931 F1-score. While ResNet50 and VGG16 have the same accuracy (0.987), they have 

lower precision and recall. This results in smaller F1-scores.  

 

This means that EfficientNetB0 is better at balancing the identification of positive cases with the correct classification of 

negatives. All models exhibit slightly poorer performance in the VL class, likely due to the overlap in appearance between 

vascular lesions and some benign skin diseases. Nonetheless, EfficientNetB0 still records the best performance with 0.989 

accuracy, 0.850 precision, 0.890 recall, and 0.870 F1-score. VGG16 and ResNet50 have lower precision and recall, meaning 

that they are poorer at classifying vascular lesions. Lastly, for the DF class, the best result was achieved by EfficientNetB0, 

with an accuracy of 0.992, precision of 0.900, recall of 0.940, and F1 score of 0.920. As for ResNet50, it performed reasonably 

with an accuracy of 0.988 and an F1 score of 0.908, while VGG16 had a score of 0.982 (accuracy) and an F1 score of 0.891, 

meaning it performed the worst of the three. The highest recall value for EfficientNetB0 indicates that the model correctly 

identified the majority of dermatofibroma cases. The results in Table 2 show that EfficientNetB0 outperforms ResNet50 and 

VGG16 across all skin lesion classes in the HAM10000 dataset. It consistently performs best in terms of accuracy, precision, 

recall, and F1 score across all runs, indicating that the model excels at identifying discriminative features between classes in 

dermoscopic images. ResNet50 achieves the second-best results and is competitive at the class level in a select few cases, while 

VGG16 performs the worst most of the time. This shows that EfficientNetB0 is the best-performing DL model for automated 

skin lesion classification and for initial screening of skin diseases. 

 

5. Conclusion and Future Work 

 

This paper presents an automated skin illness classification system based on DL techniques. The study uses dermoscopic images 

from the HAM10000 dataset. The proposed method involves image pre-processing and transfer learning, using and comparing 

three pre-trained CNN architectures: ResNet50, VGG16, and EfficientNetB0. Experimental results demonstrated that all 

models achieved high classification performance across all seven skin lesion classes: NV, ME, BK, BC, AK, VL, and DF. 

Among them, EfficientNetB0 achieved the highest accuracy, precision, recall, and F1-score, thanks to its effective feature 

extraction and lower computational load. As the findings show, automated diagnosis via DL can minimise subjectivity. It may 

reduce the need for expert assessment and dermatologist consultation. The proposed system has strong potential as a clinical 

decision-support system for diseases such as melanoma. Deploy the EfficientNetB0 model in web- and mobile-based 

applications due to its lightweight, efficient nature. As a result, this model can make it more accessible and allow for remote 

screening and timely medical assistance.  

 

Increased accessibility to more comprehensive dermoscopic imaging datasets is essential to enhancing s dermoscopic imaging-

based skin disease classification in future work. The model would greatly benefit from dermoscopic images obtained in various 

healthcare settings and imaging situations, including diverse dermal pigmentation. With these modifications and the use of 

advanced data augmentation and preprocessing strategies, the classification process’s robustness could be enhanced while also 

addressing class imbalance. There has also been little work on using hybrid DL methods and/or ensemble methods that allow 

multiple classifications. Explainable AI (XAI) techniques could also build the greatly needed trust in automated dermatologic 

systems by analysing a model’s decision processes. Finally, for countries with increasing populations and little to no qualified 

healthcare personnel, especially dermal oncologists, web- and smartphone-based healthcare systems utilising state-of-the-art 

EfficientNetB0s enable users to screen skin lesions and, eventually, facilitate remote diagnostics and early recognition of serious 

dermal neoplasias, such as melanoma. 
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