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Abstract: Accurate diagnosis and timely treatment of skin diseases present formidable challenges, posing potential health risks to 

individuals affected. This research paper delves into an extensive exploration of skin disease detection employing two renowned deep 

learning architectures: VGG16 and InceptionV3. A thorough and insightful comparison of their performance is provided. The study 

employs a diverse dataset comprising a spectrum of skin disease images, encompassing a variety of conditions, for both training and 

evaluation purposes. 

The research methodology harnesses the power of transfer learning by leveraging pre-trained VGG16 and InceptionV3 models. This 

strategy obviates the necessity for manual feature engineering, enabling a proficient analysis of intricate inherent patterns within skin 

diseases. The dataset spans an array of skin disease cases, including melanoma, basal cell carcinoma, and squamous cell carcinoma, 

ensuring the model's adeptness at generalizing across diverse conditions.  

To comprehensively assess each model's efficacy, an array of performance metrics including accuracy, precision, recall, and the F1 score 

are meticulously computed. The outcomes furnish invaluable insights into the merits and limitations of both architectural approaches, 

thereby facilitating an informed juxtaposition of their adeptness in accomplishing skin disease detection tasks. 

The research findings underscore the potent capabilities of deep learning models, with specific emphasis on VGG16 and InceptionV3, in 

proficiently detecting and categorizing assorted skin diseases. The comparative analysis accentuates the divergent performance nuances 

between the two models, effectively shedding light on their respective strengths and weaknesses. These discernments hold potential utility 

for medical practitioners and researchers alike, guiding them in selecting the optimal model tailored to specific skin disease detection 

requisites. 
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1. Introduction 

Skin disorders present significant challenges within the 

realm of dermatology, affecting individuals across all age 

groups and influencing their overall quality of life. In recent 

times, computer-assisted diagnostics and deep learning 

methodologies have emerged as promising avenues for 

detecting skin diseases, offering the potential for swift and 

accurate analyses in contrast to traditional techniques.  

Deep learning, a subset of artificial intelligence, has brought 

about transformative changes in various domains, including 

dermatology. By harnessing expansive datasets and potent 

algorithms, deep learning models possess the capacity to 

discern patterns and attributes within images of skin 

ailments, facilitating precise categorization and diagnosis. 

Notably, among the sophisticated deep learning 

architectures, VGG16 and InceptionV3 have demonstrated 

commendable performance in tasks involving image 

classification. 

This research endeavor aims to delve into the practical 

application of VGG16 and InceptionV3 models for the 

identification and classification of skin diseases. The models 

are proficiently trained on a meticulously curated dataset, 

employing transfer learning methodologies to effectively 

exploit the pre-established weights and characteristic 

representations inherent in the models. The study further 

encompasses an intricate scrutiny of the respective 

performances of the VGG16 and InceptionV3 models. 

Diverse evaluation metrics, encompassing accuracy, 

precision, recall, and the F1 score, are thoughtfully 

employed to gauge the precision and resilience of each 

model in effectually diagnosing skin maladies.  

The comparative analysis undertaken strives to provide 

nuanced insights into the strengths and limitations that 

accompany these deep learning models, thereby delineating 

their appropriateness for the task of skin disease detection. 

Additionally, the research probes the potential impact of 

distinct input image resolutions on the overall model 

performance. By systematically varying image resolutions 

during both the training and testing phases, the study 

endeavors to pinpoint the optimal resolution that yields the 

highest levels of accuracy and efficiency in the realm of skin 

disease detection. 

The outcomes of this empirical inquiry contribute 

substantively to the ever-expanding reservoir of knowledge 

1Department of Artificial Intelligence and Data Science,SITCOE, Yadrav 

(Ichalkaranji) Maharashtra, India, 
2Department of Artificial Intelligence and Data Science SITCOE, Yadrav 

(Ichalkaranji)Maharashtra, India, 
3Department of Artificial Intelligence and Data Science SITCOE, Yadrav 

(Ichalkaranji) Maharashtra, India, 

 



International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2024, 12(1s), 148–155 |  149 

concerning deep learning-powered detection of skin 

diseases, furnishing invaluable insights to dermatologists, 

researchers, and technology developers operating within this 

domain.  

The comparative results juxtaposing the VGG16 and 

InceptionV3 models elucidate their individual capacities and 

performance characteristics, thereby guiding the judicious 

selection of suitable models for precise dermatological 

applications..  

2. Related Work 

The utilization of deep learning methodologies to detect and 

identify skin diseases has garnered significant attention 

within the dermatology field, showcasing their potential to 

enhance diagnostic precision and efficiency. This section 

provides an overview of pertinent research focusing on skin 

disease detection through deep learning models, particularly 

emphasizing the utilization of VGG16 and InceptionV3 

architectures. 

A pivotal study by Andre Esteva in 2017 demonstrated the 

viability of deep learning algorithms in skin cancer 

detection. The team harnessed a convolutional neural 

network (CNN) model, trained on a comprehensive set of 

over 120,000 skin lesion images, achieving comparable 

accuracy to dermatologists in distinguishing benign from 

malignant lesions. This study served as a cornerstone, paving 

the way for deeper exploration into the application of deep 

learning models across a broader array of skin conditions. 

Titus conducted a significant study in 2018, focusing on the 

development of a deep learning model for melanoma 

detection. By employing a substantial dataset of 

dermoscopic images, the researchers employed a fusion of 

deep convolutional neural networks, notably VGG16 and 

InceptionV3. Their findings underscored the efficacy of 

these architectures, highlighting their potential for clinical 

deployment in achieving heightened accuracy and sensitivity 

in melanoma classification. 

In 2018, Haenssle delved into the capability of a deep neural 

network to distinguish melanoma from benign skin lesions. 

Their model, trained on an extensive dataset of dermoscopic 

images, exhibited commendable sensitivity and specificity 

in melanoma detection. This promising outcome showcased 

the potential of deep learning algorithms in facilitating early 

melanoma identification, ultimately enhancing patient 

outcomes. 

Niyaz and Sambyal's 2018 study introduced a multifaceted 

skin disease categorization system, amalgamating support 

vector machines (SVM) with deep convolutional neural 

networks (CNN). The application of Error Correcting Output 

Codes (ECOC) linear SVM yielded a multi-class 

classification approach, unveiling a system that surpassed 

prior endeavors by classifying additional diseases, albeit 

with a slight trade-off in accuracy. 

In a study led by Harangi in 2018, a hybrid deep-learning 

methodology was proposed for nail disease identification. 

By harnessing three CNN networks (F1, F2, F3), the 

research achieved commendable classification accuracy and 

efficiency for individual nail diseases. The amalgamation of 

the resulting CNN vectors, followed by classification using 

the Random Forest classifier, presented a holistic approach 

to accurate identification. 

Seeja and Suresh's 2019 study delved into the development 

of algorithms and deep learning models tailored for the 

analysis of dermoscopic images. This approach aimed to 

automatically detect and classify a range of dermatological 

conditions, leveraging specific patterns and structures 

inherent in these images. 

Chen-Yu Zhu's 2021 research introduced a deep learning 

framework for skin disease classification, incorporating 

CNN architectures such as VGG16 and InceptionV3. Their 

comprehensive dataset encompassing diverse skin diseases 

showcased the superiority of VGG16 and InceptionV3 in 

accurately classifying skin conditions, further emphasizing 

the efficacy of these architectures in dermatological 

applications. Similarly, Jwan Najeeb Saeed's 2021 work 

involved the development of a deep learning model for skin 

lesion classification, conducting a thorough comparative 

analysis of various CNN architectures including VGG16 and 

InceptionV3. Their inclusive dataset spanning a wide 

spectrum of skin diseases yielded impressive outcomes in 

disease classification, reaffirming the robustness of VGG16 

and InceptionV3 in handling diverse dermatological 

conditions. 

Li's study in 2021 focused on applying deep learning 

algorithms to classify skin diseases based on dermoscopic 

images. The introduction of a deep residual network 

architecture demonstrated competitive performance against 

dermatologists in distinguishing various skin conditions, 

including melanoma, nevus, and seborrheic keratosis. 

Haleem's 2022 exploration delved into the progress of deep 

learning techniques in medical image analysis, specifically 

within the dermatological realm. CapsNet technology was 

employed, and regularization methods were investigated to 

enhance deep neural network performance, mitigating 

overfitting while maintaining the integrity of the network 

architecture. 

Furthermore, Kumar et al.'s 2022 study delved into the 

amalgamation of clinical data with image-based analysis, 

seeking to enhance the accuracy and specificity of skin 

disease diagnosis by incorporating both visual and non-

visual information. 

In summation, the body of work concerning skin disease 

detection utilizing deep learning models showcases 
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promising strides in improving diagnostic accuracy and 

efficiency. The adept utilization of VGG16 and InceptionV3 

architectures stands out, offering remarkable performance in 

the classification of various skin conditions. However, a 

thorough comparative analysis of these models is crucial to 

comprehensively discern their respective strengths and 

limitations, a focal point of this research paper. 

2.1 Research Gaps 

Several gaps exist in the current landscape of skin disease 

detection using deep learning algorithms. These include the 

need for diverse datasets, exploration of various 

architectures, integration of clinical data, assessment of 

model robustness across demographics, and the 

development of real-time image analysis tools for remote 

diagnosis. Addressing these gaps holds the potential to 

enhance the accuracy, effectiveness, and accessibility of skin 

disease detection, ultimately benefiting both patients and 

medical practitioners. 

3. Proposed Methodology 

The envisioned methodology seeks to establish a robust and 

precise system for identifying skin diseases based on input 

images of afflicted skin areas. This approach involves the 

utilization of two prominent deep learning models: VGG16 

and InceptionV3. The methodology's central objective is to 

gauge and compare the performance of these models in the 

context of skin disease classification. 

VGG16, or Visual Geometry Group 16, constitutes a deep 

convolutional neural network architecture composed of 16 

layers. This design integrates convolutional, pooling, and 

fully connected layers. Characterized by its homogeneous 

and straightforward structure, VGG16 employs compact 

receptive fields and layered convolutions. This architecture 

excels at capturing intricate nuances and localized patterns 

within images. In the domain of skin disease diagnosis, 

VGG16 aptly extracts ailment-specific attributes from 

dermoscopic images, thus facilitating precise categorization 

of distinct skin conditions.

 

 

 

Fig 1: VGG16 Architecture 

InceptionV3 represents another noteworthy deep 

convolutional neural network architecture. It leverages 

parallel convolutional layers to capture both local and global 

features within images. This is achieved by employing a 

blend of 1x1, 3x3, and 5x5 convolutional filters 

concurrently, enabling the extraction of features across 

varying scales. InceptionV3 also incorporates 

dimensionality reduction techniques to enhance efficiency 

and diminish computational complexity. In the context of 

skin disease detection, InceptionV3 excels in capturing fine-

grained intricacies alongside comprehensive contextual 

insights from dermoscopic images, thereby enabling 

accurate classification of diverse skin ailments.
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Fig 2: Inception V3 Architecture 

The methodology initiates with the collection of an extensive 

dataset comprising dermoscopic images showcasing an array 

of skin diseases. This dataset's diversity encompasses factors 

such as skin tones, age groups, and disease severity, ensuring 

a comprehensive representation for training and evaluation 

purposes. 

Following data collection, the acquired images undergo 

preprocessing techniques aimed at refining their quality and 

standardizing them for subsequent analysis. Techniques like 

contrast enhancement, grayscale conversion, and histogram 

equalization are employed to eliminate noise, enhance image 

clarity, and emphasize disease-specific characteristics. This 

preprocessing stage plays a pivotal role in preparing the 

images for precise classification. 

Subsequently, the deep learning models VGG16 and 

InceptionV3 are constructed utilizing established 

frameworks like TensorFlow or PyTorch. These models are 

chosen for their established effectiveness in image 

classification tasks, including skin disease diagnosis. 

VGG16's strength lies in its simplicity and ability to capture 

intricate details, while InceptionV3's innovation involves 

parallel convolutional layers that capture both local and 

global features. The constructed models are trained using 

techniques such as transfer learning. This approach enables 

the models to harness pre-existing weights and knowledge 

from extensive image datasets like ImageNet, thereby 

enhancing their proficiency in the specialized task of skin 

disease classification. The models are then fine-tuned on the 

skin disease dataset to align with the unique features and 

patterns inherent in skin diseases. 

The trained models subsequently undergo comprehensive 

evaluation employing diverse performance metrics, 

including accuracy, precision, recall, and the F1 score. This 

assessment occurs on a distinct test dataset complete with 

ground truth labels, gauging the models' capacity to 

generalize and provide dependable disease diagnosis. The 

performance of VGG16 and InceptionV3 is juxtaposed to 

ascertain their effectiveness in classifying skin diseases. 

Finally, the developed VGG16 and InceptionV3 models are 

integrated into an intuitive graphical user interface (GUI). 

This GUI empowers users to upload dermoscopic images 

and receive real-time disease diagnosis. By adopting this 

envisioned methodology, the research aims to make a 

meaningful contribution to the field of skin disease 

detection, harnessing the capabilities of VGG16 and 

InceptionV3 models. The ensuing comparison between these 

models will illuminate their respective strengths and 

performances in skin disease classification, ultimately 

leading to enhanced diagnosis and treatment 

recommendations for various dermatological conditions. 

4. Results and Discussion 

The primary objective of this research paper was to devise a 

sophisticated skin disease detection system, employing the 

prowess of the VGG16 and InceptionV3 deep learning 

models, and subsequently gauge their comparative 

performance. A diverse dataset of skin images, 

encompassing a spectrum of skin diseases, was harnessed for 

both model training and testing. Augmenting user 

engagement and ensuring accessibility, a user-friendly 

graphical user interface (GUI) was thoughtfully integrated 

into the system. During the evaluation phase, the trained 

models underwent rigorous testing on the designated testing 

dataset to assess their efficacy in accurately classifying skin 

diseases. Crucial evaluation metrics such as the F-1 score, 

recall, precision, and overall accuracy were meticulously 

computed, providing comprehensive insights into the 

models' effectiveness.
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Fig 3: Training Data Model Accuracy using VGG16 

The results garnered from this rigorous evaluation 

substantiate the success of the proposed system in achieving 

high accuracy and dependable performance in the realm of 

skin disease classification. Notably, both the VGG16 and 

InceptionV3 models adeptly extracted meaningful features 

from the provided skin images, effectively enhancing the 

classification process. Figure 3 showcases the trajectory of 

the VGG16 model's accuracy over five meticulously 

orchestrated epochs of training. With each epoch 

representing a comprehensive iteration through the training 

dataset, the model progressively honed its parameters and 

comprehension, culminating in an impressive accuracy of 

74% during the final epoch. 

 

Fig 4: Model Accuracy using VGG16 

Furthermore, a comprehensive comparison was drawn 

between the VGG16 and InceptionV3 models. The VGG16 

model attained an accuracy of 74%, as portrayed in Figure 4, 

while the InceptionV3 model showcased remarkable 

performance with an accuracy of 94%, as highlighted in 

Figure 5. This discrepancy in accuracy vividly underscores 

the superiority of the InceptionV3 model in precise skin 

disease classification 

 

Fig 5: Training Data Model Accuracy using InceptionV3 

The InceptionV3 model's exemplary accuracy of 94%, 

showcased in Figure 6, was achieved through an arduous 

training process encompassing multiple epochs. With each 

epoch, the model diligently processed the training dataset, 

progressively refining its parameters to achieve an in-depth 

understanding and heightened predictive capabilities.  
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Fig 6: Model Accuracy using InceptionV3 

Delving into the finer nuances of classification performance, 

the confusion matrix for the VGG16 model (Figure 7) 

unveiled certain inconsistencies in identifying specific skin 

disease types, particularly Basal and Squamous images 

 

Fig 7: Confusion Matrix of the model using VGG16 

In stark contrast, the InceptionV3 model demonstrated a 

more robust classification prowess, accurately labeling all 

images without significant inaccuracies, as depicted in 

Figure 8. This superiority can be attributed to the strategic 

incorporation of activation functions and layers during the 

training of the InceptionV3 model, effectively minimizing 

data loss and concurrently elevating model accuracy. The 

inverse relationship between model accuracy and loss further 

corroborates this observation 

 

Fig 8: Model Accuracy using InceptionV3 

The implications of these research findings underscore the 

potency of deep learning models, particularly exemplified by 

the InceptionV3 model, in delivering precise and reliable 

skin disease detection and classification. By seamlessly 

integrating a user-friendly graphical user interface (GUI), 

the system emerges as a formidable tool for streamlined 

computer-based diagnostics in dermatology. The 

ramifications of accurate skin disease classification are far-

reaching, enabling early detection and timely intervention, 

thereby empowering healthcare professionals with crucial 

insights to make informed decisions regarding patient care. 

In essence, this study underscores the efficacy of pre-trained 

models and deep learning techniques in the domain of skin 
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disease detection. Further advancement in this domain holds 

potential for enhanced healthcare outcomes and elevated 

patient well-being. Exploring advanced deep learning 

models and harnessing larger and more diverse datasets 

presents a promising avenue for augmenting the system's 

performance and extending its applications within the realm 

of dermatology. The findings from this study contribute 

substantively to the ongoing evolution of computer-aided 

diagnostic systems for skin diseases, fostering a landscape of 

improved healthcare diagnostics and patient-centric care. 

5. Conclusion 

The developed system stands as a testament to the potential 

of automating and aiding in the diagnosis of dermatological 

conditions, presenting a substantial boon for healthcare 

practitioners. Through the strategic utilization of deep 

learning models and pre-existing networks, the proposed 

system adeptly extracts pertinent features from skin images 

and achieves accurate classification into distinct disease 

categories. The thoughtful incorporation of an intuitive 

graphical user interface (GUI) further amplifies the system's 

user-friendliness, streamlining image upload, preprocessing, 

and disease identification processes. 

The evaluation of the system's performance yields promising 

outcomes. Notably, the deep learning models, particularly 

VGG16 and InceptionV3, exhibit remarkable accuracy in the 

classification of skin diseases. The comparative analysis 

between these models sheds light on their individual merits 

and limitations, with VGG16 showcasing superior accuracy 

in specific disease categories, while InceptionV3 excels in 

overall accuracy. It is crucial, however, to acknowledge that 

avenues for refinement exist. The expansion of the training 

dataset to encompass greater diversity and scale holds the 

potential to bolster the models' ability to generalize across a 

spectrum of skin types, age groups, and disease 

manifestations. Additionally, a thorough exploration of the 

influence of different skin tones on the classification 

system's performance will ensure its robustness and efficacy 

across heterogeneous populations. 

The proposed system carries significant implications for the 

timely identification and treatment of skin diseases. By 

automating the intricate classification process, healthcare 

professionals can be equipped with informed insights for 

prudent patient diagnosis and tailored treatment approaches. 

The synergy of advanced deep learning techniques, pre-

trained models, and an accessible GUI collectively crafts a 

potent instrument for computer-assisted diagnostics in the 

realm of dermatology. As a result, the fusion of technology 

and medical expertise heralds a transformative era in skin 

disease detection and healthcare intervention. 

 

 

6. Future Scope 

The present study lays the foundation for numerous avenues 

of future research and development. First and foremost, there 

is a compelling need to extend the application of deep 

learning methodologies to detect and classify a broader 

spectrum of skin diseases beyond those investigated in this 

study. By delving into other skin conditions, the diagnostic 

capabilities of the system can be enriched, consequently 

advancing patient care. Moreover, the integration of 

multimodal data, encompassing patient histories, genetic 

insights, and clinical annotations, holds the potential to offer 

a more holistic comprehension of skin diseases. Subsequent 

research endeavors can be directed towards seamlessly 

incorporating these diverse data modalities into deep 

learning models, thereby elevating diagnostic accuracy and 

enabling personalized treatment recommendations. 

The exploration of lightweight deep learning models capable 

of efficient operation on mobile devices represents another 

avenue for future investigations. Such models could 

facilitate point-of-care skin disease detection, proving 

invaluable for healthcare practitioners working in remote or 

resource-constrained settings. Additionally, integrating the 

skin disease detection system with electronic health records 

(EHRs) emerges as a compelling direction for further 

research. This integration would streamline the process by 

enabling the automatic extraction of pertinent information 

from EHRs, thereby enhancing diagnostic accuracy and 

efficiency. 

Collaboration among researchers, dermatologists, and data 

scientists is pivotal in propelling the field forward. Future 

endeavors should prioritize data sharing, the development of 

standardized benchmarking frameworks, and the 

organization of competitions to foster innovation and 

facilitate comparisons among different models and 

techniques. By embracing these research directions, the 

realm of skin disease detection through deep learning can 

evolve continuously, culminating in increasingly accurate 

and efficient diagnostic systems that significantly elevate 

patient outcomes and the delivery of healthcare services. 
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