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1. INTRODUCTION
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The use of deep learning methods into medical imaging applications in recent years has shown
significant promise for revolutionizing diagnostics and illness detection. The area of dermatology has the
potential to greatly benefit from the capabilities of deep learning models within this framework. This work
focuses on the use of the VGG19 and Inception ResNetV2 architectures for detecting skin diseases, with the
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goal of addressing the challenges involved in diagnosing various dermatological problems. Given the
diverse and complex nature of skin disorders, it is crucial to have precise and efficient diagnostic techniques
to accurately identify them. Deep learning models, like VGG19 and Inception ResNetV2, with their
sophisticated feature extraction capabilities, provide a hopeful approach to automate the detection process
and enable prompt responses [1]. The integration of deep learning methods in dermatology goes beyond
simple categorization; it signifies a fundamental change in the approach to diagnosing and treating skin
problems. Through the use of VGG19, a potent model renowned for its capacity to gather both local and
global data, this work seeks to improve the development of a trustworthy and automated skin disease
detection system. These breakthroughs have the potential to completely transform the sector by enabling
early identification and customized treatment strategies, and enhanced patient outcomes. The integration
of VGG19 into skin disease detection is a major advancement in healthcare solutions, meeting the
increasing need for efficient and accurate diagnostics. This integration not only marks a technical milestone
but also a step towards more effective and patient-centric dermatological diagnostics [2].

Significance

In the fields of dermatology and healthcare, the proposed skin disease detection system's use of
deep learning techniques is highly significant. Several crucial factors underscore the significance and
potential influence of this research:

Early Identification and Therapy

Automating the detection of skin diseases allows for early diagnosis, which is crucial for effectively
treating different dermatological problems. Prompt care can greatly enhance patient outcomes and
mitigate the likelihood of complications linked to late stages of illnesses like melanoma [3].

Access and Cost

Utilizing deep learning techniques to automate the diagnostic procedure can effectively resolve the
problem of limited accessibility to dermatological knowledge. The suggested system provides a cost-
effective and efficient alternative for initial screening of skin diseases in places with limited access to
specialist healthcare practitioners [4].

Enhancing Efficiency in Dermatological Practices

Dermatologists encounter a significant amount of labour, and an automated system can be a useful
tool for making the diagnostic procedure more efficient. The method aids healthcare workers in detecting
possible skin problems, enabling dermatologists to concentrate their knowledge on more intricate
situations, therefore enhancing overall efficiency in dermatological practices [5].

Impact on Public Health

Implementing an automated skin disease detection system on a large scale can significantly improve
public health. The system enables individuals to conduct first self-assessments by offering a user friendly
interface, hence boosting awareness and motivating proactive health steps among the general public [6].

Decrease in Rates of Incorrect Diagnosis

Errors made by humans in the process of diagnosing skin disorders might result in the incorrect
interpretation and diagnosis of such conditions. Utilizing deep learning models, which have been trained on
a wide range of data, can improve precision and decrease the probability of mistakes, hence bolstering the
dependability of the diagnostic procedure.

2. RELATED WORK

The current focus on VGG19 is based on recent studies that looked at the application of deep
learning algorithms for skin disease identification. Promising outcomes have been observed in the
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automation of dermatological illness diagnosis through the use of convolutional neural networks (CNNs)
in research. Scientists have used many structures, including VGG16, Inception, and Dense Net, to
demonstrate their effectiveness in reliably detecting skin illnesses using picture analysis. These results
emphasize the need of using deep learning models to improve diagnostic accuracy and provide the
possibility for comparing VGG19 performance in detecting skin diseases [7].

Additionally, transfer learning techniques are becoming more and more common in
dermatological research as a way to overcome the challenges brought on by a lack of annotated datasets.
Scholars have examined the application of pre-trained models using large image datasets to enhance the
capacity of deep learning algorithms to recognise skin conditions. Since the pre-trained weights on large
picture datasets are used to improve the model's performance on dermatological photos, the present
study's method of adding VGG19 is consistent with this paradigm. In addition to using VGG19, the
application of transfer learning techniques demonstrates a larger trend in the literature emphasizing the
value of leveraging pre-existing data to improve deep learning models' diagnostic capabilities for skin
conditions [8].

Proposed System

Skin conditions can be difficult to diagnose and treat, frequently requiring specialized knowledge
to provide a precise diagnosis. By utilizing developments in deep learning, researchers have investigated
the possibility of neural network designs in automating the diagnosing process. In this study, we
investigated the diagnostic efficacy of two popular deep learning models for skin disease identification:
VGG19 and Inception ResNetV2. Our study's goal was to determine whether particular model performed
better at accurately classifying skin conditions. This would provide valuable assistance to dermatologists
and healthcare professionals in promptly and effectively diagnosing such conditions. To evaluate the
effectiveness of VGG19 and Inception ResNetV2, we built a thorough dataset of photos depicting a range of
skin disorders, such as eczema, psoriasis, dermatitis, and melanoma. The purpose of our investigation was
to find out which model was more accurate at categorising skin problems. VGG19 and Inception ResNetV2
used transfer learning on ImageNet to use pre-trained weights and accelerate convergence. Using the
information on skin diseases, we adjusted the models and contrasted them according to metrics like
accuracy, precision, recall, and F1-score [9].

In skin disease classification, we discovered that VGG19 performed better than Inception ResNetV2.
In terms of accuracy, precision, and recall, VGG19 performed better than Inception ResNetV2 when tested
on a range of skin conditions. The enhanced efficacy of VGG19 can be ascribed to its more profound structure
and capacity to capture subtle characteristics inherent in skin photographs. In addition, VGG19
demonstrated strong generalization ability by consistently performing well on new and unknown data.
These results show that deep learning models, especially VGG19, can automate skin disease diagnosis. These
models can aid dermatologists in making well-informed decisions and enhancing patient outcomes by
precisely detecting skin problems. Deep learning techniques are promising for dermatology difficulties such
as restricted access to specialist experts and rising skin disease rates due to their scalability and adaptability
[10].

Objectives

The goals of the proposed skin disease detection system, using the VGG19 architecture, are diverse
and complex. The primary objective of the system is to deploy and enhance the VGG19 deep learning model,
using its sophisticated residual learning architecture to efficiently extract features from dermatological
photos. The goal is to use the capabilities of VGG19 in identifying complex patterns and changes that are
characteristic of various skin disorders. Furthermore, the system aims to use transfer learning
methodologies by refining VGG19 using pre-existing weights obtained from a diverse picture collection. The
objective of this technique is to increase the model's capacity to adapt to the unique features of
dermatological pictures, hence promoting better generalization and diagnosis accuracy. Finally, the primary
goal is to develop an extensive and varied dataset that includes a wide range of skin conditions. This dataset
is essential for training advanced models, allowing the system to reliably recognize and categorize a wide
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range of skin disorders. As a result, it greatly enhances the diagnostic capabilities in the field of dermatology,
leading to more effective and exact diagnoses [11].

3. METHODOLOGY

Dataset Collection and Preprocessing: We collected a diverse dataset comprising images of various skin
diseases, including eczema, psoriasis, dermatitis, melanoma, and others, from publicly available sources and
dermatology databases. The dataset was pre-processed to ensure consistency in image size, resolution, and
quality. Images were resized to a standard dimension and normalized to enhance model performance [12].

Data Augmentation: We altered the photographs in the dataset by rotating, flipping, zooming, and shifting
in order to diversify it and enhance its quality. Through exposure to a greater variety of variances in the
input data, data augmentation helps prevent over fitting and enhances the models' capacity to generalize.

Model Selection and Architecture: We have chosen two cutting-edge deep learning models, VGG19 and
Inception ResNetV2, for our comparison study. Convolutional neural network (CNN) architecture VGG19 is
renowned for its efficiency and simplicity in image classification applications. Inception ResNetV2 is a more
complex architecture that combines the advantages of the Inception and ResNet architectures, featuring
both parallel and residual connections [13].

Transfer Learning: We employed transfer learning techniques to leverage the pre-trained weights of
VGG19 and Inception ResNetV2 on the ImageNet dataset. Transfer learning allows us to benefit from the
learned features of models trained on large-scale datasets, thereby accelerating convergence and
improving performance on our skin disease dataset.

Model Training and Evaluation: To train and assess the models, the pre-processed dataset was divided
into training, validation, and test sets. Using the training data, we adjusted the pre-trained VGG19 and
Inception ResNetV2 models, and we kept an eye on how they performed using the validation set. Metrics
including accuracy, precision, recall, and F1-score were used to evaluate the performance of the models in
order to determine how well they could categorize skin conditions [14].

Comparative Analysis: We conducted a comprehensive comparative analysis of VGG19 and Inception
ResNetV2 based on their performance metrics. The models were evaluated on their ability to distinguish
between different skin conditions and provide accurate diagnoses. Statistical tests were performed to
determine if the performance differences between the models were statistically significant.

Conclusion: To sum up, our comprehensive approach offers valuable perspectives on the procedure of
evaluating deep learning models' efficacy in diagnosing skin conditions. With the use of cutting-edge
architectures like VGG19 and Inception ResNetV2, along with transfer learning, we hope to further the
progress of precise and effective dermatology diagnostic instruments. Our comparative analysis will help
dermatologists and healthcare professionals make informed decisions about the adoption of deep learning
technologies in clinical practice.

Dataset: The International Skin Imaging Collaboration (ISIC) provided 2357 photographs of benign and
malignant oncological disorders for the dataset. With the exception of melanomas and moles, which are
somewhat more common, the photos were evenly split into subsets and categorized using the ISIC
classifications. Actinic keratosis, Basal cell carcinoma, Dermatofibroma, Melanoma, Nevus, Pigmented
Benign Keratosis, Seborrheic Keratosis, Squamous Cell Carcinoma, and Vascular Lesion are among the
disorders included in the dataset. The dataset comprises images that have been labelled with one of these
disorders, making it possible to train and assess machine learning models for the detection and
classification of skin diseases [15].
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Architectural Detail

Architecture

Figure 1. Architecture Diagram

Using Deep Learning to Treat Skin Conditions Using datasets of photos of skin diseases, diagnosis
entails a number of crucial phases in the process for efficiently training and deploying models Figure 1.
Here is a thorough explanation of each step:

Skin Disease Dataset: Acquire an image dataset with pictures of skin lesions that are grouped according
to the many kinds of skin conditions (e.g., melanoma, basal cell carcinoma, squamous cell carcinoma).
Reputable sources like DermNet NZ and The International Skin Imaging Collaboration (ISIC) are good
places to find this dataset.

Resize and Rescale Image: Preprocess the images by resizing them to a uniform size and rescaling their
pixel values to a range suitable for input into deep learning models (typically between 0 and 1). This step
ensures consistency in the input dimensions and pixel intensity across all images.

Data Augmentation: Augment the dataset to increase its diversity and robustness. Common augmentation

techniques include:

1. Random Zoom: Randomly zooming in or out of the image to simulate variations in image scale.

2. Random Flip: Randomly flipping the image horizontally or vertically to introduce variability in
orientation.

3. Random Shift: Randomly shifting the image horizontally or vertically to simulate changes in
perspective.

4. Augmentation: Apply the augmentation techniques to generate additional images from the original
dataset, thereby enriching the training data and reducing overfitting.

Train-Test Split: Divide the expanded dataset into subsets for testing and training. The testing set is used
to assess the model's performance on untested data, whereas the training set is used to train the deep
learning models.

Import VGG19 and Inception ResNetV2: Import pre-trained deep learning models from ImageNet and
other large-scale image datasets, such as VGG19 and Inception ResNetV2. These models are effective at
extracting features from skin lesion photos.

Training the Model: Apply transfer learning to the skin disease dataset to improve the pre-trained models.
This entails maintaining the learnt features of the previous layers frozen and updating the weights of the
final layers of the models.
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Testing the Model: Analyze the performance of the training models using metrics like F1-score, accuracy,
precision, and recall on the testing dataset. In this step, the models' accuracy in categorizing skin lesions
into the appropriate disease categories is evaluated.

Deployment: Once a satisfactory model is trained and tested, deploy it for real-world use. This could
involve integrating the model into a web application, mobile app, or healthcare system, allowing users to
upload images of skin lesions for automatic diagnosis. Deep learning models can be efficiently used for skin
disease diagnosis by following these thorough workflow processes, which will help with the early detection
and treatment of skin illnesses.

4. RESULTS AND DISCUSSION

Inception ResNetV2 and VGG19 models, in particular, were used to leverage deep learning for skin
disease diagnosis, and the classification of skin lesions produced encouraging results. After training and
testing the models on the skin disease dataset, the following observations were made:

Performance Metrics: Both the VGG19 and Inception ResNetV2 models performed well when it came to
classifying skin lesions into distinct diseases in terms of accuracy Figure 2.

Model Comparison: Despite both models achieving satisfactory results, VGG19 outperformed Inception
ResNetV2 in terms of overall accuracy and other evaluation metrics. This indicates that VGG19 may be more
effective for this particular skin disease diagnosis task.

Robustness: The models showed robustness against variations in image characteristics, such as lighting
conditions, image quality, and lesion size. This indicates that the models are capable of accurately
classifying skin lesions under diverse real-world conditions Figure 3.

Deployment Potential: Given the high performance and robustness of the models, they hold great
potential for deployment in real-world settings, such as dermatology clinics or mobile applications. Users
can leverage these models for automatic and accurate diagnosis of skin lesions, facilitating timely medical
intervention and treatment.

Overall, the findings show that deep learning models specifically, VGG19 are useful for diagnosing
skin diseases. These findings underscore the importance of leveraging advanced Al techniques for
improving healthcare outcomes and enhancing diagnostic capabilities in dermatology.

Training and Validation Accuracy Over Epochs Training and Validation Loss Over Epochs

10 13 20 23 10 35 40 a5 50 10 1 20 23 30 35 a9 4 50
Epochs Epochs

Figure 2. VGG19 Training and Validation Accuracy, Loss Graph
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Figure 3. Inception ResNetV2 Training and Validation Accuracy, Loss Graph
5. CONCLUSION

In conclusion, there is a great deal of promise and potential for the area of dermatology in using
deep learning techniques, particularly VGG19 and Inception ResNetV2 models, for the detection of skin
diseases. These models have shown remarkable recall, accuracy, precision, and F1-score metrics through
the analysis and classification of skin lesions. Although both models performed admirably, VGG19 turned
out to be the better option due to its higher overall accuracy and resilience. The successful generalization
of the trained models to unseen data suggests their capability to effectively learn and classify skin lesions
under diverse conditions.

Moreover, the robustness of the models against variations in image characteristics highlights their
suitability for real-world deployment in dermatology clinics or mobile applications. These models have the
potential to revolutionise dermatological healthcare delivery by providing automatic and accurate
diagnosis of skin lesions, so that medical intervention and treatment may be administered more quickly.

Overall, the findings underscore the importance of leveraging advanced Al techniques, such as deep
learning, to enhance diagnostic capabilities and improve healthcare outcomes in dermatology. Moving
forward, continued research and development in this area are essential to further refine and optimize deep
learning models for skin disease diagnosis, ultimately benefiting both healthcare providers and patients
alike.
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