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Abstract. Skin diseases affect millions globally, posing diagnostic and treatment
challenges. This study proposes a deep learning approach using Convolutional Neural
Networks (CNN) with TensorFlow for automated skin disease diagnosis. Trained on a
diverse dataset, the model employs preprocessing techniques and pre-trained models to
enhance efficiency and accuracy using LeNet architecture. Evaluation metrics
demonstrate promising results, highlighting the potential for applications in telemedicine
and dermatology. This research advances Al-driven healthcare, offering innovative
solution to the complexities of skin disease diagnosis.

Keywords: Skin disease, Deep learning, Convolutional Neural Networks, LeNet,
Telemedicine.

1 Introduction

1.1 Role of AI in Dermatological Diagnostics

Skin cancer and diseases are more common with high rising incidence rates [1]. Early
detection is very important for effective treatment and better outcomes especially for cancer.
Al and Deep Learning have shown great promise in automating skin cancer and disease
diagnosis using dermoscopic images [2]. These technologies enhance diagnostic accuracy,
reduce workload, and improve patient care [3]. This work proposes a new method using
advanced convolutional neural network.

1.2 Existing System

Skin disease diagnosis has traditionally relied on manual assessment by dermatologists, which
can be subjective and time consuming [4]. To enhance diagnostic accuracy and efficiency
from 89%, artificial intelligence (Al)-based image classification techniques, particularly deep
learning models like Convolutional Neural Networks (CNNs), have been widely explored [5].

Recent advancements have introduced 1D multi-headed CNN architectures that integrate
handcrafted features, improving classification accuracy by capturing both global and local
image characteristics [6]. Parallel CNN models have also been proposed to enhance feature
extraction, leading to better recognition of skin lesions [7]. Additionally, Al-driven
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classification systems have been developed to detect and categorize skin cancer, highlighting
both the opportunities and challenges in real-world medical applications.

Despite these advancements, existing systems still face several challenges [8]. High
computational complexity limits real-time deployment, while performance depends heavily on
high-quality and diverse datasets. Variations in skin tone, lighting conditions, and lesion
characteristics further affect model generalization [9], [14]. Additionally, optimizing learning
strategies and integrating multi-modal data remain key areas for improvement. While deep
learning has significantly improved skin disease classification, there is a growing need for
models.

2 Procedure
2.1 Proposed System

The Proposed system is designed for the diagnosis revolution of skin disease diagnostic as
using the modern Deep learning strategy. This system will use Convolutional neural Network
(CNN) model in TensorFlow to process and diagnose images of skin to reliably classify
various dermatologic disorders [9]. It starts from users sending a skin image via a Django-
based interface [10] to guarantee the access-friendly and friendly approaching. After
uploaded, the images are pre-processed to improve the quality and format standardized, which
is necessary for efficient CNN-style assay [11]. The CNN model based on training and testing
with annotated skin image dataset covering different diseases and diseases types and when
feature extraction [15] and classification be done. Its framework from Tensor Flow guarantees
fast model training and deployment, as well as minimum downtime between mission of
models. After classification, the system gives detailed diagnostic reports, such as suspected
diseases, confidence [2] and recommended actions, such as further consultation or treatments.
User feedback and iterative model refinement are built in to improve diagnostic accuracy [3].




Fig 1 Process of Machine Learning Based Classification of Skin Disease. It starts from the
data by partitioning the dataset into training and testing sets. Then, in the pre-processing step,
data is cleaned and organized in a sequential way for model training. Next, a classification
model is developed that takes in this data and learns to spot patterns and predictions. Atlast
the model used for prediction [16] where it categorizes and recognizes different skin diseases.
This systematic process provides accurate and efficient disease detection.
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Fig. 2. Architecture diagram.

A Skin Disease Detection System to aid in diagnosing various types of skin diseases by giving
a picture as an input, automatically getting a result in seconds of a skin disease and its nature
from the application of Image processing on affected skin image is proposed in this context.
This follows a pipeline from collecting images to training a deep learning model and serving
it through a web application. Here's a step by step breakdown of how this works:

Step 1: Data collection

The first step is to collect an image database of various skin diseases. These are images
obtained from Kaggle which is a well-known platform that provides public datasets for
machine learning projects [4]. The dataset consists of different types of skin diseases that will
be used to train the Al model.

Step 2: Preparing the Images

Images are pre-processed by below when training the model to enhance their quality and be
regular with resolutions. This involves:

o Standardizes the size of the images.
e Pixel values normalization making it easier for the model to learn patterns.
e Denoising for improving the quality of an image [5].



e Adding more data by rotating, flipping the images or adjusting the contrast so the model
can learn better the patterns.

Step 3: Eliminating the Undesired Drawing information

Not all images in a dataset are informative. Some have been confusing, wrong, or irrelevant.
A manual filtering step discards any low-quality irrelevant images. This makes the AI mode
more accurate

Step 4: Training the AI Model

Once those images are prepared, a CNN is built to detect pattern and classify the skin disease
[6]. CNN is highly effective deep learning network that was designed for tasks related to
images. It learns to detect features in the images which helps tell one skin condition from
another.

Step 5: Test and Compare Accuracy

Afterward, the model is put to the test with new images to determine how well it can
distinguish between the skin diseases. Multiple versions of the model can be trained with
slight differences and their performance compared [7]. The aim is to decide on the version that
provides the most accurate predictions.

Step 6: Choosing the Best Model

The best accurate and well-perform model is chosen. Such criteria as precision, recall, and
overall reliability are considered to get the confidence that this virtual projective system
supplies accurate predictions during run-time applications.

Step 7: Turning It into a Web Application

A Django based web application [8] is used to expose the Al model to users. This makes it
possible for people to visit a website and upload an image of a skin condition and to receive
an immediate prediction on what type of disease it may be.

The system is built using

Python for the backend (supporting Al processing and application logic).
Django is the web framework used for the application.

The frontend (making the interface of the product easy to use).

The database for user submissions and results are SQLite3.

Step 8: Getting a Skin Disease Diagnosis

After they have everything in place, users can upload a photo of a skin condition, and the
system will analyse it and offer a prediction. This can even be a good tool of early detection
of skin diseases for both doctors and ordinary people to notice what is abnormal for early
treatments.



This system eases the detection of skin disorders by making use of machine learning, web
development and image processing to be accessible and effective.

2.3 Execution

The CNN model learns from the training data so that it accurately recognizes skin disease in
the test images. CNN is composed of several layers, such as Activation, Dense, Dropout,
Flatten, MaxPooling2D, and Convulation2D, playing a key role in learning patterns from the
data [9]. Once the model is trained successfully, the software can then differentiate whether
the images are of skin disease or of non-skin disease. The system processes the test image and
performs a comparison with the trained model to predict accurately, after training and pre-
processing [10].
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The training is a trade-off between accuracy, computational efficiency and real-world
credibility [11]. Prospective work could be done with greater variety of datasets, decrease
computational complexity, and enhance model explainability to further improve the Al in
diagnosis of skin diseases [14], [15].

3 Result

The proposed DL (Deep Learning)-based skin disease detection system showed dramatic
improvements in accuracy and efficiency to the conventional diagnostic tools. They trained a
model based on Convolutional Neural Networks (CNNs) like AlexNet and LeNet using a
miscellaneous dataset of skin lesion images, and their model had a high accuracy in
distinguishing a spectrum of skin diseases [2]. The performance of the system was tested with
conventional metrics like accuracy, precision and recall which have verified the effectiveness
of the system in discriminating different types of skin diseases [5]. The training was
conducted through several iterations, and a clear decrease in loss across the time showed good



learning and model’s convergence. An additional system that was implemented using Django
allowed users to upload images for immediate predictions [4].
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Fig. 4. Input-Output of Ringworm.

Figures 4 show the classification performance for Ringworm (Tinea corporis). The system
recognized the classic circular red, scaly lesions of fungal infection. The performance of the
system in distinguishing Ringworm from like diseases such as eczema [5] shows its efficiency
to diagnose the fungal skin diseases.
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Fig. 5. Input- Output of Dermatofibromas.

Figures 5, stands for classification results of Dermatofibromas. The model accurately
detected the typical, firm, raised nodules of the skin [6]. These fibrous growths were identified
by colour, texture, form that make easy their classification.
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Fig. 6. Input- Output of HFMD.

Fig. 6 to indicate the distinction of Hand-Foot-Mouth Disease (HFMD). The model accurately
diagnosed HFMD lesions [7], such as red papules and vesicles that usually occur on the hand,
feet and mouth. This identification was indeed verified by matching against the databases and
medical referential.
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Fig. 7. Input- Output of basal cell carcinoma.



Figures 7 illustrate the classification by the model applied to basal cell carcinoma [8]. The
skin condition was successfully diagnosed by the model from the image features and
similarity to its training database.
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Fig. 8. Input-Output of Vitiligo.

Fig 8, Illustrates the system's performance in analyzing Vitiligo. The model identified
depigmented skin patches characteristic of vitiligo and segmented them [9]. The deep
learning method was capable of differentiating Vitiligo from other skin diseases, guaranteeing
accurate diagnosis and low false positive.
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Fig. 9(a). Training Logs.



Fig. 9(a) shows some representative traces for the key departments on a 100-epoch training
process across the model. For each epoch, the metrics (classifier accuracy, precision, recall
and loss on the training and validation data set) were printed. The model demonstrates steady
improvement as the accuracy is slowly but consistently increasing and the loss is decreasing.
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Fig. 9(b). Model accuracy and model.

In fig 9(b) the curve is clearly increasing, it is going upwards and this demonstrates that the
model is learning with training. We notice that the accuracy is initially low, but gradually and
consistently improves until it reaches a stable point with the accuracy more than 93% at the
end, which means it has completely converged. The initial performance of the model [11] is
very bad with great loss. Loss continually decreases over the training with only small
fluctuations, model is learning and reducing mistakes.

4 Conclusion

The study investigated the feasibility of skin diseases diagnosis using DL, providing better
accuracy and efficiency, compared to other researches. This system achieved high precision in
recognizing different skin diseases via CNNs and TensorFlow. It was then followed by its
integration with a Django web application for the tooling, use cases, and uploads of images to



provide live feedback on predictions. These findings suggest that Al solutions can help
dermatologists identify early lesions, which in turn could have a positive impact on patient
care. This research points towards the increasing influence artificial intelligence may have on
the healthcare sector in the future, in which the diagnosis of dermatology is transformed to
become speedier, more precise and available to a broader demographic.
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