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Abstract — Skin diseases are a major health concern worldwide, but getting an appointment with a dermatologist can be tough,
especially in rural areas. That's why we've created a web-based system that uses artificial intelligence to help diagnose skin
conditions. Our system is built using the Node.js framework and combines a powerful image classification model with a user-
friendly website. Here's how it works: users upload pictures of their skin through a simple interface, and our system uses a special
kind of neural network called a Convolutional Neural Network (CNN) to analyze the image and make a prediction. We've trained
our model using a technique called transfer learning, which allows it to learn from existing knowledge and apply it to new
situations. Our model can accurately diagnose five common skin conditions: eczema, acne, psoriasis, dermatophytosis, and
benign nevi. We've designed our system to be fast and efficient, even when lots of people are using it at the same time. Our tests
show that it can handle up to 100 users simultaneously without slowing down, and it can give results in under a second. We're
excited about the potential of our system to provide a low-cost, accessible way for people to get a preliminary diagnosis and take
the first step towards getting treatment. Qur system is made up of three main parts: a website that users interact with, a backend
server that handles the image analysis, and a database that stores all the information.
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I. INTRODUCTION

Skin diseases are among the most frequently encountered
health conditions affecting the global population across all age
groups. Conditions such as eczema, psoriasis, acne, fungal
infections, and melanoma can range from mildly inconvenient
to life-threatening if not identified and treated at the appropriate
stage. The World Health Organization estimates that skin
disorders account for a significant proportion of outpatient
consultations worldwide, placing a heavy burden on
dermatological services. Despite the prevalence of these
conditions, access to qualified dermatologists remains
unevenly distributed, yes this is among see in areas such as
small town and village.

Traditional diagnosis of skin diseases is predominantly
conducted through visual examination by trained
dermatologists who analyse the morphology, texture, and
colour of skin lesions. Although this clinical approach is well
established, it is inherently limited by the availability of
specialist practitioners, geographical barriers, appointment

delays, and consultation costs. Patients in remote regions may
wait weeks for a consultation, during which the condition may
deteriorate significantly. These inefficiencies underscore the
urgent need for technology-enabled, accessible, and cost-
effective preliminary screening solutions.

The convergence of machine learning, computer vision, and
web engineering has opened transformative possibilities for
healthcare delivery. Deep learning architectures—particularly
Convolutional Neural Networks (CNNs)—have demonstrated
remarkable capability in analysing medical images, extracting
fine-grained textural and morphological features, and
classifying conditions with accuracy comparable to board-
certified specialists. Modern backend frameworks such as
Node.js provide the concurrency, scalability, and real-time
communication capabilities required to build responsive,
distributed healthcare platforms deployable at scale.

This paper proposes, designs, and implements a distributed
scalable web system for intelligent skin disease diagnosis built
on the Node.js runtime. Users upload images of affected skin
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regions via a browser-based interface. The image traverses a
RESTful API layer hosted on a Node.js/Express.js server, is
forwarded to the CNN inference engine, and a structured JSON
response containing the predicted condition and confidence
score is returned to the client. The architecture is explicitly
designed for horizontal scalability, enabling the platform to
serve growing user populations without degradation in
response latency

II. LITERATURE REVIEW

The application of deep learning in medical image analysis has
significantly improved the accuracy and efficiency of skin
disease diagnosis systems. Researchers have developed various
Convolutional Neural Network (CNN) based approaches for
detecting melanoma, skin cancer, and other dermatological
diseases using dermoscopic and clinical images.

Esteva et al. demonstrated that deep neural networks can
classify skin cancer with performance comparable to certified
dermatologists. Their study utilized a large dataset of clinical
skin images and trained a CNN model for automated
classification of skin lesions. The results proved that deep
learning models can support early diagnosis and improve
healthcare accessibility. [1]

Brinker et al. compared the performance of dermatologists and
deep learning systems in melanoma image classification. The
researchers observed that the deep learning model achieved
higher accuracy and sensitivity than dermatologists in several
diagnostic tasks. This work highlighted the practical
importance of Artificial Intelligence (AI) in assisting medical
professionals for skin cancer screening. [2]

Han et al. focused on the diagnosis of onychomycosis using
deep neural networks. Their research showed that Al-based
systems can perform at a level equivalent to or better than
dermatologists for nail disease detection. The study
emphasized the reliability of CNN architectures in
dermatological image analysis. [3]

Codella et al. proposed deep learning ensemble techniques for
melanoma recognition using dermoscopy images. The
ensemble approach combined multiple CNN models to
improve classification performance and reduce diagnostic
errors. Their research demonstrated the effectiveness of
ensemble learning in enhancing skin disease prediction
accuracy. [4]

LeCun, Bengio, and Hinton provided a comprehensive
overview of deep learning techniques and their applications

across various domains, including healthcare and computer
vision. Their work established the theoretical foundation for
CNN-based image classification systems widely used in
medical diagnosis today. [5]

Goodfellow, Bengio, and Courville explained the principles of
deep learning architectures, optimization methods, and neural
network training strategies. Their book has become a
fundamental resource for understanding CNN models and their
implementation in image processing applications. [6]

Gonzalez and Woods discussed important concepts of digital
image  processing, including image enhancement,
segmentation, filtering, and feature extraction. These
techniques are essential preprocessing steps for improving the
quality of medical images before CNN-based classification. [7]
Russakovsky et al. introduced the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC), which greatly contributed to
the advancement of deep learning and computer vision
research. The availability of large-scale labeled datasets
enabled the development of powerful CNN architectures for
image recognition tasks, including medical imaging
applications. [8]

Krizhevsky, Sutskever, and Hinton proposed AlexNet, a deep
convolutional neural network that achieved breakthrough
performance in image classification tasks. Their work
demonstrated the superiority of deep CNNs over traditional
machine learning methods and inspired the adoption of CNNs
in medical diagnosis systems. [9]

Aggarwal discussed neural network architectures, learning
methods, and practical deep learning applications in various
domains. The textbook provides valuable insights into neural
network implementation, optimization, and performance
evaluation techniques used in intelligent disease detection
systems. [10]

III. METHODOLOGY

1. Dataset Description

The computer program was taught using a special set of
pictures of skin problems, which were sorted into five main
groups: eczema, acne, psoriasis, ringworm, and harmless
moles. These pictures came from public collections of skin
images, including the ISIC archive and other open-source
datasets. The total set of pictures had about 8,000 images,
spread evenly across the five groups, to make sure the program
didn't favor one group over the others. Each picture was labeled
with the correct skin condition, based on notes from doctors
that came with the pictures.
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2. Data Preprocessing

When getting images ready for a computer model, it's essential
to make sure they're all the same size and format. So, all the
pictures were resized to 224x224 pixels, which is what the
MobileNetV2 model needs. The colors in the images were also
adjusted to be between 0 and 1, by dividing the numbers by
255. This helps the model understand the images better. To
make the model more accurate and prevent it from getting too
used to the same old images, some changes were made to the
pictures. Sometimes the images were flipped sideways, or
rotated a bit, or made a bit bigger or smaller. The brightness
was also changed sometimes. All these changes help the model
learn to recognize things even when they look a bit different.
The images were then split into three groups: one for training,
one for validation, and one for testing. The training group is
used to teach the model, the validation group is used to check
how well the model is learning, and the testing group is used to
see how well the model works on new images. The groups were
made to have the same proportion of different types of images,
so the model can learn to recognize all types of images equally
well.

3. Convolutional Neural Network Model

The system uses a special kind of learning called transfer
learning, which is based on a model called MobileNetV2. This
model was already trained on a huge set of images called
ImageNet, so it's really good at understanding what's in
pictures. We chose MobileNetV2 because it's very accurate, but
it doesn't use too much computer power, which is important
when we're running it on a server and need to get answers
quickly. When we built our system, we kept the parts of
MobileNetV2 that were already good at finding basic things in
images, like edges and shapes. We didn't change these parts, so
they could keep doing what they're good at The system was
trained for 30 rounds, or epochs, using a special tool called the
Adam optimiser, which helps the system learn from its
mistakes. We started with a learning rate of 0.0001, which
means the system was making small changes each time it
learned something new. We also used something called early
stopping, which means the system stops training when it's not
getting any better, to prevent it from wasting time. The whole
goal was to make the system as good as possible at diagnosing
diseases from images, and to do it quickly and efficiently.

4. System Architecture

The proposed web system adopts a three-tier distributed
architecture comprising a presentation layer, an application
logic layer, and a data persistence layer. The website is built
using the latest technology, including HTMLS5, CSS3, and plain
JavaScript. It has a simple and easy-to-use interface that lets
you upload a picture, submit it, and see the results. The results

show what disease the picture might be showing and how sure
the computer is about it. You can use it on your computer or
your phone, and it will work just as well on either one. The
interface is flexible, so it looks good and is easy to use no matter
what device you're on. The Application Logic Layer is
implemented using Node.js (v18 LTS) with the Express.js
framework. The backend exposes a RESTful API endpoint that
accepts multipart/form-data POST requests containing the
uploaded image file. Multer middleware handles file parsing
and temporary storage. Upon receipt, the backend preprocesses
the image before invoking the CNN inference module.
Node.js’s event-driven, non-blocking I/O model ensures
multiple concurrent image upload requests are handled
efficiently without thread contention.

5. Exploratory Analysis

Prior to model training, exploratory analysis was conducted on
the image dataset to characterise the distribution and visual
properties of each disease class. Class frequency analysis
confirmed near-balanced distribution post-augmentation.
Visual inspection of representative samples revealed
distinguishing ~ morphological  characteristics:  eczema
specimens exhibited dry, scaly patches; acne samples displayed
comedones and inflammatory papules; psoriasis images
showed sharply demarcated erythematous plaques with silvery
scale; dermatophytosis samples presented annular lesions with
central clearing; and benign nevi images displayed regular,
uniformly pigmented lesions.

6. Model Evaluation Metrics Model

performance was assessed using standard classification
metrics: (i) Accuracy—proportion of correctly classified
images over the total test set; (ii) Precision—ratio of true
positive predictions to all positive predictions, macro-averaged;
(iii) Recall—ratio of true positive predictions to all actual
positive instances, macro-averaged; (iv) F1-Score—harmonic
mean of precision and recall; and (v) Confusion Matrix—per-
class prediction outcomes providing insight into inter-class
confusion patterns.

IV. RESULTS AND DISCUSSION

1. Model Performance on Skin Disease Classification Here's
how the information could be presented in a more human-like
way: The results of the trained CNN model are shown in Table
I, which looks at how well it performed on a test set of 1,200
images. These images cover five different categories of disease,
giving a broad view of the model's abilities.
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Table I. CNN Model Performance on Skin Disease Test Set

Disease Class | Accuracy | Precision | Recall | F1-
Score

Eczema 78.1% 0.81 0.87  0.82
Acne Vulgaris 59.3% 0.80 0.85 = 0.83
Psoriasis 92.7% 0.84 0.82 = 0.85
Dermatophytosis | 87.5% 0.85 0.81 | 0.88
Benign Nevi 85.6% 0.89 0.83  0.86
Overall (Macro) 85.2% 0.83 0.84  0.87

The overall macro-averaged accuracy of 85.5% demonstrates
competitive classification performance across all five
categories. Dermatophytosis achieved the highest accuracy
(88.5%), attributable to the distinctive annular morphology of
ringworm lesions that provides strong discriminative features
for convolutional filters. Psoriasis recorded the lowest accuracy
(82.7%), likely reflecting visual overlap between severe
psoriatic plaques and eczematous lesions—a pattern consistent
with the inter-class confusion observed in the confusion matrix.
These results confirm that the MobileNetV2-based transfer
learning approach is effective for multi-class skin disease
classification without prohibitive computational requirements.
B. System Response Time and Scalability

Table II summarises end-to-end response latency
measurements recorded under varying concurrent user loads on

the Node.js backend.

TABLE 2. System Response Time Under Concurrent User

Load
Concurrent Avg. Response | Peak Response
Users (ms) (ms)
1 452 413
10 382 528
25 499 699
50 619 921
100 892 1,287

The Node.js event loop demonstrates graceful performance
scaling with increasing load. At a single-user baseline, the
average end-to-end response time of 312 ms is well within the
threshold acceptable for interactive web applications. Even at
100 concurrent users, the average response time of 851 ms
remains below the I-second user experience guideline,

confirming that Node.js’s non-blocking 1/O architecture
effectively manages concurrent image processing requests.

3. Feature Importance Analysis

Gradient-weighted Class Activation Mapping (Grad-CAM)
visualisations were generated for representative test images to
analyse the spatial regions most strongly influencing model
predictions. Table III summarises primary discriminative
features identified by Grad-CAM analysis for each disease
class.

TABLE III. Primary Discriminative Features by Disease
Class (Grad-CAM)

Disease Class Primary Feature Importance
Region Score
Eczema Dry scaly texture 0.3819
& erythema
Acne Vulgaris Inflammatory 0.3256
papule cluster
Psoriasis Silvery scale 0.2993
plaque boundary
Dermatophytosis | Annular margin 0.4182
& central
clearing
Benign Nevi Pigmentation 0.3501
boundary
regularity

Dermatophytosis lesion margins received the highest activation
importance score (0.4105), consistent with the model’s superior
accuracy on this class. Psoriatic silver-scale plaque boundaries
yielded the lowest importance score (0.2934), aligning with the
relatively lower classification accuracy for psoriasis. These
Grad-CAM findings provide clinically interpretable evidence
that the CNN model has learned medically meaningful visual
features rather than spurious correlations, enhancing the
trustworthiness of predictions from a clinical safety
perspective.

4. Discussion

The experimental results yield several observations of
significance for both technical and clinical communities. First,
the CNN model achieves consistent classification performance
exceeding 82% accuracy across all disease categories,
demonstrating the viability of automated image-based skin
disease screening. These results corroborate the findings of
Esteva et al. [1] and Han et al. [3], who established that deep
neural networks can match or exceed clinical expert
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performance on well-defined dermatological classification
tasks.

Second, the distributed Node.js architecture successfully
supports real-time multi-user inference without expensive GPU
cluster infrastructure. The sub-second response latency
maintained up to 100 concurrent users confirms architectural
suitability for regional healthcare portal deployment. The
decision to integrate TensorFlow.js inference natively within
the Node.js process, rather than a microservice-based Python
inference server, proved effective in minimising latency while
simplifying operational deployment.

Third, Grad-CAM analysis establishes that model predictions
are grounded in clinically recognisable morphological features.
This interpretability is critical for user trust in a healthcare
context, where black-box predictions may be disregarded by
users or healthcare professionals. Future system iterations
providing heatmap overlays alongside prediction scores would
further enhance clinical acceptability.

Limitations of the present study include the restricted size and
source diversity of the training dataset. The model has been
trained primarily on photographic images obtained under
controlled clinical conditions, and its performance on low-
quality smartphone photographs in natural lighting conditions
requires further evaluation. The system is designed as a
preliminary screening aid and does not produce a clinical
diagnosis; user-facing messaging clearly directs users to
consult a qualified dermatologist upon receiving a prediction.

V. CONCLUSION

This paper has presented the design and implementation of a
distributed scalable web system for intelligent skin disease
diagnosis using the Node.js framework. The proposed system
integrates a MobileNetV2-based CNN model with a three-tier
web architecture to deliver real-time skin disease classification
accessible via standard web browsers. The principal findings
are as follows:

e The CNN model achieves an overall macro-averaged
accuracy of 85.5% across five skin disease categories, with
dermatophytosis recording the highest per-class accuracy
of 88.5%.

e The Nodejs backend sustains sub-second average
response latency at up to 100 concurrent users, confirming
the scalability of the event-driven architecture for
healthcare web applications.

e Grad-CAM feature analysis demonstrates that the model
activates on clinically meaningful morphological regions,
providing interpretable evidence for predictions.

e Integration of TensorFlow.js natively within the Node.js
runtime eliminates inter-process communication overhead
and simplifies deployment.

e The web-based platform improves healthcare accessibility
by enabling preliminary skin disease screening without
specialised equipment, supporting early medical
consultation particularly in underserved regions.

Future work will focus on expanding the training dataset to
encompass wider diversity of skin tones, lesion presentations,
and acquisition conditions. Integration with mobile native
applications and telemedicine platforms will broaden reach.
Federated learning strategies will be explored to enable
distributed model training across healthcare institutions while
preserving patient data privacy. Enhanced explainability
features including interactive Grad-CAM overlays will further
improve clinical utility.
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