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Abstract—SKin diseases are common, but seeing a
dermatologist is not easy for everyone, especially in under-served
regions. Many deep-learning classifiers are heavy, hard to
interpret and stop at a class label. We present MediCare Al a
lightweight screening system that sorts skin images into seven
disease categories by fully fine-tuning an ImageNet-pretrained
ConvNeXt-Tiny with AdamW, cosine learning-rate decay, label
smoothing and early stopping. Gradient-weighted Class
Activation Mapping shows which parts of the image drove each
prediction. A Streamlit app accepts uploaded photos and live
camera frames, reports the confidence and a rough three-level
visible phase, and gives treatment suggestions and preventive
advice through a generative service, with a local offline fallback.
A single network reached roughly 80%-90% validation accuracy.
The tool is meant for education and early screening, not as a
replacement for professional diagnosis.

Index Terms—skin disease classification, ConvNeXt, transfer

learning, Grad-CAM, explainable artificial intelligence,
Streamlit.

[. INTRODUCTION

Skin problems are everyday health complaints. Acne,
eczema, psoriasis and fungal, bacterial or viral infections send
huge numbers of people to the clinic, and in most cases the first
step is simply a dermatologist looking at the skin. The trouble
is that dermatologists are not equally available everywhere. In
rural and under-served areas a patient may travel a long way
for a short consultation, and the wait often lets a treatable
condition get worse. Deep learning has already shown that an
image classifier can match specialists on well-defined lesion
tasks [1], and recent surveys, including one from 2026, agree
that convolutional networks, transfer learning and explainable
Al now sit at the centre of this field [2], [3].

Many of the most accurate systems, though, depend on
ensembles or attention-heavy designs that are costly to run and
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awkward to deploy [4], [5], [6]. Others cover only a handful of
diseases or train on small datasets [7], [8]. Very few show why
the model decided what it did, and almost none go beyond a
class label to tell the user how advanced the condition looks or
what to do next [2]. We built MediCare Al to close these gaps.
In this paper we make the following contributions:

+ asingle-network classifier for seven common skin disease
categories, made by fully fine-tuning an ImageNet-
pretrained ConvNeXt-Tiny [9];

« visual explanations of each prediction using Gradient-
weighted Class Activation Mapping (Grad-CAM) [10];

* an indicative three-level estimate of how advanced the
visible condition is, plus generated health information with
a local offline fallback; and

+ a Streamlit web application that takes uploaded photos or
a live camera feed, with model export and a ready-to-run
container.

II. RELATED WORK

The first computer-aided systems relied on hand-crafted
colour, texture and shape features fed to shallow classifiers.
They worked on tidy data but struggled when lighting or
cameras changed [11], [12]. Convolutional networks removed
the need to design features by hand, and because medical
datasets are small, most people start from a network pretrained
on a large photo collection [13]. Fine-tuned VGG, ResNet,
DenseNet, MobileNet and EfficientNet models are all common
in the skin-disease literature [14], [15],[7], [16], [17], and some
studies add special loss functions or dermoscopic images to
handle many classes [18], [19].

To push accuracy higher, researchers have turned to
ensembles and feature fusion [20], [6], [21], chains of
specialised models [4], and attention, capsule or transformer
networks [22], [5], [23], [24]. These help, but each step adds
computation and engineering effort. On the explanation side,
gradient-based class activation maps [10] have been paired
with strong classifiers so that clinicians can see what the
network looked at [24]. Our approach is deliberately simpler:
one efficient backbone, with explanation, a rough severity
indication and guidance built around it in a single application.

III. PROPOSED SYSTEM

A. Architecture

Fig. 1 gives the overall picture. The user uploads a photo or
points a camera at the skin. The image is resized and
normalised, and the ConvNeXt-Tiny classifier returns a disease
class with a confidence score. A second stage then labels the
condition as phase 1 (mild), 2 (moderate) or 3 (severe), a
generative service writes out medical information, treatment
suggestions and preventive advice, and the results screen shows
all of this next to a Grad-CAM heatmap.
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Fig. 1. System architecture of the proposed skin disease prediction system.

B. Dataset and Pre-processing

We arranged the labelled images in the standard
ImageFolder layout, one folder per class, for seven categories:
acne and rosacea; cellulitis, impetigo and other bacterial
infections; eczema; psoriasis, lichen planus and related
diseases; tinea, ringworm, candidiasis and other fungal
infections; urticaria; and warts, molluscum and other viral
infections. Blurred and noisy pictures were removed, and the
rest was split roughly 80% for training and 20% for validation.
All images were resized to 224 x 224 pixels and normalised.
Training images were also randomly flipped, rotated by up to
15° and colour-jittered so the model would not depend on pose
or lighting.

C. Model

ConvNeXt-Tiny takes a standard residual network and
updates it with ideas from vision transformers: a patchify stem,
7 x 7 depthwise convolutions, an inverted bottleneck, layer
normalisation and GELU activations [9]. As Fig. 2 shows, it
has four stages with 3, 3, 9 and 3 blocks and 96, 192, 384 and
768 channels, which comes to about 28 million parameters. We
swapped the original 1000-class head for a linear layer with C
= 7 outputs. Writing z,, for the raw score (logit) of class k, the
class probabilities are given by softmax:

exp(zg) (1)

Pk = Z,C-=1 exp(z;)
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Fig. 2. ConvNeXt-Tiny structure with the modified seven-class head.
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D. Training

Every layer was fine-tuned. We used AdamW, which applies
weight decay separately from the gradient update [25], together
with a cosine learning-rate schedule [26] and label smoothing
[27] to keep the model from becoming overconfident. With
smoothing factor € and C classes, the training target for an

image with true class y is g, = (1 — €)8y, + E, where 8y, is
1 when k =y and 0 otherwise. The loss is

L=- 21€=1 qr log p @)
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Training stopped once validation performance had not
improved for seven epochs, and we kept the best checkpoint.
The full settings are in Table 1.

TABLE I

TRAINING CONFIGURATION
Parameter Value
Backbone ConvNeXt-Tiny (ImageNet-1K)
Input size 224 x 224
Optimiser AdamW, Ir 1e-4, decay le-2
Scheduler Cosine, min Ir 1e-6
Loss Cross-entropy, smoothing 0.1
Batch / epochs 32 /up to 30
Early stopping Patience 7

E. Explainability and Phase Guidance

To see what drove a prediction, Grad-CAM takes the
gradient of the pre-softmax score y¢ of the predicted class c
with respect to the feature maps A¥ of the last stage, averages
it over the Z spatial positions (i, j) to get a weight a for each
map, and combines the maps into a heatmap L€ [10]:

@i =355 3)

L¢ = ReLU(Y, agA®) 4

In (4), the ReLU keeps only the regions that raise the score of
the predicted class. We upsample this map and lay it over the
original photo. One thing worth being upfront about: the
network is trained on disease labels only, so it cannot predict
phase. The phase comes from a separate stage that gives a
three-level visible-severity estimate, with a simple rule-based
guide as an offline option. We always present it as a rough
indication, not a medical staging. The health information

comes from the Google Gemini service, and when there is no
network the app reads it from a local JSON file instead.

IV. IMPLEMENTATION

The system is written in Python using PyTorch and
Torchvision [28], OpenCV for the camera and heatmap
overlay, and Streamlit for the interface. Training, evaluation
(accuracy, precision, recall, F1-score and a confusion matrix),
command-line inference, Grad-CAM and live-camera
classification each live in their own module. In camera mode
we average the probabilities over the last few frames so the
label does not flicker. The interface shows the top prediction
with a colour-coded confidence bar, the gap between the first
and second guesses, a probability chart for all classes, the
heatmap, the phase and the generated advice. The trained
model can be exported to TorchScript and ONNX, and a
Docker image serves the app on port 8501.

V. RESULTS AND DISCUSSION

A. Quantitative Performance

On the validation set the classifier reached an overall
accuracy of roughly 80% to 90% across the seven categories,
using one network and no ensemble. As you would expect, the
mistakes cluster among conditions that look alike. Eczema,
psoriasis and fungal infections all show up as red, scaly patches
and are the classes most often mixed up.

B. Qualitative Results

Fig. 3 shows the web app analysing an urticaria photo. The
top of the screen gives the predicted disease with a confidence
bar, and below it the Gemini service lists medical treatments,
home care and doctor tips. Table II shows the ranked output for
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the same image. The top class beat the runner-up by 85.3
percentage points, so this was a confident call.

Frediction: Urticana Hives

Home Care

Medical Treatments

Doctor Tips

Fig. 3. Prediction, confidence and generated treatment suggestions in the web

application.
TABLE II
RANKED PREDICTION FOR THE EXAMPLE IMAGE
Rank / category Probability
1. Urticaria 88.8%
2. Fungal infections (tinea, ringworm, candidiasis) 3.5%
3. Psoriasis, lichen planus and related 1.8%

The Grad-CAM overlay in Fig. 4 puts the warm areas right on
the raised wheals, which tells us the model was looking at the
lesion and not at the background. Fig. 5 shows the probability
chart across all seven classes, where one bar clearly dominates,
0 a user can see at a glance how sure the model is.

Fig. 4. Grad-CAM overlay highlighting the affected region for an urticaria
image.

Fig. 5. Probability chart over the seven disease categories with the top three
predictions.

Finally, Fig. 6 shows the phase panel, which described this
image as phase 2, a clearly active condition with several
prominent raised wheals.

Visual phase

Yrasd jPrase 2 - Omaly scth srtksrm

Fig. 6. Visible phase estimate shown for the example image.
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C. Discussion and Limitations

A fine-tuned ConvNeXt-Tiny gives useful accuracy without
much computing cost, and the heatmap, the probability gap and
the phase note together let a user judge how far to trust each
result. There are clear limits. Results depend on how large,
balanced and clean the dataset is. Look-alike classes still get
confused. Malignant lesions are not covered. The phase is
estimated, not learned, and generated text can contain mistakes.
The tool is meant for education and early screening, and it
should never replace a visit to a dermatologist.

VI. CONCLUSION AND FUTURE WORK

We presented a lightweight, explainable skin disease
screening system that sorts photos into seven categories using
a fine-tuned ConvNeXt-Tiny, shows its reasoning with Grad-
CAM, gives a rough phase, and offers practical guidance
through a web app with upload and live-camera modes. Next
we plan to gather a larger and more varied dataset with more
diseases and skin tones, train a model on phase labels, add
calibrated uncertainty and a way to reject out-of-scope images,
run inference on phones, and test the system with
dermatologists.
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