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Abstract—SKkin  diseases affect millions of people
worldwide, yet their diagnosis remains challenging due to
visual similarity between conditions and limited access to
dermatological expertise. This paper proposes an automated
skin disease classification system based on Convolutional
Neural Networks (CNNs) with model interpretability using
Gradient-weighted Class Activation Mapping (Grad-CAM).
The system employs transfer learning with EfficientNet-B0
pretrained on ImageNet and fine-tuned on a dataset
containing 19 skin disease categories. To mitigate class
imbalance, class-weighted loss and weighted sampling are
applied during training, while data augmentation and
adaptive learning rate scheduling are used to improve
generalization. Grad-CAM is integrated to generate visual
explanations that highlight diagnostically relevant image
regions, increasing model transparency and clinical
reliability. The proposed system is deployed through both a
command-line interface and a web-based application,
enabling practical use in diverse clinical settings.
Experimental results demonstrate that the model achieves
reliable multi-class classification performance while
maintaining interpretability, making it suitable for
real-world healthcare applications.

Keywords—Convolutional neural networks,
EfficientNet-B0, Grad-CAM, skin disease detection, transfer
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1. INTRODUCTION

Skin diseases represent a significant global health
concern, affecting populations of all ages and
demographics. Early and accurate diagnosis is critical for
effective treatment and improved clinical outcomes, yet
traditional diagnostic approaches rely heavily on expert
dermatological assessment, which is often
resource-intensive and subjective. To address these
limitations, automated image-based diagnostic systems
leveraging deep learning have emerged as promising tools
for assisting clinicians in identifying various skin
conditions. Convolutional Neural Networks (CNNs) have
demonstrated superior performance in medical image
classification tasks due to their ability to automatically
learn hierarchical feature representations directly from

raw images without the need for handcrafted features.
Studies in automated skin disease and lesion classification
have shown that CNN-based models can achieve high
accuracy in differentiating between multiple lesion types
and outperform classical machine learning techniques in
complex image domains such as dermoscopy and clinical
photography (Muhajirin et al., 2024). A central challenge
in deploying deep learning models for clinical use is
model interpretability. Although CNNs achieve high
classification performance, their “black box” nature limits
clinical trust and adoption. Explainable Al (XAI)
techniques such as Gradient-weighted Class Activation
Mapping (Grad-CAM) have been introduced to provide
visual explanations by highlighting image regions that
contribute most to a model’s predictions. Grad-CAM has
been shown to improve transparency in deep learning
systems, enabling clinicians to verify whether the model
focuses on relevant pathological features when making
diagnostic decisions (Zhange et al., 2023).

Transfer learning, wherein networks pretrained on large
generic datasets such as ImageNet are adapted to
domain-specific tasks, is widely used in medical image

analysis to address limited labeled training data.
Pretrained  architectures  like  EfficientNet have
demonstrated robust performance across diverse

classification challenges due to their efficient scaling of
depth, width, and resolution, enabling improved
generalization even on smaller clinical datasets (Wu et al.,
2020).

A CNN-based skin disease classification system is
developed that integrates Grad-CAM for model
interpretability and employs transfer learning using
EfficientNet-B0 as the backbone architecture. To address
class imbalance and improve generalization, the system
applies class-weighted loss, weighted sampling, data
augmentation, and adaptive learning rate scheduling
during training. Deployment through both command-line
and web-based interfaces enables practical use in
real-world clinical environments. By combining strong
classification performance with visual explanations, the
system enhances both diagnostic accuracy and model
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trustworthiness in automated skin disease analysis.

II. THEORY

A. Deep Learning and Convolutional Neural
Networks (CNNs) in Medical Imaging

Deep learning has become one of the most important
technologies in medical image analysis because it can
automatically learn useful features directly from raw
image pixels, without needing humans to manually design
them. This is especially helpful in complex fields like
medical imaging, where patterns are often subtle and hard
to describe using simple rules. Among the many deep
learning models, Convolutional Neural Networks (CNN5s)
are the most widely used for image classification because
their convolution layers are designed to detect important
visual features such as edges, textures, and shapes. In
dermatology, CNNs have been successfully applied to
classify skin lesions and identify different skin diseases,
often performing much better than traditional machine
learning methods. Fatima et al. (2025) explain that CNNs
are particularly powerful for skin disease analysis because
they can handle large variations within the same disease
class and detect small visual differences between
similar-looking conditions.

The main strength of CNNs comes from their deep,
layered structure. In the early layers, the network learns
simple features like edges and basic textures, while deeper
layers gradually capture more complex and meaningful
patterns related to specific diseases. This hierarchical
learning process allows CNNs to build a strong
understanding of medical images. However, medical
datasets are often limited in size, which can make training
deep networks difficult. To solve this problem,
researchers commonly use transfer learning, where a
CNN that has already been trained on a large dataset is
fine-tuned for a specific medical task. Das et al. (2025)
show that pretrained models such as EfficientNet work
very well for medical image classification because they
are designed to balance model depth, width, and image
resolution, allowing them to generalize effectively across
different types of medical imaging problems.

B. Transfer Learning and EfficientNet for Skin
Disease Classification

In medical fields such as dermatology, it is often
difficult to collect large amounts of labeled image data
because of patient privacy issues and the need for expert
doctors to provide accurate annotations. This makes
training deep learning models from scratch quite
challenging. Transfer learning helps solve this problem by
starting with a model that has already been trained on a
large dataset like ImageNet and then adapting it to a
medical task. According to Das et al. (2025), this
approach allows the model to reuse useful visual features,
such as edges, textures, and shapes, which are also
important in medical images. As a result, fine-tuning
pretrained models leads to faster training and better

performance compared to building a model entirely from
the beginning.

One popular model family used for this purpose is
EfficientNet, which is known for achieving high accuracy
while using fewer parameters and computational
resources. EfficientNet is designed to scale the depth,
width, and resolution of the network in a balanced way
using a compound scaling method. Das et al. (2025) show
that different versions of EfficientNet, including
EfficientNet-B0, have performed very well in skin disease
and lesion classification tasks. These models are able to
recognize multiple skin conditions reliably while still
being efficient enough to run on systems with limited
computing power. Because of this balance between
accuracy and efficiency, EfficientNet is a strong choice
for clinical decision support systems that need to be both
effective and practical.

C. Explainability and Model Interpretability via
Grad-CAM

Even though deep learning models can achieve very
high accuracy, they are often criticized because it is hard
to understand how they actually make their decisions.
This is commonly known as the “black box” problem. In
medical applications, this lack of transparency is a serious
issue because doctors need to trust that the system is
making decisions based on real medical features and not
on random patterns in the data. For this reason,
Explainable Al (XAI) has become an important research
area, as it aims to make deep learning models more
transparent by showing which parts of an image influence
the model’s predictions the most. This helps clinicians
better understand and verify the model’s behavior before
using it in real medical settings.

One of the most popular XAI methods is
Gradient-weighted Class Activation Mapping, or
Grad-CAM. This technique works by using the gradients
of a specific class with respect to the feature maps in a
convolutional layer to create a heatmap that shows which
regions of the image were most important for the model’s
decision. Surwadkar and Deshmukh (2025) explain that in
skin disease and lesion analysis, Grad-CAM is especially
useful because it can highlight the actual lesion areas that
the model is focusing on. By visually confirming that the
model is paying attention to medically meaningful
patterns instead of irrelevant background details,
Grad-CAM increases doctors’ confidence in automated
skin disease diagnosis systems.

D. Addressing Class Imbalance and Generalization
in Dermatological Datasets

One major challenge in skin disease classification is
dealing with class imbalance, where some skin conditions
appear much more often in the dataset than others. This
can cause a deep learning model to focus mostly on the
common diseases and perform poorly when predicting
rare but important conditions. To deal with this problem,
several techniques are usually applied during training. For
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example, weighted loss functions give more importance to
mistakes made on underrepresented classes, so the model
is encouraged to learn them better. Similarly, weighted
sampling makes sure that images from all classes are
more evenly used during training, instead of letting
dominant classes take over. Badhon et al. (2024) explain
that these methods help reduce bias and make the model
more fair when learning different disease categories.

Another important approach is data augmentation,
which increases the size and diversity of the dataset by
creating modified versions of existing images. This can
include simple transformations like rotating or flipping
images, as well as changing brightness, contrast, or color.
By seeing many variations of the same skin condition, the
model learns to focus on the real disease patterns rather
than memorizing specific images. According to Badhon et
al. (2024), data augmentation not only helps handle class
imbalance but also improves the model’s ability to
generalize to new, unseen cases and reduces the risk of
overfitting, which is especially important in medical
image analysis.

E. Visualization and Clinical Validity

Visualization tools like Grad-CAM play an important
role in making deep learning models more trustworthy,
especially in medical applications. These interpretability
methods do more than just explain how a model works,
but they also help check whether the model is actually
focusing on medically meaningful parts of an image. For
example, Grad-CAM produces heatmaps that highlight
the regions most responsible for a prediction, which
allows dermatologists to see whether areas such as skin
lesions, unusual discoloration, or other visible disease
signs are being used by the model. Surwadkar and
Deshmukh (2025) point out that when the highlighted
regions match what doctors would normally look at, it
increases confidence that the system is making decisions
for the right reasons.

This alignment between the model’s attention and
clinical understanding is very important for using Al
safely in healthcare. If the system focuses on irrelevant
background features instead of actual disease indicators, it
could lead to incorrect diagnoses and unsafe decisions. By
using XAl tools like Grad-CAM, clinicians can better
evaluate whether an Al system can be trusted before
relying on it in real clinical settings. According to
Surwadkar and Deshmukh (2025), these visualization
techniques help build trust in Al tools and reduce the risk
of doctors blindly following automated predictions
without proper medical justification.

III. IMPLEMENTATION

The proposed skin disease classification system is
implemented in Python using PyTorch, torchvision, and
Streamlit. The implementation follows a modular
architecture organized into separate components for
model definition, training, inference, and deployment.

A. System Architecture

The system is designed using a modular architecture
that is divided into four main components, each
responsible for a different part of the workflow. The
model module, implemented in model py, contains the
core CNN architecture based on EfficientNet-B0, which is
used to perform the skin disease classification. The
training  module,  which includes train.pyand
dataset loaderpy, is responsible for loading the image
data, applying data augmentation, and training the neural
network. For model interpretability, the gradcam.py
module is used to generate Grad-CAM visualizations that
show which areas of an image the model focuses on when
making predictions. Finally, the deployment module,
which consists of app.py and the webapp directory,
provides both command-line and web-based interfaces,
allowing users to interact with the system easily and run
predictions in a user-friendly environment.

B. Model Architecture and Transfer Learning

The system wuses EfficientNet-BO pretrained on
ImageNet as the backbone, with a custom classification
head:

class SkinDiseaseModel (nn.Module) :

def init (self, num classes: int = 19,
pretrained: bool = True,
dropout: float = 0.3):
super (SkinDiseaseModel,
self). init ()

if pretrained:
self.backbone =
models.efficientnet b0 (

weights=models.EfficientNet BO Weights.IMAGEN
ET1K V1)

in features =
self.backbone.classifier[1].in_ features
self.backbone.classifier =
nn.Sequential (
nn.Dropout (p=dropout),
nn.Linear (in_features,
nn.RelLU(),
nn.Dropout (p=dropout/2),
nn.Linear (512, num classes)

512),

)

The backbone network is initialized with ImageNet
weights, and only the final classification layers are
replaced to adapt to the 19 skin disease categories.

C. Data Preprocessing and Augmentation

Training images undergo extensive augmentation to
improve generalization and address class imbalance:

def get transforms(mode: str = 'train'):
if mode == 'train':
transform = transforms.Compose ([

transforms.Resize ((224, 224)),
transforms.RandomRotation (20),

transforms.RandomHorizontalFlip (p=0.5),
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transforms.RandomVerticalFlip (p=0.2),

transforms.ColorJitter (
brightness=0.2,
contrast=0.2,
saturation=0.2

),

transforms.RandomAffine (
degrees=0,
translate=(0.1, 0.1),
scale=(0.9, 1.1)

) ’

transforms.ToTensor (),

transforms.Normalize (mean=[0.485,

learning rate scheduling, and checkpoint management:

0.456, 0.406],
std=[0.229,
0.224, 0.225])
1)
Validation and inference use only resizing and

normalization without augmentation to ensure consistent
evaluation.

D. Handling Class Imbalance

Two strategies
imbalance:
1. Class-Weighted Loss Function:

are employed to mitigate -class

def train epoch(self):
self.model.train()
running loss = 0.0
correct = 0
total = 0

for images, labels in self.train loader:
images = images.to(self.device)
labels = labels.to(self.device)

self.optimizer.zero grad()

outputs = self.model (images)

loss = self.criterion (outputs,
labels)

loss.backward()

self.optimizer.step ()

running loss += loss.item()
_, predicted = outputs.max(1l)
total += labels.size (0)
correct +=
predicted.eqg(labels) .sum() .item()

return running loss /
len(self.train loader), 100.
total

* correct /

def calculate class weights(self):
class_counts =
torch.zeros (Config.NUM_CLASSES)
for _, labels in self.train_ loader:
for label in labels:
class_counts[label] += 1

total samples = class counts.sum()

class _weights = total samples /
(Config.NUM_CLASSES * class_counts)

class_weights =
torch.clamp (class weights, max=10.0)

return class _weights
self.criterion =

nn.CrossEntropyLoss (weight=class weights.to(s
elf.device))

The system uses AdamW optimizer with initial learning
rate of 1x10™ and ReduceLROnPlateau scheduler to
adaptively reduce learning rate when validation loss
plateaus.

F. Grad-CAM Implementation

Grad-CAM is implemented by registering hooks on the
last convolutional layer to capture activations and
gradients:

2.  Weighted Random Sampling:

def get sample weights (self):
class_counts =

self.get class distribution()
total samples = len(self)

class weights = {
class name: total samples / count
for class_name, count in
class _counts.items ()

}
sample weights = []
for _, class_idx in self.samples:

class_name = self.classes[class_idx]

sample weights.append(class_weights[class nam
el)

return torch.DoubleTensor (sample weights)

E. Training Pipeline
The training pipeline incorporates early stopping,

def generate heatmap(self, input_ tensor,
target class=None, device='cpu'):
self.model.eval ()
output = self.model (input tensor)

if target class is None:
target class =
output.argmax (dim=1) .item()

self.model.zero grad()
class_score = outputl0,
class_score.backward()

target class]

gradients =
self.gradients[0].cpu() .numpy ()

activations =
self.activations[0].cpu() .numpy ()

weights = np.mean(gradients, axis=(1l, 2))
cam = np.zeros (activations.shape[l:],
dtype=np.float32)

for i, w in enumerate (weights):
cam += w * activations[i]

cam = np.maximum(cam, O0)
if cam.max () > O:

cam = cam / cam.max ()

return cam

The heatmap is resized to match the original image
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dimensions and overlaid using a jet colormap.
IV. REsuLts & DiscussIoN

A. Experimental Setup

The model was trained using a dataset that includes 19
different skin disease categories, where the number of
images in each class is not evenly distributed. During
training, a batch size of 32 was used, and the model was
trained for up to 50 epochs with an early stopping
mechanism set to stop training if there was no
improvement for 10 consecutive epochs. The AdamW
optimizer was chosen with a learning rate of 1 x 10™ and
a weight decay of 1 x 107 to help achieve stable and
efficient learning. All input images were resized to 224 x
224 pixels before being fed into the network, and GPU
acceleration was used whenever available to speed up
training. In addition to normal training, a class-balanced
training setup using weighted sampling was also tested to
reduce the effect of class imbalance and evaluate how
much it improves the model’s performance on
underrepresented skin disease categories.

B. Classification Performance

The model shows strong performance in classifying
images across all 19 skin disease categories. It is able to
recognize a wide range of conditions, including
inflammatory diseases like acne, eczema, and psoriasis, as
well as different types of infections such as bacterial,
fungal, and viral skin diseases. In addition, the system can
identify both benign and malignant skin tumors, along
with autoimmune-related skin conditions. This shows that
the model has learned to handle a diverse set of visual
patterns that appear in dermatological images.

Original Input

Grad-CAM Heatmap

Prediction: Acne & Rosacea (88.94%)

Figure 1 Result

Figure 1 presents an example where the model
successfully classified an image as “Acne & Rosacea”
with a confidence score of 88.94%. The input image
shows typical acne symptoms on facial skin, including red
inflamed areas, small bumps, and pus-filled spots spread
across the cheek. These visual features are commonly
associated with acne and rosacea, which explains why the
model was able to make a confident and accurate
prediction. The high confidence score suggests that the
model clearly recognized the visual patterns of this

condition.

When looking at the results for each disease category,
the model shows different levels of accuracy across
classes. Some categories achieve accuracy above 60%,
especially diseases that have clear visual characteristics
and enough training samples. For example, Acne &
Rosacea performs well because the model can easily
detect inflammation, redness, and pustules that are typical
for this condition. Classes that fall in the 40-60%
accuracy range may still need improvement. These
categories could benefit from more training data, better
image preprocessing, or more focused data augmentation.
Meanwhile, classes with accuracy below 40% highlight
areas where the model struggles, which often happens for
rare diseases or for conditions that look very similar to
other skin problems. To handle the imbalance in the
dataset, the model was trained using a class-weighted loss
function and weighted sampling. This helps ensure that
rare diseases are not ignored during training and that the
model does not become too biased toward the most
common classes. As a result, the model is better able to
learn meaningful patterns from all categories, including
those with fewer training images.

C. Grad-CAM Interpretability Results

The Grad-CAM visualizations provide a clear
explanation of how the model makes its decisions by
highlighting the most important regions in the skin
images. As shown in Figure 1, the heatmap for the “Acne
& Rosacea” case clearly points to the areas that are most
relevant for the diagnosis. The strongest activations,
shown in red and yellow, appear mainly in the central
cheek area, where acne-related inflammation is most
visible. These highlighted regions include clusters of red
bumps and pus-filled spots, uneven skin texture, and areas
of redness, all of which are common signs of acne and
rosacea. The model is also able to recognize the typical
facial distribution pattern of this condition, which usually
appears in the middle of the face.

At the same time, the heatmap shows very little
activation in areas such as the neck or the outer parts of
the face, which appear in cooler colors like blue and
purple. This indicates that the model is not being
distracted by irrelevant background regions or general
facial structure. Instead, it is clearly focusing on the areas
that show signs of disease, which means it is able to
separate affected skin from healthy skin effectively.

From a clinical point of view, the highlighted regions
match well with how dermatologists diagnose acne and
rosacea. These conditions usually appear on the central
face, including the cheeks, nose, and forehead, and are
characterized by multiple inflamed spots, redness, and
sometimes visible blood vessels. Because the model’s
attention overlaps with these medically important
features, it shows that the CNN is learning meaningful
visual patterns rather than random or misleading cues.
This makes the system more trustworthy for real medical
use, since doctors can visually check whether the model is
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focusing on the right areas before relying on its
predictions.

There is also a clear relationship between the model’s
confidence and where it focuses its attention. In this case,
the model produced a high confidence score of 88.94%,
and the heatmap shows strong and well-localized
activation around the affected skin region. This suggests
that when the model is confident, it is because it sees clear
and distinctive disease features. In cases where the
confidence is lower (not shown here), the attention tends
to be more spread out or less focused, which reflects
uncertainty in the visual patterns. This relationship
between attention and confidence further supports the
reliability of the model’s predictions.

D. Strengths of the Integrated Approach

One of the biggest strengths of this system comes from
using transfer learning with EfficientNet-B0. Because the
model is pretrained on ImageNet, it already knows how to
recognize basic visual features such as edges, textures,
and color patterns. Even though ImageNet is not a
medical dataset, these learned features still work very well
for skin images. In the example case, the model was able
to capture subtle differences in skin texture and color that
are typical of inflammatory conditions like acne and
rosacea. After fine-tuning, these pretrained features
become even more specialized for dermatological tasks,
which helps improve overall classification performance.

Another important advantage is how the system handles
class imbalance. In medical datasets, some diseases
appear much more often than others, which can cause the
model to focus too much on common classes and ignore
rare ones. By using a class-weighted loss function
together with weighted sampling, the model is encouraged
to learn all categories more fairly. The high-confidence
detection of Acne & Rosacea shows that common
diseases are learned well, while the balancing techniques
help ensure that less frequent conditions are not
overlooked during training.

Data augmentation also plays a big role in making the
model more robust. Techniques such as rotation, flipping,
color jittering, and affine transformations allow the model
to see many variations of the same disease during
training. This helps it handle changes in lighting, camera
angles, skin tone, and even things like facial hair. The fact
that the model can still correctly classify the example
image, even with uncontrolled lighting and real-world
conditions, shows that it has learned to generalize rather
than just memorize the training data.

Finally, the use of Grad-CAM adds an important layer
of interpretability to the system. Instead of being a “black
box,” the model can show which parts of the image it is
using to make a decision. In Figure 1, the Grad-CAM
visualization clearly highlights the affected skin areas,
which allows doctors to check whether the model is
focusing on the right features. This makes the system
much more trustworthy, because clinicians can visually
confirm that the predictions are based on real medical

evidence rather than random or misleading patterns.

E. Limitations and Challenges

Even though the system performs well overall, there are
still several challenges that need to be addressed. One
major issue comes from the fact that many skin diseases
look very similar to each other. For example, different
types of dermatitis or rashes often share common visual
features such as redness, scaling, or small blisters.
Because of this overlap, the model sometimes struggles to
tell these conditions apart, which leads to lower accuracy
for certain classes. Without additional information like
patient history or clinical context, it can be difficult for
the model to make very fine distinctions between visually
similar diseases.

Another limitation relates to the precision of the
Grad-CAM visualizations. Although Grad-CAM does a
good job of showing the general area that the model is
paying attention to, the heatmaps are not always very
sharp. This happens because the feature maps used to
generate Grad-CAM are relatively low in resolution. In
Figure 1, for example, the highlighted region covers the
affected area broadly but does not outline the exact
boundaries of individual lesions. More advanced attention
or segmentation-based methods could provide more
detailed and accurate localization of skin abnormalities.

The dataset itself also introduces some constraints.
Common conditions like Acne & Rosacea perform well
partly because there are enough training images for the
model to learn their patterns. In contrast, rare diseases
have far fewer samples, which makes it harder for the
model to build a strong and reliable representation of
those classes. This data imbalance can lead to weaker
performance for less common conditions.

In addition, the model’s performance can be affected by
differences in image quality. Photos taken with different
cameras, under different lighting conditions, or at
different resolutions can change how skin appears in the
image. While data augmentation helps reduce this
problem, the system still needs to be tested more
thoroughly across a wide range of devices and real
clinical environments to make sure it works consistently.

Finally, the current system only predicts one disease per
image, but in real life, patients can have more than one
skin condition at the same time. Because of this
single-label setup, the model may miss secondary
conditions or mixed cases. To handle more complex and
realistic scenarios, future versions of the system would
need to support multi-label -classification or more
advanced diagnostic frameworks.

V. CoNCLUSION

The system integrates EfficientNet-BO with Grad-CAM
to classify 19 skin disease categories while providing
interpretable visual explanations. Transfer learning allows
the model to capture subtle texture and color patterns in
dermatological images, while class-weighted loss,
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weighted sampling, and extensive data augmentation
address dataset imbalance and improve robustness to
variations in lighting, camera, and patient positioning.
Results show reliable performance across inflammatory
conditions, infections, tumors, and autoimmune disorders,
with high-confidence predictions aligning with distinctive
visual  features. Grad-CAM  heatmaps  highlight
diagnostically relevant regions, ensuring the model
focuses on lesions and inflammation rather than
background artifacts, which enhances clinical trust. The
system supports both batch processing via command-line
and interactive use through a Streamlit web interface,
enabling real-time predictions and visualization for
non-technical users. Limitations include difficulty
distinguishing visually similar conditions, coarse lesion
localization, reduced performance for rare classes, and
inability to handle multiple concurrent conditions. Future
improvements may include multi-CNN ensembles,
higher-resolution  attention mechanisms, multi-label
classification, incorporation of patient data, and clinical
validation against expert dermatologists. Overall, the
approach balances accuracy and interpretability, providing
a practical and trustworthy tool for automated skin disease
analysis.
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