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Abstract—One of the most prevalent health problems affecting
people globally is skin disease, and early detection is essential to
successful treatment and improved patient outcomes. Accurately
diagnosing these conditions can be difficult, though, particularly
since many skin diseases have similar visual characteristics and
necessitate a high degree of clinical expertise. Deep learning has
demonstrated promise in recent years in resolving these issues by
automating the classification of medical images. In this work, we
investigate the classification of six types of skin diseases: Benign,
Malignant, Akne, Pigment, Ekzama, and Enfeksiyonel.By fine-
tuning a model pre-trained on the ImageNet dataset, we achieve
a classification accuracy of 93.2%, along with consistently high
F1-scores and ROC AUC values between 0.99 and 1.00 across all
categories. These results suggest that deep learning can play a
valuable role in supporting dermatologists with fast and reliable
diagnostic tools. This paper also examines the specific challenges
involved in classifying certain diseases and discusses possible
improvements for future work.

Index Terms—Skin disease classification, deep learning, Effi-
cientNetB4, CNN, medical image analysis, image augmentation,
multiclass classification.

I. INTRODUCTION

Skin diseases are among the most common health conditions
affecting people worldwide, with a prevalence that continues
to increase globally . Early and accurate diagnosis is crucial for
effective treatment and improved patient outcomes. However,
visual diagnosis of skin conditions can be challenging due
to the complex morphological patterns, similar appearances
across different conditions, and the variability within the
same disease .Traditional diagnostic approaches rely heavily
on the clinical expertise of dermatologists, who may not
always be readily accessible, particularly in resource-limited
settings. This limitation often leads to delays in diagnosis
and treatment. Furthermore, the subjective nature of visual
examinations can result in inter-observer variability and diag-
nostic inaccuracies .Deep learning has emerged as a promising
solution to these challenges, with convolutional neural net-
works (CNNs) demonstrating remarkable capabilities in image
classification tasks, including medical image analysis . Recent
advances in CNN architectures have led to models that can
match or even surpass human-level performance in various

visual recognition tasks. Among these architectures, Efficient-
Net, developed by Tan and Le , has shown superior perfor-
mance while maintaining computational efficiency through its
compound scaling method. This makes it particularly suitable
for medical imaging applications where both accuracy and
resource constraints are important considerations.In this paper,
we present a deep learning approach using EfficientNetB4 for
the automated classification of six common skin diseases. We
evaluate the model’s performance on a diverse dataset and
analyze its strengths and limitations. The primary contributions
of this work include:

o Implementation of EfficientNetB4 for multiclass skin
disease classification

o Comprehensive performance evaluation across six distinct
skin conditions

o Analysis of class-wise performance and identification of
challenging cases

« Discussion of practical implications for clinical deploy-
ment

II. RELATED WORK

Computer-aided diagnosis of skin diseases has been an
active area of research, with various machine learning ap-
proaches being explored over the years. Traditional methods
relied on hand-crafted features and conventional classifiers
such as support vector machines (SVMs) and random forests
. While these approaches demonstrated some success, they
often struggled with the high variability and complexity of
dermatological images.

The advent of deep learning has transformed the field, with
CNNs becoming the dominant approach for skin disease clas-
sification. Esteva et al. were among the first to demonstrate the
potential of deep learning in dermatology, using a GoogLeNet
Inception v3 CNN to classify skin lesions with performance
comparable to board-certified dermatologists.

Subsequent research has explored various CNN architec-
tures for skin disease diagnosis. ResNet architectures have
been widely adopted due to their ability to mitigate the



vanishing gradient problem through residual connections . Re-
searchers have also utilized VGG and MobileNet architectures
for skin lesion classification, with varying degrees of success

Transfer learning has emerged as a particularly effective
approach in medical imaging, where pre-trained models are
fine-tuned on domain-specific datasets. This strategy helps ad-
dress the limited availability of large, annotated medical image
datasets . Attention mechanisms and ensemble methods have
been investigated to further improve classification performance

Despite these advances, several challenges remain in au-
tomated skin disease detection, including class imbalance,
inter-class similarity, intra-class variability, and the need for
models that can generalize across diverse patient populations
. EfficientNet architectures offer promising solutions to these
challenges due to their balanced scaling of network dimensions
(width, depth, and resolution) and strong performance-to-
efficiency ratio [5].

The present work builds upon these foundations, specifically
employing EfficientNetB4 for multiclass skin disease classifi-
cation. We contribute to the existing literature by providing a
comprehensive evaluation across six distinct skin conditions
and analyzing the model’s performance in detail.

III. METHODOLOGY

A. Dataset
Our study utilized a comprehensive skin disease image dataset
comprising six distinct categories: Benign, Malign, Akne,
Pigment, Ekzama, and Enfeksiyonel. The dataset contains
thousands of clinical images organized into class-specific
subfolders. The distribution of images across classes is shown
in Table I.

TABLE I: Image Distribution Across Disease Categories

Category Train | Val | Test | Total
Enfeksiyonel 592 155 750 1497
Ekzama 420 98 510 1028
Akne 256 65 322 643
Pigment 110 26 136 272
Benign 1150 | 280 | 1361 | 2791
Malign 700 159 | 849 1708

TABLE I: Distribution of images across disease categories

The dataset was pre-split into test, validation, and training
sets with roughly 15%, 70%, and 15% splits, respectively.
This partitioning provides enough data for training while
guaranteeing a strong assessment of the model’s generalization
abilities.

A. Data Preprocessing

To guarantee fit with the EfficientNetB4 architecture and
preserve enough detail for accurate classification, all images
were resized to a consistent dimension of 380x380 pixels. We
used several data augmentation strategies to the training set
in order to improve the generalizing capacity and resilience
of the model: Rescaling (1/255) for pixel value normalisation;
Random rotation (£30 degrees); Shear transformation (range:

0.2); Zoom adjustment (range: 0.2); Horizontal flipping; Width
and height shifts (range: 0.1). These augmentation methods
increase the model’s capacity to identify conditions under
different clinical imaging environments and help some classes
with their limited sample size. To guarantee a fair assessment
of the performance of the model, the validation and test sets
underwent rescaling alone without any further augmentations.

B. Model Architecture
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Fig. 1: Proposed Methodology: “EfficientNetB4”

Our base model was pre-trained on the ImageNet dataset
and consisted on the EfficientNetB4 architecture. Efficient-
NetB4 was chosen because it best balanced computational
efficiency with model performance. With a given set of
scaling coefficients, the architecture uses a compound scaling
technique to consistently scale network width, depth, and
resolution.

Eliminating the top classification layer and adding a custom
classifier made especially for our particular work changed the
base model. The whole model architecture comprises of:

1) EfficientNetB4 base (pre-trained on ImageNet, without
top layer)

Global Average Pooling layer

Dropout layer (rate = 0.5) for regularization

Dense layer with 256 units and ReL.U activation
Output Dense layer with 6 units and softmax activation

2)

3)

4)

5)
The global average pooling layer reduces the dimensionality
of the feature maps while preserving spatial information. The
dropout layer helps prevent overfitting by randomly deacti-
vating 50% of the neurons during training. The final dense
layer with softmax activation produces probability distribu-
tions across the six disease categories.

C. Training Configuration

The model was trained with the following configuration:

o Optimizer: Adam with default learning rate (0.001)
o Loss function: Categorical cross-entropy

o Batch size: 16

o Maximum epochs: 30



To improve training efficiency and model performance, we
implemented several callbacks:

« Early stopping with a patience of 5 epochs, monitoring
validation loss

o Learning rate reduction with a patience of 2 epochs and
a factor of 0.3

e Model checkpoint to save the best-performing model
based on validation accuracy

The model was implemented using TensorFlow 2.x and trained
on a NVIDIA GPU to accelerate the training process. The
training process converged after approximately 17 epochs, as
determined by the early stopping callback.

IV. EXPERIMENTAL RESULTS

A. Training Performance

Fig. 1 shows the progression of training and validation
accuracy over epochs. The model has achieved final training
accuracy of 96.2% and validation accuracy of 91.9%. The
rapid initial improvement in both metrics indicates effective
learning of discriminative features.
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Fig. 2: Training and Validation Accuracy

Training and validation accuracy over epochs. Fig. 2 illus-
trates the corresponding loss curves. The consistent decrease
in both training and validation loss demonstrates good con-
vergence behavior. The model achieved final training loss of
0.11 and validation loss of 0.30.
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Fig. 3: Training and Validation Loss

Training and validation loss over epochs.

The gap between training and validation metrics suggests
some degree of overfitting, despite the regularization tech-
niques employed. However, the model’s strong performance
on the test set indicates good generalization capability.

B. Test Set Performance

The model achieved an overall accuracy of 93.2% on the test
set, demonstrating its effectiveness in distinguishing between
the six skin disease categories. Table II presents the detailed
performance metric of each class.

TABLE II: Performance Metrics per Class

Class Precision | Recall | Fl-score | Support
Enfeksiyonel 0.93 0.90 0.92 750
Ekzama 0.89 0.89 0.89 510
Akne 0.94 0.91 0.92 322
Pigment 0.85 0.73 0.79 136
Benign 0.96 0.96 0.96 1361
Malign 0.93 0.89 0.91 849

TABLE II: Class-wise performance metrics on test set

The model shows strong performance across most classes,
with Fl-scores ranges from 0.79 to 0.96. The highest perfor-
mance is observed for the Benign class, which also has the
largest number of samples. The Pigment class shows the lowest
performance metrics, particularly in terms of recall (0.73),
indicating challenges in correctly identifying all instances of
this class.

C. Confusion Matrix

The confusion matrix provides further insights into the
model’s classification behavior, revealing patterns of correct
classifications and misclassifications across the different dis-
ease categories.
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Fig. 4: Confusion Matrix

Confusion matrix showing classification results across the
six skin disease categories.

From confusion matrix in Fig. 3, we observe:

o The Benign class has the highest number of correctly
classified instances (1303) with minimal misclassifica-
tions.

o There is some confusion between Ekzama and Enfeksiy-
onel categories, with 34 instances of Ekzama misclas-
sified as Enfeksiyonel and 42 instances of Enfeksiyonel
misclassified as Ekzama.

o The Pigment class shows significant misclassifications,
particularly with Malign (8 instances) and Enfeksiyonel
(8 instances), consistent with its lower recall value.

o Misclassifications between Benign and Malign are rela-
tively low (52 Malign samples misclassified as Benign,
and 37 Benign samples misclassified as Malign), which is
encouraging given the clinical importance of distinguish-
ing between these two categories.

D. ROC Curve

Fig. 4 presents the ROC curves for all six classes, demon-
strating the model’s discriminative capability across different
classification thresholds.
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Fig. 5: ROC Curves with AUC Values

ROC curves for each disease category with corresponding
AUC values.

All six classes demonstrate excellent ROC performance
with AUC values that ranges from 0.99 to 1.00. The Akne
class achieves a perfect AUC of 1.00, indicating outstanding
discriminative capability. Even the Pigment class, which shows
lower precision and recall values, maintains a high AUC of
0.99, suggesting that the model’s confidence scores are well-
calibrated for this class despite classification challenges.

V. RESULTS

Our results shows the effectiveness of the EfficientNetB4
architecture for multiclass skin disease classification. The
model achieves high overall accuracy and maintains strong
performance across most disease categories. However, several
observations and limitations warrant discussion.

The superior performance on the Benign class (F1-score
of 0.96) can get from the to two factors: the larger number
of training samples and potentially more distinctive visual
characteristics. Conversely, the Pigment class displays the
lowest performance metrics (F1-score of 0.79), which may be
due to its smaller sample size (136 test instances) and greater
visual similarity to other conditions, particularly Enfeksiyonel
and Malign.

The confusion between certain disease pairs, such as
Ekzama and Enfeksiyonel, reflects real-world diagnostic chal-
lenges faced by dermatologists. These conditions can present
with similar morphological patterns, making them difficult
to distinguish even for human experts. The model’s ability
to maintain high ROC AUC values despite these challenges
suggests that it successfully captures subtle discriminative
features.

EfficientNetB4’s compound scaling approach appears to
contribute significantly to the model’s performance. By op-
timally balancing network width, depth, and input resolution,
the architecture efficiently extracts hierarchical features from
skin images at multiple scales. This capability is particularly
valuable for dermatological image analysis, where relevant
features may exist at various scales.



Several limitations should be acknowledged. First, the
dataset exhibits class imbalance, with the number of samples
varying substantially across categories. Although we employed
data augmentation to mitigate this issue, more balanced rep-
resentation would likely improve performance for underrepre-
sented classes like Pigment. Second, the model’s training con-
vergence pattern suggests some degree of overfitting despite
regularization efforts. Additional regularization techniques or
a larger, more diverse dataset could address this limitation.

Clinically, it is especially crucial to distinguish benign
from malignant disorders. With rather few misclassifications
between these categories, the model shows great performance
in this important dis-tension. Still, the 52 cases of Malign
misclassified as Benign point to possible false negatives with
major clinical consequences, so underscoring the need of more
improvement.

For clinical decision support, the high AUC values across
all classes show that the model generates well calibrated
probability outputs. These confidence scores could be quite
useful for doctors guiding additional diagnostic tests, giving
cases with unclear classifications top priority.

VI. COMPARATIVE ANALYSIS

To contextualize our results, we conducted a comparative
analysis of EfficientNetB4 against other prominent CNN ar-
chitectures commonly used for skin disease classification. Fig.
5 presents a comparison of key performance metrics across
four different models.
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Fig. 6: Comparison of performance metrics across different
CNN architectures

As evident from Fig. 5, our implementation of Efficient-
NetB4 consistently outperforms other architectures across
all evaluation metrics. With an accuracy of 93.2%, Effi-
cientNetB4 significantly surpasses the performance of Mo-
bileNetV2 (90.5%), ResNet50 (87.9%), and the baseline CNN
model (84.3%).

The baseline CNN architecture, while providing reasonable
performance, lacks the sophisticated architectural elements
needed to capture the complex patterns present in dermato-
logical images. ResNet50, despite its deep architecture with
residual connections that help mitigate the vanishing gradient

problem, still falls short compared to more recent architec-
tures.

MobileNetV2 demonstrates competitive performance with
its inverted residual structure and linear bottlenecks, offering a
good balance between model size and classification capability.
However, it still lags behind EfficientNetB4 by approximately
2.7 percentage points in accuracy and similar margins in
precision, recall, and F1-score.

The superior performance of EfficientNetB4 can be at-
tributed to its compound scaling approach, which optimally
balances network width, depth, and resolution. This balanced
scaling strategy is particularly advantageous for dermatolog-
ical images where diagnostically relevant features exist at
multiple scales and levels of abstraction.

Notably, EfficientNetB4 achieves the highest precision
(91.7%) and F1-score (89.8%), indicating its reliability in both
minimizing false positives and maintaining a good balance
between precision and recall. This characteristic is particularly
important in medical diagnostic applications where both false
positives and false negatives carry significant consequences.

The performance difference becomes even more pronounced
when examining challenging classes like Pigment, where Effi-
cientNetB4’s sophisticated feature extraction capabilities allow
it to identify subtle discriminative patterns that other models
might miss.

VII. CONCLUSION

This study introduced a deep learning technique for auto-
mated skin disease classification using the EfficientNetB4 ar-
chitecture. Our model showed good performance metrics, even
for challenging disease categories, with an overall accuracy
of 93.2% across six skin conditions. The results demonstrate
how deep learning can enhance clinical judgment and assist
in dermatological diagnosis. The EfficientNetB4 architecture
was effective for this task because it balanced computational
efficiency and classification performance. It is particularly
noteworthy that the model is very reliable in distinguishing
between benign and malignant conditions, considering the
clinical significance of this distinction. Numerous research
avenues are made possible by our findings. First, addressing
the class gap with strategies like stratified sampling or more
advanced data augmentation may help improve performance
for underrepresented classes. Second, investigating ensemble
approaches that integrate several complementary models may
improve overall robustness and accuracy. Third, by incor-
porating attention mechanisms, the model may be able to
concentrate on the areas of skin lesion images that are the
most discriminative.

From an application standpoint, implementing such mod-
els in clinical settings necessitates ongoing validation with
a variety of patient populations, interpretability for health-
care professionals, and careful consideration of integration
with current workflows. Creating mobile applications with
simplified versions of the model could also increase access
to dermatological knowledge in environments with limited
resources.



To sum up, our research adds to the increasing amount of
data proving Al-assisted dermatology and shows how deep
learning can be used to automate the diagnosis of skin con-
ditions. Strong performance across a range of skin conditions
indicates promising prospects for computer-aided diagnosis in
dermatological practice, even though more improvement and
validation are required before clinical deployment.
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