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Abstract

Skin wound classification remains a challenging task in medical image analysis due to variations in visual appearance
and limitations of conventional diagnostic methods. This study aims to develop an optimized deep learning
framework for multi-class skin wound classification by integrating EfficientNetV2B0, Convolutional Block
Attention Module (CBAM), and Multi-Layer Perceptron (MLP). EfficientNetV2BO is used for feature extraction,
while CBAM enhances feature representation by emphasizing relevant channel and spatial information, and MLP
strengthens the classification process in multi-class scenarios. Experimental results show that the proposed hybrid
model achieves an accuracy of 95% and consistently outperforms the baseline EfficientNetV2BO0 architecture. The
findings demonstrate that the integration of attention mechanisms and MLP significantly improves classification
performance. This study contributes to the development of automated skin wound analysis systems and provides
insights into hybrid deep learning architectures for medical image classification.

Keywords : Attention Mechanism, EfficientNetV2B0, Multi-Class Classification, Multi-Layer Perceptron, Skin
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1. INTRODUCTION

Skin wounds represent a global health issue with wide-ranging impacts, encompassing various
conditions such as infections, physical trauma, and complications of chronic diseases, including diabetes
[1]-[6]. Early and accurate diagnosis plays a crucial role in determining treatment success and improving
patients’ clinical outcomes [7], [8]. However, conventional diagnostic methods that rely primarily on
visual inspection by medical professionals still exhibit several limitations, particularly due to their
subjective nature, dependence on clinicians’ levels of expertise, and relatively time-consuming
examination processes [9]. In addition, variations in wound appearance, including differences in color,
shape, and size, further increase the level of complexity, making the achievement of consistent and
accurate classification increasingly challenging [10], [11].

Advancements in deep learning-based computer vision technologies have led to significant
progress towards medical image analysis, particularly through the application of the Convolutional
Neural Network (CNN) [12], [13], [14], [15]. Popular architectures such as ResNet, VGG, Inception,
and EfficientNet have exhibited robust capabilities in auto-extracting hierarchical features from the raw
images, thereby reducing the need for manual feature processing [12], [16], [17]. Moreover, the
performance of several models has been reported to match or exceed the diagnostic accuracy of an
experienced clinician in the task of skin wound classification [18].

3674


https://jutif.if.unsoed.ac.id/
http://creativecommons.org/licenses/by/4.0/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3674-3688
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5631

EfficientNet has emerged as one of the architectures demonstrating significant advancements in
recent years, particularly the EfficientNetV2 variant, which is recognized for achieving an optimal
balance between accuracy and computational efficiency [19]. EfficientNetV2 introduces progressive
learning techniques and more efficient training strategies, enabling improved model performance while
simultaneously accelerating the training process [20], [21]. The combination of these advantages makes
EfficientNetV2 highly relevant for clinical applications, including systems that operate under resource-
constrained environments [19], [22], [23].

Attention mechanisms have evolved as an effective approach for enhancing feature representation
quality in CNN-based networks [24], [25]. Channel attention and spatial attention combined by the
Convolutional Block Attention Module (CBAM) enable the model to adaptively highlight the most
relevant features and spatial locations [26], [27], [28]. Several studies in the medical imaging domain,
including skin wound analysis, have demonstrated that the integration of CBAM can improve feature
representation and significantly enhance classification accuracy [29].

The use of Multi-Layer Perceptron (MLP) as a classification layer has gained increasing attention
in recent studies [30], [31]. Deeper MLP layers enable the learning of complex non-linear mappings
between high-level features and class labels, thereby enhancing the model’s discriminative capability in
multi-class scenarios [29]. The integration of CNN-based feature extraction, attention mechanisms, and
MLP-based classification has the potential to produce a more optimized hybrid architecture for medical
image analysis tasks [32], [33].

Numerous previous studies have employed CNN-based approaches for skin wound classification
with varying degrees of success [34], [35]. For instance, Thwin and Park proposed an ensemble approach
utilizing VGG16, Inception-V3, and ResNet50, achieving high accuracy on the ISIC dataset [36]. Other
studies have applied CNN architectures optimized through specific training strategies, however their
performance still requires further improvement to meet clinical-level reliability [37]. Studies
incorporating attention mechanisms have also reported promising results, although classification
accuracy has not yet demonstrated consistent performance across different datasets [38].

Despite the reported advancements, several research gaps remain evident. Most existing studies
primarily employ CNN architectures without hybrid optimization that simultaneously integrates spatial
and channel-wise attention mechanisms with MLP-based classifiers. Furthermore, the combined role of
EfficientNetV2 architectures, attention mechanisms, and MLP in enhancing multi-class skin wound
classification has not been sufficiently explored. This limitation indicates the need for a unified hybrid
framework that can effectively improve feature representation and classification performance.

Based on the identified research gaps, this study proposes a hybrid deep learning architecture
integrating EfficientNetV2B0, Convolutional Block Attention Module (CBAM), and Multi-Layer
Perceptron (MLP). The proposed framework is designed to address the limitations of previous
approaches by combining efficient feature extraction, attention-based feature refinement, and enhanced
classification capability. Therefore, this study provides a more comprehensive and optimized solution
for multi-class skin wound classification.

2. METHOD

This research applies a hybrid deep learning approach for multi-class skin wound classification
by integrating a Convolutional Neural Network (CNN), an attention mechanism, and a Multi-Layer
Perceptron (MLP). The methodological stages consist of dataset collection, data preprocessing, baseline
model evaluation, hybrid model construction, training configuration, and performance evaluation. The
workflow is designed to systematically identify the most effective baseline architecture and to assess
the contribution of each integrated component in improving classification performance.
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2.1. Data Collection

The dataset utilized in this research is a secondary skin wound image dataset obtained from the
Kaggle platform: (https://www.kaggle.com/datasets/ibrahimfateen/wound-classification). The dataset
consists of 2,940 images distributed across ten skin wound categories, including Pressure Wounds,
Venous Wounds, Diabetic Wounds, Surgical Wounds, Bruises, Normal skin, Abrasions, Burns,
Lacerations, and Cuts. The images exhibit considerable diversity in illumination, color distribution,
texture characteristics, and wound morphology, providing a representative basis for training and
evaluating the proposed classification model.

2.2. Data Preprocessing

Data preprocessing was conducted using the Google Colab environment to minimize local storage
constraints. The preprocessing stage began with dataset cleaning by removing pre-augmented images
and eliminating duplicate samples to improve dataset reliability. Exploratory data analysis was then
performed to examine class distribution and identify imbalance issues.

image count
Pressure Wounds 202
Brulses 121
Normal 100
Venous Wounds 94
Surgical Wounds 82
Abrasions 82
Diabetic Wounds 77
Burns 67
Laseration 61
Cut 50

Figure 1. Number of images per class

Figure 1 illustrates the distribution of images per class after data cleaning, revealing a significant
imbalance across categories. To address this issue, data augmentation techniques were applied,
including horizontal and vertical flipping, random rotation, shift-scale-rotate transformations, random
contrast and brightness adjustment, color jittering, Gaussian blur, Gaussian noise injection, random
cropping, and resizing to an initial resolution of 640 x 640 pixels. The augmentation process targeted
200 images per class, closely matching the largest class in the original dataset.

image count
Pressure Wounds 202
Burns 208
Diabetic Wounds 200
Surgical Wounds 200
Cut 208
Abrasions 200
Bruises 200
Normal 200
Venous Wounds 200
Laseration 200

Figure 2. Number of images per class after data augmentation
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Figure 3. Sample images per class

The balanced dataset resulting from augmentation is presented in Figure 2. Figure 3 provides
visual examples of representative images from each class. After preprocessing, the dataset contained
2,002 images and was subsequently divided into training, validation, and testing subsets using a
70:15:15 ratio. This partitioning resulted in 1,401 training images, 300 validation images, and 301
testing images, as summarized in Figure 4.

il SPLIT RESULT
Train: 1401
val : 3ee0
Test : 301

»~ CLASS DISTRIBUTION PER SPLIT
Train Val Test

class

Abrasions 1486 30 30
Bruises 1486 30 3e
Burns 140 30 30
Cut 140 30 30
Diabetic Wounds 1480 30 30
Laseration 1486 30 3e
Normal 140 30 3@

Pressure Wounds 141 30 31
Surgical Wounds 149 3@ 30
Venous Wounds 149 3@ 30

Figure 4. Dataset splitting results

2.3. Research Framework

The overall research framework follows a sequential workflow consisting of dataset collection,
data cleaning and preprocessing, data augmentation, dataset splitting, baseline CNN model training,
selection of the best backbone model, integration of the CBAM attention mechanism, integration of the
MLP classifier, hybrid model training, and performance evaluation. The complete research flow is
illustrated in Figure 5.
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Figure 5. Research workflow

The initial dataset was preprocessed to address class imbalance and improve data quality before
being used for model training. After preprocessing, several baseline CNN architectures were trained and
evaluated to identify the most suitable backbone model. EfficientNetV2B0 was subsequently selected
and integrated with the CBAM attention mechanism and an MLP classifier to construct the proposed
hybrid architecture. Finally, the model performance was evaluated using multiple classification metrics
to analyze the effectiveness of the proposed approach.

2.4. Baseline Model Training

Four CNN architectures were evaluated as baseline models, namely MobileNetV2,
EfficientNetV2B0, ResNet50, and MobileNetV3. Each model was trained using the same dataset split
and evaluation metrics to ensure a fair comparison. Based on the experimental results, EfficientNetV2B0
demonstrated superior performance in terms of accuracy, precision, recall, and F1-score.

Table 1. Training results of the baseline models
Model Type Accuracy Precision Recall Fl-score

MobileNetV2 0.86 0.86 0.86 0.86
EfficientNetV2B0 0.93 0.94 0.93 0.93
ResNet50 0.91 0.92 0.91 0.91
MobileNetV3 0.92 0.92 0.92 0.92

Table 1 summarizes the performance comparison of the baseline models. EfficientNetV2B0
achieved the highest overall performance and was therefore selected as the backbone architecture for
further optimization using attention mechanisms and an MLP classifier.

2.5. Integration of Attention Mechanism

To enhance feature representation quality, this research integrates the Convolutional Block
Attention Module (CBAM) into the EfficientNetV2B0 architecture. CBAM consists of channel attention
and spatial attention modules that enable the network to selectively emphasize informative feature
channels and spatial regions. This mechanism allows the model to focus on diagnostically relevant
wound features while suppressing less relevant background information, thereby improving
discriminative feature representations.

2.5.1. Channel Attention Module

The channel attention mechanism is formulated as follows:

M. (F) = a(MLP(AvgPool(F)) + MLP(MaxPool(F))) (D
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where F denotes the input feature map, AvgPool(F) and MaxPool(F) represent global average
pooling and global max pooling operations, respectively, MLP(-) denotes the multi-layer perceptron
function, and o is the sigmoid activation function.

2.5.2. Spatial Attention Module

The spatial attention mechanism is defined as:

My (F) = o(f 77 ([AvgPool(F); MaxPool(F)])) (2)

where f7*7 represents a convolution operation with a kernel size of 7 X 7, and [;] denotes
channel-wise concatenation.

2.5.3. CBAM Output
The refined feature maps produced by CBAM are computed as:

F'=M(F)®F 3)

FII - MS(FI) ® FI (4)

where @ denotes element-wise multiplication, F' represents the feature map refined by channel
attention, and F'' denotes the final feature map refined by both channel and spatial attention.

2.6. Integration of Multi-Layer Perceptron

A Multi-Layer Perceptron (MLP) is employed as the classification head to further refine the
extracted feature representations. The MLP consists of fully connected layers that perform linear
transformations followed by non-linear activation functions, batch normalization, and dropout to
improve generalization performance and reduce overfitting. This architecture enables the model to learn
complex non-linear relationships between feature vectors and class labels in a multi-class classification
setting.

The transformation of the input feature vector is defined as:

h=¢(Wx +b) Q)

Where x denotes the input feature vector obtained from the EfficientNetV2B0-CBAM module,
W represents the weight matrix, b denotes the bias vector, and ¢(-) is the activation function,
implemented using the Rectified Linear Unit (ReLU).

The output layer of the MLP is formulated as:

y = Softmax(Wyh + by) (6)

Where W), and bj, represent the weight matrix and bias vector of the output layer, respectively,
and Softmax(-) is used to produce normalized probability scores for multi-class classification.

2.7. Training Configuration of the Hybrid Model

The hybrid model training process involved configuring key parameters such as input image
resolution, batch size, number of epochs, and class labels to maintain consistency across experiments.
The TensorFlow image dataset pipeline was used to manage data loading, with prefetching applied to
improve computational efficiency.

EfficientNetV2B0 was initially frozen during early training stages, after which the CBAM
module and MLP classifier were integrated. Model optimization was performed using the Adam
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optimizer with categorical cross-entropy as the loss function. To ensure training stability and preserve
optimal model weights, ModelCheckpoint and ReduceLROnPlateau callbacks were implemented.
Performance monitoring was conducted using accuracy and loss metrics throughout the training process.

2.8. Performance Evaluation

Model performance was evaluated using multiple metrics, including accuracy, precision, recall,
and F1-score for each class. A confusion matrix was used to analyze misclassification patterns, while
Receiver Operating Characteristic (ROC) curves were employed to assess class separability based on
probabilistic outputs. These evaluation techniques provided comprehensive insights into the strengths
and limitations of the proposed hybrid model.

2.9. Hybrid Architecture Design

The proposed hybrid architecture integrates EfficientNetV2BO0 as the feature extractor, CBAM as
the attention mechanism, and an MLP as the classification head. EfficientNetV2B0 generates high-level
feature maps from input images, which are subsequently refined through channel and spatial attention
within the CBAM module. The enhanced features are then processed by the MLP to produce
discriminative representations suitable for final classification.

Input Layer and Configuration Global Average Pooling 2D
Input(shape=(224, 224, 3)
ot Dfmsﬁ, path ) > Input(shape=(7. 7. 1280)
Batch size = 32 Output{shape=(1280,)
Epoch = 50
Number Class = 10 l
l MLP Classification Head
Prepocessing Layer Layer 1
Dense(512, activation="relu’)
Dropout(0.4)

tf keras.applications.efficientnet_
v2.preprocess_input() Layer 2

|

EfficientNetV2B0 Backbone (Frozen)

Dense(128, activation="rclu’)
Dropout(0.3)

Output Layer

’ Dense( 10, activation="softmax')

Input(shape=(224, 224, 3))
Output{shape=(7, 7, 1280))

Weight = ImageNet-pretrained l
Tramnable: False
Training
l 50 epoch
Adam Optimizer (learning rate=1e-3)
CBAM Attention Mechanism Categorical Crossentropy

ModelCheckpoint
ReduceLROnPlateau

B v

Evaluation

‘ Channel Attention ‘

‘ Spatial Attention ‘

Classification Report
Confussion Matrix
ROC

!

Output

Model .h5 dan .tflite

Figure 6. Hybrid EfficientNetV2BO0 architecture with CBAM Attention Mechanism and Multi-Layer
Perceptron

The complete architecture and processing workflow are illustrated in Figure 6, showing the
transformation from input images to output predictions and model export formats (.h5 and .tflite). The
proposed method aims to optimize feature extraction, enhance attention to diagnostically relevant
regions, reduce overfitting, and achieve superior classification performance compared to baseline
models without CBAM and MLP integration.
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3. RESULT

This section presents the experimental results following the methodological stages described in
the Methods chapter. The analysis begins with the evaluation of baseline CNN models, followed by the
development and assessment of the proposed hybrid EfficientNetV2B0 model integrated with the
CBAM attention mechanism and a Multi-Layer Perceptron (MLP). Subsequently, training behavior,
classification performance, error analysis, probabilistic evaluation, and comparative analysis with
related studies are discussed. The results demonstrate that the proposed hybrid architecture significantly
improves multi-class skin wound classification performance, as evidenced by a 2% accuracy gain over
the baseline model.

3.1. Baseline Model Evaluation

3.1.1. Performance of Baseline CNN Models

Table 1 presents the performance comparison of four baseline CNN models, namely
MobileNetV2, EfficientNetV2B0, ResNet50, and MobileNetV3. Among these models,
EfficientNetV2BO0 achieves the highest accuracy of 93%, followed by MobileNetV3 (92%), ResNet50
(91%), and MobileNetV2 (86%). In addition, EfficientNetV2BO0 also shows superior precision, recall,
and F1-score compared to other baseline models. These results indicate that EfficientNetV2B0 provides
more discriminative feature representations and is therefore selected as the backbone architecture for
the proposed hybrid model in order to achieve the research objective of improving multi-class skin
wound classification performance.

3.2. Development and Evaluation of the Hybrid Model

3.2.1. Impact of CBAM and MLP Integration

Table 2 shows the performance comparison between the baseline EfficientNetV2B0 model and
its hybrid variants with CBAM and MLP integration. The baseline model achieves an accuracy of 93%.
After integrating the CBAM module, the accuracy increases to 94%, indicating that the attention
mechanism enhances the model’s ability to focus on relevant wound features.

Table 2. Performance comparison metrics of the models
Model Type  Accuracy Precision Recall Fl-score Test Loss

Baseline 0.93 0.94 0.93 0.93 0.28
+CBAM 0.94 0.95 0.94 0.94 0.22
+MLP 0.94 0.94 0.94 0.94 0.22
+CBAM+MLP 0.95 0.95 0.95 0.95 0.21

These results indicate that both CBAM and MLP contribute positively to model performance.
CBAM provides slightly greater improvements in precision and recall by guiding the model toward
diagnostically relevant features, while MLP enhances the learning of complex non-linear decision
boundaries. The combined integration of CBAM and MLP produces the most significant performance
gain, achieving an accuracy of 95% and representing a 2% improvement over the baseline model. This
finding confirms the complementary effect of attention mechanisms and advanced classification layers
in improving multi-class skin wound classification performance.

3.3. Training and Validation Performance

The training process demonstrates a gradual and consistent improvement in classification
accuracy as the number of epochs increases. Simultaneously, both training loss and validation loss show
a stable decreasing trend, indicating effective optimization and convergence of the model. The Hybrid
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EfficientNetV2B0 model integrated with the CBAM attention mechanism and MLP classifier achieves
optimal performance at a specific epoch before the completion of training.

Accuracy Loss

10 —— Train
//_’___’—,_,\,_N 175 val
09

Loss

] 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Figure 7. Training and validation curves of the hybrid EfficientNetV2B0 with CBAM attention
mechanism and MLP

Figure 7 illustrates the training and validation curves of the proposed hybrid model. The curves
show a consistent increase in accuracy and a decrease in loss across epochs, indicating stable learning
behavior and effective convergence. The absence of significant gaps between training and validation
curves suggests that the model generalizes well without severe overfitting.

3.4. Classification Performance Evaluation

3.4.1. Classification Report

The evaluation results on the test dataset indicate that the proposed hybrid model achieves higher
classification accuracy compared to the baseline model without CBAM and MLP integration. The
channel and spatial attention mechanisms enable the model to focus more effectively on diagnostically
relevant regions within skin wound images. In addition, the MLP classifier enhances the discriminative
capability of extracted features.

precision recall fi1-score  support

Abrasions 09.97 0.97 0.97 30
Bruises 1.00 0.97 0.98 30

Burns 1.00 0.97 ©.98 30

Cut 8.97 1.00 ©.98 30

Diabetic Wounds 9.90 0.87 0.88 30
Laseration 0.97 1.00 0.98 30
Normal 1.00 1.0 1.00 30

Pressure Wounds 0.90 0.90 .90 31
surgical Wounds 0.86 0.80 0.83 30
Venous Wounds 8.91 1.00 8.95 30
accuracy 0.95 301

macro avg 8.95 6.95 8.95 3e1
weighted avg 2,95 @.95 9.95 3e1

Figure 8. Classification report of the hybrid model

Figure 8 presents the classification report of the hybrid model. The results show high precision,
recall, and F1-score across all classes, indicating balanced classification performance. Compared to the
baseline model, the hybrid architecture demonstrates improved discriminative capability, particularly in
classes with complex visual characteristics.

3.5. Error Analysis Using Confusion Matrix

The confusion matrix is employed to analyze class-level prediction behavior and identify potential
misclassification patterns. The visualization of this analysis is presented in Figure 9.
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Figure 9. Confusion matrix of the hybrid classification model

Figure 9 shows the confusion matrix of the hybrid model. Several misclassifications occur among
classes with similar visual patterns, such as overlapping textures and color distributions. However,
compared to the baseline model, the hybrid model reduces misclassification rates in previously
challenging classes. This result supports the research objective of improving multi-class skin wound
classification through attention mechanisms and enhanced feature learning.

3.6. ROC Curve and AUC Evaluation

The Receiver Operating Characteristic (ROC) curve and Area Under the Curve (AUC) values are
utilized to evaluate the probabilistic prediction performance of the proposed hybrid model across all
classes. The ROC curves are presented in Figure 10.

ROC Curve (Multiclass OVR)

10
ﬂl\ I
o8

—— Abrasions (AUC=1.00)
Bruises (AUC=1.00)

P — Burns (AUC=1.00)

02 L —— Cut(AuC=1,00)

- —— Diabetic Wounds (AUC=0.98)

—— Laseration (AUC=1.00)
Normal (AUC=1.00

—— Pressure Wounds (AUC=0.99)
Surgical Wounds (AUC=0.99)

00 —— venous Wounds (AUC=1.00)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 10. ROC curve and AUC values for each class

Figure 10 displays the ROC curves and AUC values for each class. Most classes achieve AUC
values close to 1, indicating strong discriminative performance. These results demonstrate that the
hybrid model maintains reliable probabilistic predictions even in multi-class scenarios with imbalanced
data distributions.

3.7. Comparison with Related Studies

A comparison with relevant previous studies is presented in Table 3 to contextualize the
performance of the proposed model.
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Table 3. Comparison with previous studies

Reference Architecture Dataset Number of Accuracy
classes
[10] Eff-ReLU-Net (Improved Medetec & AZH Metedec: 4 Medetec:
EfficientNet-BO + Dense wound datasets AZH: 4 92.33% &
Layers) AZH: 90.00%
[39] EfficientNetB1 + CBAM 39 skin lesion types 39 90.51%
(multi-dataset mix)
[40] CNN with BiLSTM and HAM10000 7 92.73%
attention mechanisms
Proposed Hybrid EfficientNetV2 Collected and 10 95%
Model with attention mechanism Categorized Wound
CBAM and MLP Images Dataset
(Kaggle)

Table 3 compares the proposed model with previous studies. The proposed hybrid
EfficientNetV2B0 with CBAM and MLP achieves an accuracy of 95%, which is higher than those
reported in related works. Moreover, the proposed model is evaluated on a more complex multi-class
dataset, highlighting its robustness and effectiveness in skin wound classification tasks.

4.  DISCUSSIONS

This section interprets the experimental results by analyzing the performance improvements
achieved by the proposed hybrid architecture and highlighting its contribution to deep learning and
computer vision research. The discussion focuses on the role of each architectural component and its
implications for multi-class skin wound classification.

4.1. Discussion of Model Performance and Architectural Contributions

The experimental results indicate that EfficientNetV2BO0 serves as a robust backbone for feature
extraction in multi-class skin wound classification tasks. Its compound scaling strategy enables the
model to balance accuracy and computational efficiency, making it suitable for complex visual
recognition problems. In the context of computer vision, this finding confirms that EfficientNetV2B0
can provide discriminative feature representations while maintaining architectural efficiency.

The integration of the Convolutional Block Attention Module (CBAM) significantly enhances
the model’s ability to capture relevant visual patterns. By applying channel and spatial attention
mechanisms, CBAM guides the network to emphasize informative feature maps and critical spatial
regions within wound images. From a deep learning perspective, this result demonstrates that attention-
based mechanisms can improve feature representation by selectively amplifying meaningful information
and suppressing irrelevant background features. The observed improvements in accuracy, precision,
recall, and Fl-score indicate that attention mechanisms play a crucial role in strengthening the
discriminative capability of convolutional neural networks.

The incorporation of a Multi-Layer Perceptron (MLP) as the classification head further
contributes to performance enhancement by enabling more flexible non-linear transformations of high-
level features. Compared to conventional fully connected layers, the structured MLP architecture allows
the model to learn more complex decision boundaries in multi-class scenarios. This finding suggests
that advanced classifier designs can complement attention-enhanced feature extraction to achieve more
robust classification performance.

Compared with baseline models and previous studies, the proposed hybrid architecture
demonstrates consistent performance improvements. Unlike conventional approaches that rely solely on
backbone optimization, this study integrates backbone efficiency, attention mechanisms, and enhanced
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classification layers into a unified framework. This architectural combination represents a
methodological contribution to deep learning-based image classification, particularly in multi-class
computer vision tasks with subtle inter-class variations.

From the perspective of informatics and computer science, this research highlights the importance
of hybrid architectural design in improving deep learning performance. The results provide empirical
evidence that the synergistic integration of EfficientNetV2B0, CBAM, and MLP can effectively
enhance feature learning, model generalization, and classification accuracy. Therefore, the proposed
architecture contributes not only to medical image analysis but also to the broader development of hybrid
deep learning models in computer vision and pattern recognition.

5. CONCLUSION

This study demonstrates that the proposed hybrid architecture integrating EfficientNetV2BO0, the
Convolutional Block Attention Module (CBAM), and a Multi-Layer Perceptron (MLP) effectively
improves multi-class skin wound classification performance. EfficientNetV2B0 provides an efficient
and robust feature extraction backbone, CBAM enhances feature representation through spatial and
channel-wise attention, and MLP strengthens the classification process by modeling complex non-linear
relationships among extracted features.

Experimental results show that the hybrid model consistently outperforms baseline architectures
in terms of accuracy, precision, recall, F1-score, and test loss. The observed performance improvements
confirm that the synergistic integration of backbone optimization, attention mechanisms, and advanced
classifier design contributes significantly to enhancing model robustness and discriminative capability
in complex multi-class medical image classification tasks.

From the perspective of informatics and computer science, this research contributes to the
development of hybrid deep learning architectures by demonstrating the effectiveness of combining
efficient CNN backbones, attention mechanisms, and enhanced classification layers within a unified
framework. The proposed approach provides empirical evidence that architectural integration can
significantly improve feature learning and generalization performance in computer vision applications.

Future research can be directed toward several aspects, including the utilization of larger and more
diverse clinical datasets to improve model generalization, evaluation of the proposed model on real-time
and resource-constrained mobile or edge devices, and integration of the system into real clinical
workflows for practical validation. Additionally, further optimization of the architecture and exploration
of other attention mechanisms or lightweight models may enhance its applicability in real-world medical
and computer vision systems.
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