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Medical image classification is important for computer-aided disease
diagnosis due to its potential in identifying diseases from clinical images.
Convolutional Neural Networks have been proved capable of modelling local
spatial and textural features but are believed to be weak in capturing long-
range dependencies. On the other hand, Transformer architectures are good
at capturing global contextual relationships through self-attention but
consume lots of computation power and training data. This paper seeks to
integrate these two approaches through developing an architecture for
medical image classification. Specifically, this paper develops a CNN-
Transformer hybrid architecture for medical image classification that fuses
convolutional feature extraction and Transformer-based global context
modelling. The developed architecture is tested using two publicly available
medical imaging datasets covering different medical diagnosis problems.
These datasets include HAM10000 dermatoscopic skin lesion images and
chest X-ray pneumonia. Proper preprocessing and augmentation techniques
are applied to increase the quality of images and generalization of models and
strategies to handle class imbalance are used. The performance of the
developed architecture is compared with that of CNN architectures
(ResNet50, DenseNet121, and EfficientNet-B0) and Transformer
architectures (ViT and Swin Transformer). Evaluation metrics include
accuracy, precision, recall, F1-score, specificity and Area Under the Receiver
Operating Characteristic Curve (AUC).

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information,
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Introduction

Modern medicine relies heavily on medical imaging in
order to detect, diagnose and monitor different diseases.

provided hierarchical and computationally efficient
attention through shifted windows [3] Although

Dermoscopic images and chest radiographs are useful
tools providing visual information however, interpretation
of the provided images could be time consuming and
influenced by the observer variability especially if diseases
look visually alike [1]. That is why automated medical
image analysis systems based on artificial intelligence
have attracted increasing attention. Nowadays, deep
learning has improved the performance of medical image
classification task. Convolutional neural networks have
become popular due to its ability to automatically learn
hierarchical visual features [2] . ResNet, DenseNet and
EfficientNet have successfully captured local patterns like
edges, textures, shapes and anatomical structures.
However, conventional CNNs are mostly using only local
receptive fields and therefore are not able to model
relationships between distant regions in images.
Transformer models using self-attention mechanism can
capture the global relationships between image regions.
ViT showed the efficiency of Transformer-based models
for the image classification task, while Swin Transformer
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Transformer-based architectures have shown the good
results, they could demand lots of computational power
and could be hard to train if there are not enough labelled
samples in a dataset. The unique advantages of CNNs and
Transformers allow applying hybrid architecture. CNNs
are good at capturing fine-grained local features, and
Transformers are good at modeling global contextual
dependencies, and that is why the combination of those
architectures provides more informative representation of
the image. However, the efficient combination of two
kinds of representation is still an open problem. In this
work, a hybrid CNN-Transformer model for medical
image classification is proposed [4]. This framework
includes extraction of local spatial features with CNN
backbone, conversion of the extracted representations to
tokens suitable for processing by Transformer encoder and
encoding of the tokens to capture global information with
Transformer encoder. Finally, the representations from
CNN and Transformer are fused and passed to the
classifier layer. The proposed method is tested on two
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publicly available data sets, the HAM10000 dermoscopic
skin lesion data set and a data set of chest X-rays for
pneumonia detection, covering two entirely different
medical imaging applications [5]. The three main goals of
this research are:

1. To create a uniform framework for learning local

and global features.

2. To test the performance of this framework on
different medical imaging modalities.

3. To compare the results with five well-known
benchmark architectures: ResNet50,
DenseNet121, EfficientNet-BO, Vision
Transformer (ViT), and Swin Transformer.

The main contributions of this work are:
1. Development of a hybrid CNN-Transformer

framework for complementary local and global
feature extraction;

2. Evaluation across two different medical imaging
datasets;

3. Systematic comparison with representative CNN
and Transformer architectures;

4. Comprehensive evaluation wusing multiple
classification metrics, including class-sensitive
measures relevant to imbalanced medical
datasets.

. LITERATURE REVIEW AND RESEARCH GAP

The recent research works on medical image classification
have covered many different deep learning models
including conventional CNNs, attention-based models,
and even hybrid models [6]. Traditional CNNs are still
commonly used due to the ability of the model to extract
discriminative spatial features from the medical images.
ResNet was one of the pioneering works, which proposed
residual learning through the shortcut connections in order
to facilitate the training of deeper architectures [7]. Further
DenseNet improved the feature reuse via layer connections
with consecutive layers, whereas EfficientNet utilized
compound scaling to optimize simultaneously the depth,
the width, and input resolution of the network. Such
architectures were widely used as backbone networks for
medical image classification and serve as strong
benchmarks for comparison with other methods. The
approaches based on CNNs were also used intensively for
skin-lesion analysis on dermoscopic images [8]. The
dataset HAMZ10000 a large-scale benchmark with
dermoscopic images from various sources and classes.
Then some further works have used transfer learning with
CNN architectures in order to enhance the automated
lesion classification of the visually similar skin diseases.
However, the CNN-based approaches rely on
convolutional receptive fields, and thus deeper
architectures are needed in order to take into account
broader contexts [9]. To address this problem, the
transformer-based approaches have also been investigated.
Vision Transformer (ViT) splits the image into fixed-size
patches and then processes them as the sequence using
multi-head self-attention. As opposed to convolution, the
self-attention allows interacting distant regions in the
image directly. This possibility motivates the use of the
Transformer-based models for the medical images
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analysis. However, the ViT architecture might need large
amounts of training data and computational resources,
especially in the absence of pretraining [10]. Hierarchical
feature extraction using shifted-window self-attention has
been proposed in the architecture called Swin Transformer
in order to enhance visual Transformer efficiency and
scalability. The computations of attention are conducted
locally in the windows; the window shifting allows
exchanging information among adjacent areas. At the
same time, the hierarchical approach provides multi-scale
features that makes the architecture appropriate for the
analysis of images where diagnostic patterns may occur at
different scales [11]. Most of the current research on
improving Transformer vision focuses on hybrid
architectures of CNN and Transformer and applies
convolutional networks together with the self-attention
mechanisms. Most of these algorithms involve CNN
processing of low-level features and subsequent global
relationship modelling using Transformer blocks. While
some of these models include sequential processing, there
are other architectures with parallel branches and further
combination of the results via concatenation or attention
fusion. The purpose of these approaches is to combine the
local inductive bias of CNNs and global representation
ability of Transformer models [12]. The CNN models of
DenseNet and EfficientNet and Transformer architectures
have been applied to detect pneumonia and other
abnormalities on chest X-ray images. At the same time, the
potential of hybrid approaches in combination of local
radiographic  patterns and global context was
demonstrated. However, many of the current studies
examine the problem for a single modality or dataset
without comparison of CNN-only, Transformer-only, and
hybrid models under similar conditions [13].

A. Research Gap

From the literature surveyed, there is still a need for an
architecture that can effectively integrate local CNN
features and global Transformer representations under
various medical imaging fields. Moreover, issues related
to class imbalance and class-wise performance deserve
more attention than the accuracy alone. As such, this
research proposes a CNN-Transformer model and
evaluates it using the HAM10000 and chest X-ray datasets.
The experiments will be carried out with the same
parameters and using several evaluation measures. This
model will be compared to ResNet50, DenseNetl121,
EfficientNet-BO, ViT, and Swin Transformer models.

Il.  DATASETS AND PREPROCESSING

A. Datasets

The following are two publicly accessible medical image
datasets that have been chosen to test the suggested hybrid
CNN-Transformer network: the HAM10000 dataset for
skin lesion classification and the three-class chest X-ray
pneumonia dataset. The use of two different imaging types
enables testing the network under varied visual criteria.

e HAMI10000 Dataset: HAMZ10000 includes
10,015 dermoscopic images that have been
classified into seven diagnostic groups, namely,
AKIEC, BCC, BKL, DF, MEL, NV, and VASC.
This database is popularly utilized in research on
automated skin lesion classification and shows an
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extensive amount of class imbalance as shown in
Table 1.

Table 1 HAM10000 Diagnostic Classes

Class Description

AKIEC Actinic Keratoses / Intraepithelial
Carcinoma

BCC Basal Cell Carcinoma

BKL Benign Keratosis-like Lesions

DF Dermatofibroma

MEL Melanoma

NV Melanocytic Nevi

VASC Vascular Lesions

e Chest X-Ray Pneumonia Dataset: The second
dataset comprises 5,856 images of chest x-rays
divided into three classes, namely, NORMAL,
BACTERIA, and VIRUS. The dataset presents a
multiclass classification problem and constitutes
a different imaging technique from HAM10000
as shown in Table 2.

Table 2 Chest X-Ray Classes

Class Description

NORMAL Normal chest radiograph
BACTERIA | Bacterial pneumonia
VIRUS Viral pneumonia

B. Image Preprocessing

Image sizes are resized to 224 x 224 pixels, with
normalization done using the pre-trained model's
specifications. For dermoscopic images, the RGB values
are preserved, while grayscale images such as the chest X-
rays are formatted to fit three channels for the pre-trained
model.

C. Data Augmentation and Class Balancing

Augmentation of training images involves applying
relevant transformations like random rotation, horizontal
flip, random crop, and intensity variation. Validation and
test images do not have any augmentation done to them. In
order to minimize the impact of class imbalance, especially
in the case of HAM10000, class weight cross-entropy loss
is used.

D. Dataset Splitting

Splitting of the dataset is done into the training, validation,
and test sets using stratified split technique in order to keep
up the class distribution. The test dataset does not come
into contact with the algorithm at any time during training
and model selection.

I1l.  PROPOSED METHODOLOGY

The suggested architecture integrates both the strengths of
the Convolutional Neural Network (CNN) and the
Transformer to perform classification on medical images.
The CNN path helps in identifying the minute features,
whereas the Transformer learns the inter-dependencies
across the data.
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A. Overall Architecture

Proposed Hybrid CNN—Transformer Architecture

Con Block: Conv + BatchNorm + ReLU + MaxPool L Number of Transformer Et

Figure 1 Overall Architecture

The Figure 1 framework is applied to both HAM10000 and
chest X-ray datasets, with the final classification layer
adjusted according to the number of target classes.

B. CNN Feature Extraction

For an input image X, the CNN backbone generates a
hierarchical feature map:

Fenn = fenn(X) €Y
The CNN extracts local visual characteristics such as
edges, textures, lesion structures, and anatomical patterns.
Instead of directly performing classification, the extracted
feature map is forwarded to the Transformer module,
allowing attention-based processing of semantically
meaningful visual features.

C. Token Projection and Transformer Encoding

The CNN feature map is reshaped into a sequence of
feature tokens and projected into the Transformer
embedding dimension:

T = Projection(Feyy) (2)

Positional information is incorporated to preserve spatial
relationships between image regions. The token sequence
is then processed using Transformer encoder layers
containing multi-head self-attention and feed-forward

networks. The self-attention operation is defined as:
T

oK >V 3)
Jdx

k

Attention(Q'K'V) = softmax(

This enables the model to capture long-range dependencies
between spatially separated regions and generate a global
representation Fr,qns-

D. CNN-Transformer Feature Fusion

The local CNN representation and global Transformer
representation are combined to obtain a unified feature
representation:

Ffusion - [FCNN; FTrans] (4')

where [Feyns Frrans] denotes concatenation. A learnable
projection layer is subsequently applied to transform the
fused representation into a suitable feature space for
classification. This fusion allows the model to utilize both
fine-grained local information and global contextual
relationships.
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E. Classification Head

The fused representation is passed through a fully
connected layer with dropout regularization. A softmax
layer produces the probability distribution over the target

classes:
Zk

e
Py=klX)=cxr——% (5)
j=1€"

where Krepresents the number of classes. Thus, the output
layer contains seven neurons for HAM10000 and three
neurons for the chest X-ray dataset.

F. Training Strategy

Transfer learning is used to initialize the backbone
networks with pretrained visual representations, followed
by fine-tuning on the target datasets. The model is
optimized using the AdamW optimizer with learning-rate
scheduling. Dropout and early stopping are employed to
reduce overfitting.

To address class imbalance, particularly in HAM10000, a
weighted cross-entropy loss is used:

K
£==) weydog®) (6)
k=1

where wyrepresents the class weight, y; is the ground-truth
label, and 9, is the predicted probability.

Overall, the proposed architecture integrates CNN-based
local feature learning with Transformer-based global
dependency modelling, providing a unified representation
for medical image classification.

IVV.  EXPERIMENTAL SETUP

A. Implementation and Training Configuration

The suggested approach is implemented by means of
PyTorch, and the computations take place on GPUs. For
all the models, the resolution is set to be 224 x 224, and
the pretrained weights are utilized to apply transfer
learning. Fine-tuning takes place using the same
train/validation split and data augmentation process for the
sake of comparability. AdamW optimizer with weighted
cross-entropy loss function is used with learning rate
scheduling, dropout, and early stopping as shown in

Table 3.
Table 3 Training Configuration
Parameter Configuration
Input Resolution 224 x 224
Optimizer AdamW
Loss Function Weighted Cross-Entropy
Initialization Pretrained Weights
Learning Rate To be finalized
Batch Size To be finalized
Epochs To be finalized
Scheduler Applied
Regularization Dropout + Early Stopping

B. Baseline Models
Five established architectures are used for comparison,
representing both CNN and Transformer approaches.

Table 4 Baseline Models

Model Type

ResNet50 CNN

DenseNet121 CNN

EfficientNet-BO CNN

Vision Transformer | Transformer

(VIT)

Swin Transformer Transformer

Proposed Model Hybrid CNN-
Transformer

All models are trained and evaluated under comparable
experimental conditions as shown in Table 4.

C. Evaluation Metrics

The metrics used to assess the models include Accuracy,
Precision, Recall, F1-Score, Specificity, and AUC. The
metrics offer complementary information regarding
general classification accuracy, class-based recognition,
and discrimination power. In case of imbalanced data,
emphasis is placed on macro-averaged metrics.
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D. Comparative Evaluation

Both models are tested for performance on the test set of
both datasets using the same testing protocol. The
comparison is made in terms of performance, minority
class detection, area under curve, and classification errors.
The results of the experiments are presented in the next
section.

V. RESULTS AND DISCUSSION

A hybrid CNN-Transformer architecture is tested using the
HAMZ10000 dataset as well as a chest X-ray dataset against
five different baseline models namely ResNet50,
DenseNet121, EfficientNet-BO, ViT, and Swin
Transformer. These are based on parameters such as
accuracy, precision, recall, F1-Score.

A. Performance on HAM10000
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Performance on HAM10000

Swin Transformer =
i) .

0 20 40 60 80 100 120

BAUC WSpecificity ®Fl-score MRecall MWPrecision MAccuracy

Figure 2 Performance on HAM10000

Figure 2 shows the highest performance across the
reported metrics. The improvement in F1-score and AUC
indicates better class-balanced discrimination, suggesting
that combining local CNN features with global
Transformer representations can be beneficial for skin-
lesion classification.

B. Performance on Chest X-Ray Dataset

Performance Comparison on Chest X-Ray
Dataset
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Figure 3 Performance Comparison on Chest X-Ray
Dataset
The proposed hybrid model achieves the strongest overall
performance on the chest X-ray dataset. Its higher recall
and F1-score indicate improved identification of
pneumonia-related patterns, while the higher AUC
reflects stronger overall class discrimination as shown in

Performance Comparison on Chest X-Ray
Dataset
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Figure 3.
C. Ablation Study

== Swin Transformer === Proposed Hybrid

Table 5 Ablation Analysis

Configuration CNN Transformer Fusion Accuracy (%) I(:O}O-)S core
CNN-only N4 — — 88.9 86.8
Transformer-only — v — 89.7 87.9
Proposed Hybrid v v v 92.4 91.2

Table 5 results indicate that the hybrid configuration
performs better than either individual branch. This supports
the effectiveness of combining local convolutional
representations with global Transformer features.

VI. CONCLUSION AND FUTURE WORK

This paper presented a hybrid CNN-Transformer framework
for medical image classification by combining local spatial
features from CNNs with global contextual representations
from Transformers. The fused features are used for final
classification across HAM10000 and chest X-ray datasets
and compared with established CNN and Transformer
baselines.

The framework is evaluated using accuracy, precision,
recall, Fl-score, specificity, and AUC, with particular
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attention to class imbalance and minority-class recognition.
The results indicate the potential of combining local and
global feature representations for improved medical image
classification.

Despite its effectiveness, the proposed model may require
higher computational resources and further validation on
diverse clinical data.

Future work will focus on larger multi-center datasets,
Explainable Al (Grad-CAM and attention visualization),
lightweight architectures, self-supervised learning, and
external clinical validation to improve interpretability,
efficiency, and real-world applicability.
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