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Abstract

Pneumonia, a prevalent respiratory infection, remains a leading cause of morbidity and
mortality worldwide, particularly among vulnerable populations. Chest X-rays serve as
a primary tool for pneumonia detection; however, variations in imaging conditions and
subtle visual indicators complicate consistent interpretation. Automated tools can enhance
traditional methods by improving diagnostic reliability and supporting clinical decision-
making. In this study, we propose a novel multi-scale transformer approach for pneumonia
detection that integrates lung segmentation and classification into a unified framework.
Our method introduces a lightweight transformer-enhanced TransUNet for precise lung
segmentation, achieving a Dice score of 95.68% on the “Chest X-ray Masks and Labels”
dataset with fewer parameters than traditional transformers. For classification, we employ
pre-trained ResNet models (ResNet-50 and ResNet-101) to extract multi-scale feature
maps, which are then processed through a convolutional Residual Attention Module and a
modified transformer module to enhance pneumonia detection. This integration of multi-
scale feature extraction and lightweight attention mechanisms ensures robust performance,
making our method suitable for resource-constrained clinical environments. Our approach
achieves 93.75% accuracy on the “Kermany” dataset and 96.04% accuracy on the “Cohen”
dataset, outperforming existing methods while maintaining computational efficiency.

Keywords: transformer; multi scale; pneumonia; classification; segmentation

1. Introduction
Pneumonia is a serious respiratory condition that causes inflammation in one or both

lungs, leading to symptoms such as fever, cough, and difficulty breathing. This illness is
particularly dangerous for young children, accounting for approximately 15% of mortality
in children under the age of five [1]. The disease is more prevalent in developing countries,
where limited access to healthcare, pollution, overcrowding, and poor living conditions
exacerbate its effects [2].

Early and accurate diagnosis is essential for effective treatment; however, pneumo-
nia can be challenging to identify due to its similarity to other lung diseases [3]. Chest
X-rays are commonly used for diagnosis due to their cost-effectiveness and non-invasive
nature [4]. Nevertheless, the interpretation of these images can vary significantly, under-
scoring the necessity for consistent and automated diagnostic tools.

Sensors 2025, 25, 7233 https://doi.org/10.3390/s25237233

https://doi.org/10.3390/s25237233
https://doi.org/10.3390/s25237233
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sensors
https://www.mdpi.com
https://orcid.org/0009-0005-0926-4648
https://orcid.org/0000-0001-9894-9131
https://orcid.org/0000-0003-2133-3480
https://orcid.org/0000-0002-8887-0339
https://doi.org/10.3390/s25237233
https://www.mdpi.com/article/10.3390/s25237233?type=check_update&version=2


Sensors 2025, 25, 7233 2 of 27

Recent advancements in deep learning, particularly in convolutional neural networks
(CNNs), have shown significant promise in improving pneumonia diagnosis from chest
X-rays [5]. These models can analyze medical images with remarkable precision, often
outperforming human radiologists in both consistency and speed. Recent innovations,
such as attention mechanisms, have further enhanced diagnostic accuracy [6]. Additionally,
transformers have demonstrated significant potential in medical imaging tasks due to
their ability to model long-range dependencies and identify complex patterns [7]. These
advancements highlight the potential of AI to complement radiologists’ expertise and
enhance patient outcomes.

Lung segmentation is a crucial preprocessing step for improving the accuracy of pneu-
monia detection in chest X-rays. However, this task faces several challenges. First, the
presence of artifacts, overlapping anatomical structures, and low contrast in chest X-rays
can make it difficult to accurately delineate lung boundaries [8]. Traditional segmentation
models, such as U-Net, while effective, often struggle to capture fine-grained details and
contextual information, resulting in suboptimal performance in complex cases [9]. Addi-
tionally, the high variability in lung shapes and sizes across patients further complicates
the segmentation process. Although transformer-based models have shown promise in
addressing these issues, they often come with high computational costs and large parameter
counts, making them unsuitable for resource-constrained environments.

The classification of pneumonia from chest X-rays also presents significant challenges.
First, subtle visual indicators of pneumonia, such as small opacities or localized consolida-
tions, can be easily missed by traditional CNN-based models like ResNet and DenseNet,
which primarily focus on local features. While transformer-based models excel at capturing
global contextual information, they require large amounts of labeled data and extensive
computational resources, limiting their practicality in real-world clinical settings [10,11].
Moreover, the domain shift between pre-trained models (e.g., those trained on ImageNet)
and medical imaging datasets often results in suboptimal performance, necessitating ad-
vanced techniques like transfer learning and domain adaptation [12]. These challenges
highlight the need for a computationally efficient and accurate model that can effectively
leverage both local and global features for pneumonia diagnosis.

To address these challenges, we propose an innovative approach that leverages deep
learning through an integrated lightweight transformer. The proposed transformer signif-
icantly reducing the number of parameters compared to traditional transformers while
maintaining lower model complexity. Our method begins with lung segmentation using
a TransUNet model, which integrates transformer-based attention mechanisms into the
U-Net architecture. The TransUNet model is trained on the “Chest X-ray Masks and La-
bels” dataset [13,14] to accurately segment lung regions in the images. Once trained, this
pre-trained model is used with frozen weights to predict lung masks for our target datasets,
“Kermany” [15] and “Cohen” [16]. This segmentation step isolates the lung regions, thereby
enhancing the subsequent classification task.

For classification, we utilize pre-trained ResNet models, specifically ResNet-50 and
ResNet-101, as the foundation for feature extraction. By extracting multi-scale feature maps
from various stages of the ResNet models, we can leverage multiple feature spaces, which
enhances the accuracy of our detection. This is achieved through a customized transformer
module that employs a cross-attention mechanism, allowing us to make decisions based
on more than one feature space. This transformer has been optimized to minimize the
number of parameters while preserving performance. By concentrating on the relevant
lung regions and integrating multi-scale information, our approach aims to achieve high
diagnostic accuracy for pneumonia detection. This architecture reduces the computational
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load and ensures robust and reliable performance, making it suitable for deployment in
resource-limited settings.

Our proposed method offers the following key contributions:

• Development of a novel transformer structure that significantly reduces complexity
compared to traditional transformer-based models while maintaining high performance;

• Introduction of a novel TransUNet architecture for the segmentation task, achieving a
Dice score of 95.68% on the “Chest X-ray Masks and Labels” dataset;

• Introducing a convolutional Residual Attention Module (CRAM) that enriches fea-
ture representation by integrating multi-layer residual learning with lightweight
attention mechanisms;

• Incorporation of multi-scale feature extraction, enabling enhanced performance
through the utilization of multiple feature spaces;

• Achieving high accuracy rates of 93.75% on the “Kermany” dataset and 96.04% on the
“Cohen” dataset.

This paper is structured as follows: Section 2 reviews related work. Section 3 presents
the details of our proposed architecture, including design choices, the integration of multi-
scale feature extraction, attention mechanism and transformer. Section 4 outlines the
experimental setup, describes the datasets, and reports both quantitative and qualitative
results, including performance metrics and interpretability analysis. Finally, Section 5
concludes the paper and discusses potential directions for future research.

2. Related Work
In recent years, the focus of research on diagnosing and categorizing lung diseases,

including pneumonia, through medical imaging has intensified, driven by advances in
machine learning and deep learning technologies [17]. Precisely segmenting lung areas
in chest X-ray (CXR) images is essential for reliable disease identification and thorough
analysis. This section examines deep learning techniques for segmenting and diagnosing
lung diseases in chest X-ray (CXR) images. For the segmentation task, we focus on the U-
Net architecture and its variations, including attention mechanisms and transformer blocks,
which have significantly advanced lung disease segmentation. In the classification task, we
categorize approaches into basic deep learning models, transfer learning, fine-tuning, and
custom models, emphasizing how these advanced techniques have progressively improved
diagnostic outcomes.

2.1. Segmentation
2.1.1. U-Net for CXR Segmentation

The U-Net architecture, with its encoder–decoder structure and skip connections,
has emerged as a leading method for CXR segmentation. This setup, which captures
high-level semantic information and low-level details, is crucial for accurately outlining
lung boundaries. Studies have consistently shown U-Net’s effectiveness in segmenting
lung regions with high accuracy, a factor that significantly supports the potential of this
technology in improving diagnostic outcomes [18,19]. U-Net, introduced by Ronneberger
et al., has become a fundamental tool in medical image segmentation [20]. Additionally,
Liu et al. [21] employed a pre-trained EfficientNet-B4 and developed an enhanced version
of U-Net for identifying and segmenting lung regions.

However, traditional U-Net architectures face several limitations that impede their
effectiveness in complex segmentation tasks. These limitations include the inability to
leverage multi-scale information, which is essential for capturing fine-grained details, and
difficulties in extracting rich contextual information, particularly for small or complex
anatomical structures [22]. Furthermore, the simple skip connections in U-Net may transfer
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irrelevant or noisy features, leading to ambiguity in feature representation and reduced
segmentation accuracy [23]. These challenges are especially problematic in chest X-rays,
where overlapping structures and low contrast exacerbate noise.

2.1.2. U-Net Enhancements with Transformers

To address traditional U-Net limitations, advanced architectures that enhance U-Net’s
ability to capture multi-scale and contextual information are needed. Recent research
has significantly advanced lung segmentation by enhancing the U-Net architecture with
attention mechanisms. Oktay et al. [24] introduced mechanisms that enable the model to
concentrate on the most crucial areas within chest X-rays using Attention Gates (AGs). This
innovation enhances segmentation accuracy and sensitivity to disease characteristics.

Azad et al. and Chen et al. extended the U-Net framework with transformers, demon-
strating significant improvements in capturing intricate details and achieving top-tier
results in lung segmentation tasks [25].

The incorporation of transformer modules has marked a landmark in lung segmenta-
tion research. Transformer architectures, known for capturing long-range dependencies
and contextual information from text, have been successfully integrated into U-Net variants,
leading to notable improvements in segmentation accuracy. For instance, Chen et al. [26]
created a hybrid CNN-Transformer model for medical image segmentation, merging
the strengths of CNNs and transformers to enhance accuracy and robustness in lung
tissue segmentation.

2.2. Classification
2.2.1. Classical Approaches for CXR Classification

Early methods for classifying chest X-ray (CXR) images primarily depended on tradi-
tional machine learning techniques, employing classifiers such as Support Vector Machines
(SVMs), K-nearest Neighbors (k-NNs), and Random Forests. For example, Stokes et al.
used logistic regression, decision trees, and SVM to categorize patients’ clinical data into
bronchitis or pneumonia, with decision trees yielding the highest recall value of 80% and
an AUC of 93% [27]. Chandra et al. used a multi-layer perceptron (MLP) to segment lung
regions from CXR images, reaching an accuracy of 95.39% [28]. However, these methods,
which heavily relied on symptomatic data, had limited accuracy and were evaluated on
small datasets [29,30].

2.2.2. Deep Learning Models

The beginning of deep learning, especially convolutional Neural Networks (CNNs),
has significantly transformed medical image analysis by providing superior accuracy and
robustness [31]. For instance, Stephen et al. designed a custom CNN model from scratch,
achieving a training accuracy of 95.31% and a validation accuracy of 93.73% [32]. Similarly,
Sharma et al. created a straightforward CNN architecture that reached a 90.68% accuracy
rate on the “Kermany” dataset using data augmentation [15]. However, relying solely
on data augmentation does not introduce substantially new information, restricting the
model’s ability to learn a wide range of complex patterns from the training data.

2.2.3. Transfer Learning

Pre-trained CNNs have become the standard for image classification tasks, including
CXR analysis. These models leverage large datasets and transfer learning to enhance
performance on specific medical imaging tasks. Transfer learning, where pre-trained
models are adapted and refined for new, specific tasks, has achieved significant results. For
instance, Rajpurkar et al. utilized DenseNet-121 on the ChestX-ray8 dataset, comprising
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112,150 frontal CXR images, achieving an F1-score of 76.8%. This study highlighted the
potential of transfer learning in medical image classification [33].

2.2.4. Ensemble Approaches

Ensemble learning, which combines the outputs of multiple CNN models, has shown
considerable promise. For instance, Ukwuoma et al. [34] proposed two ensemble meth-
ods: ensemble group A (DenseNet201, VGG16, and GoogleNet) and ensemble group
B (DenseNet201, InceptionResNetV2, and Xception). These models, followed by a self-
attention layer and a multi-layer perceptron (MLP) for disease identification, achieved
97.22% accuracy for binary classification, and 97.2% and 96.4% for multi-class classifi-
cation, respectively. Jaiswal et al. [35] used a mask region-based CNN for pneumonia
detection through segmentation, employing an ensemble of ResNet-50 and ResNet-101 for
image thresholding.

Despite their success, pre-trained models such as ResNet have inherent limitations.
While ResNet models are powerful, they often struggle to independently capture all
the discriminative features required for specific tasks, particularly in complex medical
imaging scenarios like pneumonia detection [35]. This limitation is evident in studies
where ResNet architectures require complementary support from other models or advanced
techniques, such as snapshot ensembling and weighted averaging, to achieve optimal
performance [36]. Furthermore, ResNet’s reliance on local feature extraction through
convolutional layers can hinder its ability to model long-range dependencies and global
contextual information, which are crucial for accurate classification in medical images [25].
These shortcomings highlight the need for more robust frameworks, such as transformers,
which excel at capturing global context and intricate patterns, thereby addressing the
limitations of traditional CNN-based models like ResNet.

2.2.5. Transformers

Recent advancements in medical image classification have harnessed transformer archi-
tectures alongside deep learning, yielding impressive outcomes [37]. Wang et al. [38] unveiled
TransPath, a hybrid model merging CNN and transformer architectures, highlighting the
potential of such integrations. They proved the efficacy of self-supervised pretraining on
extensive datasets like TCGA and PAIP, followed by fine-tuning on specific medical image
datasets, resulting in solid performance: 89.68% accuracy on MHIST, 95.85% on NCT-CRC-
HE, and 89.91% on PatchCamelyon. Transformer-based models have garnered attention for
their capacity to capture long-range dependencies in images. Wu et al. [39] introduced a
Swin Transformer-based model for pulmonary nodule classification, successfully adapting the
architecture to the smaller scale of medical image datasets and achieving significant results.

In recent years, transformer-based models have continued to evolve, with a particular
emphasis on improving efficiency and accuracy in medical imaging tasks. The Swin
Transformer V2 [40] has emerged as a powerful architecture for various medical imaging
tasks, including pneumonia detection. It achieves superior performance by leveraging
hierarchical feature extraction and shifted window mechanisms, which allow it to capture
both local and global patterns in chest X-rays. In a recent study, the Swin Transformer
V2 achieved an accuracy of 98.6% on a diverse chest X-ray dataset(a modified dataset
built by their own), outperforming traditional CNNs like ResNet and DenseNet [41]. This
highlights its potential for clinical applications where high diagnostic accuracy is essential.

Hybrid architectures that combine CNNs and transformers have demonstrated remark-
able success in pneumonia detection. For instance, a hybrid model integrating ResNet34
with a Multi-Axis Vision Transformer achieved a state-of-the-art accuracy of 94.87% on
the Kaggle pediatric pneumonia dataset. This model leverages the local feature extraction
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capabilities of CNNs and the global context modeling of transformers, resulting in fewer
misclassifications and improved robustness [42].

Many existing transformer architectures, such as Vision Transformers (ViTs) and Swin
Transformers, require large computational resources and extensive training data, mak-
ing them unsuitable for resource-constrained clinical environments [40]. Additionally,
these models often struggle to effectively combine local feature extraction (a strength of
CNNs) with global context modeling (a strength of transformers), leading to suboptimal
performance in tasks like pneumonia detection, where both fine-grained details and global
patterns are critical [42]. Furthermore, the high parameter counts and complexity of tradi-
tional transformers can result in longer training times and higher hardware requirements,
limiting their practicality in real-world applications [43].

3. Proposed Method
3.1. Overview

In this study, we propose a novel approach for segmentation and classification of
Pneumonia Chest X-ray images by leveraging the power of deep learning and transformer-
based attention mechanisms. Our method utilizes pre-trained ResNet models, specifically
ResNet-50 and ResNet-101, as the backbone for feature extraction. These models are well-
known for their ability to capture intricate patterns and features in images due to their
deep architecture and residual connections. The block diagram of the proposed method is
illustrated in Figure 1.

Our approach begins with a segmentation step where we employ a TransUNet
model, which integrates transformer-based attention mechanisms into the popular U-Net
architecture. This model is trained on the “Chest Xray Masks and Labels” dataset [13,14]
to accurately segment lung regions in the images. By predicting masks for the “Cohen”
dataset [16] using this pre-trained TransUNet, we can isolate the regions of interest,
enhancing the subsequent classification task. The segmentation step provides us with
precise lung masks, ensuring that our classification model focuses on the relevant areas
of the X-ray images. This preprocessing step is crucial for improving the overall accuracy
of the system by reducing background noise and irrelevant features.

Figure 1. The block diagram of the proposed method.

Our classification approach extracts multi-scale feature maps from three key stages of
the ResNet models: the outputs of Block 2, Block 3, and Block 4. These stages provide a rich
set of features at different scales, which are crucial for accurately identifying Pneumonia
in chest X-rays. The extracted features are first refined through CRAM, which enhances
discriminative features through dual attention mechanisms and residual learning. These
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enhanced feature maps are then processed through a specialized transformer module
that employs an attention mechanism, further refining the representation by allowing the
network to focus on the most relevant parts of the image.

After the attention processing, the feature maps are concatenated to form a compre-
hensive representation of the input image. This combined feature map is subsequently fed
into fully connected layers to perform the final classification. The overall architecture is
designed to effectively integrate multi-scale information and attention mechanisms, thereby
improving the classification accuracy.

3.2. Segmentation Task

In our proposed method, the segmentation task is pivotal for isolating lung regions in
chest X-ray images, thereby enhancing the accuracy of pneumonia classification. For this
purpose, we have designed a TransUNet model, which uniquely combines the strengths of
the U-Net architecture with advanced techniques. The overall architecture of our TransUNet
is illustrated in Figure 2.

Figure 2. The overview illustration of TransUnet Architecture. This includes, combination of
transformers in each skip connection of the classic U-net.

3.2.1. TransUNet Architecture

The TransUNet architecture can be divided into three main components: the encoder,
the bottleneck, and the decoder. The encoder consists of a series of convolutional layers
designed to capture hierarchical features from the input image. Each stage of the encoder
includes a double convolution block, which performs two consecutive convolutions fol-
lowed by batch normalization and ReLU activation. This setup helps in learning complex
features at multiple levels. The encoder progressively reduces the spatial dimensions while
increasing the depth of the feature maps through max-pooling operations.

At the bottleneck stage, the most abstract features of the input image are captured.
This layer consists of a double convolution block. The bottleneck also incorporates an
embedding layer and a positional encoding mechanism, which prepare the feature maps for
the subsequent transformer module. The detailed structure and function of the transformer
module will be discussed later in the classification subsection.

Also, the transformer modules integrate into each skip connection between the encoder
and decoder. These transformers enhance the model’s ability to capture global contextual
information at each resolution level. In this design, the query for each transformer’s
attention mechanism is derived from the output of the transformer at the preceding,
lower level. The transformer’s output is then element-wise multiplied with the original
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skip connection feature maps before being passed to the decoder. This ensures that the
information passed to the decoder not only retains local details but also incorporates refined
global representations.

The decoder reconstructs the segmented output by progressively upsampling the
feature maps and concatenating them with the outputs of the transformer-augmented skip
connections. Each upsampling step is followed by a double convolution block to refine the
features and reduce the number of channels. This structure allows the decoder to restore
the spatial resolution of the feature maps while retaining the detailed information captured
by the encoder. Finally, a convolutional layer with a single output channel generates the
segmentation mask for the lung regions.

3.2.2. Training the TransUNet Model

Initially, we resize all images to 512 × 512 pixels. The TransUNet model is trained
on the “Chest X-ray Masks and Labels” dataset, which provides paired X-ray images and
corresponding lung masks. By training on this dataset, the TransUNet model learns to
accurately segment lung regions in chest X-rays, ensuring that the subsequent classification
step focuses on the relevant areas, thereby improving the overall accuracy of the system.

By effectively combining the robust feature extraction capabilities of the U-Net archi-
tecture with advanced processing techniques, the TransUNet model provides a powerful
solution for the segmentation task in our proposed method.

3.2.3. Applying the Trained TransUNet to Cohen/Kermany Datasets

As shown in Figure 3, after successfully training the TransUNet model on the “Chest
Xray Masks and Labels” dataset, we utilize this pre-trained segmentation model to predict
lung masks for the “Cohen”/“Kermany” datasets. This step is crucial for enhancing the
accuracy of the classification task by focusing on the lung regions within the X-ray images.

Figure 3. Part (1) includes training TransUnet and part (2) includes applying trained TransUNet to
predict lung masks on “Cohen”/“Kermay” datasets that will help the classifier to focus on the most
relevant anatomical regions.

The “Cohen”/“Kermany” datasets, which contain chest X-ray images, require prepro-
cessing to ensure that our classification model focuses on the most relevant regions. To
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achieve this, we apply the trained TransUNet model to segment the lung areas from these
images. The “Cohen” dataset is first preprocessed to match the input requirements of the
TransUNet model. This involves standardizing the image dimensions and normalizing the
pixel values to ensure consistency with the training data used for the TransUNet model.

Using the pre-trained TransUNet model, we generate lung masks for each X-ray
image in the “Cohen”/“Kermany” datasets. The segmentation model outputs binary
masks that highlight the lung regions while suppressing the background. By utilizing
the pre-trained TransUNet model to segment the lung regions in the “Cohen” dataset, we
effectively preprocess the data to improve the performance of our classification model.
This segmentation step filters out noise and irrelevant features, allowing the classifier to
concentrate on the lung areas, thereby enhancing the overall accuracy and robustness of
our proposed method.

3.3. Classification Task

Following the segmentation of lung regions using the TransUNet model, the next step
in our proposed method is the classification task. This task involves accurately identifying
the presence of pneumonia or COVID-19 in the preprocessed chest X-ray images. By
focusing on the lung regions isolated during the segmentation phase, we enhance the
classification model’s ability to detect relevant features indicative of pneumonia or COVID-
19, thereby improving diagnostic accuracy. The overview of the proposed method on the
classification task is shown in Figure 4.

Figure 4. The overview of the proposed method on the classification task, in which the classifier
operates on lung-extracted images produced by the segmentation stage.

3.3.1. Backbone

The backbone of our proposed method utilizes a pre-trained ResNet model, specifically
ResNet-50 or ResNet-101, to extract multi-scale feature maps from the input chest X-ray
images. An illustration of the ResNet architecture is provided in Figure 5. Initially, we
resize all images to 512 × 512 pixels. We focus on the outputs from Block 2, Block 3, and
Block 4 of the ResNet, denoted as B2, B3, and B4, respectively. Each of these blocks provides
feature maps of size (c, h, w), where h = w = 64. The numbers of channels (c) for these
blocks are 512, 1024, and 2048, respectively.

Figure 5. Illustration of the ResNet architecture blocks which have been used as the backbone for
classification task.
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The selection of Block 2, Block 3, and Block 4 is motivated by their unique contributions
to the classification task. Block 2 captures low-level features such as edges and textures,
which are essential for identifying subtle patterns in the lung regions. Block 3 extracts
mid-level features, including more complex structures like lung lobes and localized con-
solidations, which are critical for detecting early signs of pneumonia. Block 4 provides
high-level semantic features, such as global contextual information and disease-specific
patterns, which are necessary for accurate classification. By combining these multi-scale
features, our model can effectively capture both fine-grained details and global context,
leading to improved diagnostic performance.

To handle the complexity and standardize the feature maps for subsequent processing,
we apply 1 × 1 convolution operations to reduce the number of channels. Specifically, for
the output of Block 4 (B4), as shown in Equation (1), we reduce the channels to 64 using a
1 × 1 convolution.

B′4 = C1×1(B4) (1)

where C1×1 denotes the 1 × 1 convolution operation.
For the outputs of Blocks 2 and 3 (B2 and B3), as shown in Equations (2) and (3), we

use separate 1 × 1 convolutions to reduce the number of channels for each to 32.

B′2 = C1×1(B2) (2)

B′3 = C1×1(B3) (3)

where C1×1 in each equation indicates a reduction in the number of channels to 32.
After reducing the channels, we concatenate the feature maps from Block 2 and Block

3 to form a merged feature map (Equation (4)).

Bmerged = cat(B′2, B′3) (4)

where cat denotes the concatenation operation.
Thus, we have two main feature maps with a size of (64,64,64) for further processing:

• B′4

• Bmerged

3.3.2. Convolutional Residual Attention Module (CRAM)

To further refine the multi-scale feature representations extracted from the ResNet
backbone, we propose a CRAM module. As shown in Figure 6, this module operates on two
parallel pathways to enhance feature discriminability while preserving spatial relationships.
The CRAM is applied to both feature streams: the high-level semantic features from Block
4 (B′4) and the merged multi-scale features from Blocks 2 and 3 (Bmerged).

The CRAM architecture consists of two complementary components working together.
For an input feature map X ∈ RC×H×W , the module processes it through both pathways
simultaneously.

1. Dual-Attention Mechanism: This module incorporates a sophisticated attention
mechanism that operates through two distinct dimensions.

Channel Attention: This component generates a channel attention vector that em-
phasizes informative feature channels. To build our channel attention, we first define a
Sequential convolution denoted as SC. This SC consists of two 1 × 1 convolutional lay-
ers with a ReLU activation in between, which reduces the channel dimension to 1/16 of
its original size and then expands it back to the initial number of channels, as shown in
Equation (5).
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SC = conv1×1(Relu(conv1×1(x))) (5)

Figure 6. The overview of CRAM module. As illustrated, this includes channel attention and
spatial attention.

After defining SC, we construct the channel attention mechanism to generate the
attention vector, denoted as FCA. In this process, both global average pooling (GAP) and
global max pooling (GMP) are applied to the input feature map, and each pooled feature is
passed through the SC module to capture different channel-wise statistics. The outputs of
GAP and GMP branches are then summed and go through a Sigmoid function to produce
the final channel attention map. The refined feature map is obtained by performing element-
wise multiplication between the input feature map and the attention vector, as described in
Equation (6).

FCA(x) = σ(GAP(SC) + GMP(SC))× x (6)

where σ represents Sigmoid activation function.
Spatial Attention: This component focuses on identifying spatially significant regions

within the feature maps. As shown in Equations (7) and (8), it computes both average-
pooled and max-pooled features across the channel dimension, concatenates them, and
processes them through a convolutional layer with a sigmoid activation to produce spatial
attention maps that highlight important spatial locations.

FSA(x) = σ(Relu(conv7×7(catSA))) (7)

catSA = cat(CWA(FCA(x)), CWM(FCA(x))) (8)

where FCA denotes the output of the channel attention part, CWA and CWM represent
Channel-Wise Averaging and Channel-Wise Maxing respectively, cat denotes concatenation.

The final output of the dual-attention mechanism is the element-wise product of the
spatially and channel-wise refined features, as formalized in Equation (9).

DAM(X) = FSA(x)× FCA(x) (9)

2. Parallel convolutional Pathway: A complementary convolutional branch, formalized
in Equation (10), transforms the input through two successive 3 × 3 convolutional layers
with batch normalization and ReLU non-linearities. This pathway facilitates the learning of
complex feature mappings while ensuring stable gradient flow via skip connections.
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Re(X) = BN(conv3×3(Relu(BN(conv3×3(X))))) (10)

where BN denotes Batch Normalization.
The outputs from both pathways are integrated through element-wise addition to

produce the final enhanced representation, as formalized in Equation (11). This composite
feature enhancement is subsequently applied to both multi-scale feature streams in our
architecture, yielding the refined feature maps specified in Equations (12) and (13).

CRAM(X) = DAM(X) + Re(X) (11)

Emerged = CRAM(Bmerged) (12)

E4 = CRAM(B′4) (13)

where Emerged denotes the enhanced multi-scale features from B′2 and B′3, while E4 repre-
sents the refined high-level semantic features from B′4.

3.3.3. Transformer

In our proposed method, a transformer is employed to enhance the feature representa-
tion obtained from the ResNet backbone, and a similar transformer architecture is used
within the TransUNet model. For the classification task, we leverage this transformer to
refine the multi-scale feature maps extracted from the ResNet backbone. We begin with
two feature maps of size (64, 64, 64) derived from the ResNet backbone: E4 and Emerged.
Each of these feature maps is fed into a separate transformer, although the structure of the
transformers is identical. The entire process is visually represented in Figure 7, providing a
detailed overview of the transformer’s operation on the feature maps. For simplicity, we
will describe the process for E4.

Figure 7. The overview of the transformer.

Global Average Pooling (GAP)

We apply global average pooling to E4 to create a feature vector V4 (Equation (14)).

V4 = GAP(E4) (14)

This vector serves as the query for the transformer with size of (64, 1, 1).

Reshaping for Key and Value

The feature map E4 is then reshaped to form the key and value inputs for the trans-
former. Specifically, as shown in Equation (15), E4 is reshaped from (c, h, w) to (c, h × w).

E4
f lat = Reshape(E4) (15)
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Attention Mechanism

Query(Q): The query is obtained from the feature vector V4 created by global
average pooling.

Key(K) and Value(V): Both the key and value are derived from the reshaped feature
map E4

f lat with a size of (64, 64 × 64).

Scaled Dot-Product Attention

The attention scores are computed as the dot product of the query and key, followed
by a softmax operation to obtain the attention weights (Equation (16)). Each Transformer
block in our model includes a multi-head self-attention layer with four heads. The choice
of four attention heads is motivated by several factors. Using too few heads (e.g., a single
head) limits the model’s ability to capture diverse and complementary feature relationships,
as it may focus on only one dominant pattern. In contrast, using too many heads can
make attention maps noisy, especially when training on limited data. Moreover, several
state-of-the-art studies have also adopted four attention heads when working with datasets
of a similar scale to ours.

Attention(Q, K, V) = Softmax
(

Q · KT
√

dk

)
· V (16)

where dk is the dimensionality of the key, which is computed as the number of channels
(64 here) divided by the number of attention heads (4 here), and Q · KT represents the dot
product of the query and the transposed key. The result is a weighted sum of the value
vectors, producing an output feature vector F4 of size equal to the channel dimension.

3.3.4. Output Feature Vector

The output of the transformer for E4 is a feature vector F4 of size equal to the number
of channels (64 in this case).

The same process is applied to Emerged, resulting in another feature vector Fmerged of
size 64.

3.3.5. Find Correct Class

After processing the feature maps F4 and Fmerged through transformers, we concatenate
these outputs to form a unified feature representation (Equation (17)).

Fconcat = cat(F4, Fmerged) (17)

The concatenated feature vector Fconcat is then flattened into a one-dimensional vector.
The flattened feature vector is processed through a dense (fully connected) layer followed
by a sigmoid activation function for binary classification.

3.3.6. Loss Function

We employ binary cross-entropy loss to train the classifier. This loss function measures
the discrepancy between predicted probabilities and true labels for binary classification
tasks (Equation (18)).

Loss = − 1
N

N

∑
i=1

[yi · log(ŷi) + (1 − yi) · log(1 − ŷi)], (18)

where N is the number of samples, yi is the true label (0 or 1), and ŷi is the predicted
probability.
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4. Experimental Result
4.1. Dataset

In this research, we utilized several datasets to effectively train and evaluate our
models for both segmentation and classification tasks. For training and validating the
TransUNet model, we used the “Chest Xray Masks and Labels” dataset [13,14]. This dataset
contains 714 chest X-ray images, accompanied by their masks. Due to data limitations,
our segmentation model was trained on 690 images and their corresponding masks, with
24 images reserved for validation purposes. We acknowledge that the relatively small num-
ber of training samples may constrain the model’s generalization capability, highlighting a
key limitation of the segmentation study.

For the classification task, we used two datasets. COVID-19 Image Data Collec-
tion provided by “Cohen” [16]. This dataset comprises a total of 6432 images, including
three classes: Pneumonia, COVID-19, and Normal. The dataset is notably challenging
due to its class imbalance and the complexity introduced by the three distinct classes.
The distribution of images in the training set is as follows: 3418 images of Pneumonia,
1266 images of Normal, and 460 images of COVID-19. The remaining data were used for
testing as follows: Pneumonia class includes 855 images, 317 images for the Normal class,
and 116 images for the COVID-19 class.

Pediatric Pneumonia Chest X-ray Dataset provided by Kermany et al. [15]. This
dataset includes 5856 images, with 5232 images used for training and the remaining images
reserved for testing. The dataset presents a significant challenge due to its class imbalance,
with 3883 images labeled as Pneumonia and 1349 images as Normal. Additionally, the
images in this dataset are from children, who often experience discomfort during X-ray
procedures. This discomfort can impact the quality and consistency of the images, and the
physiological differences between children and adults add an extra layer of complexity to
the classification task. Both datasets contribute valuable and complementary challenges to
our classification task, ensuring that our model is robust and capable of handling various
real-world scenarios.

4.2. Data Augmentation

To enhance model generalization and reduce overfitting, many data augmentation
techniques were applied to both classification and segmentation tasks. Specifically, we used
random rotation and color jitter. Furthermore, all images were resized to 512 × 512 pixels
for consistency across datasets. In the classification tasks, images were additionally normal-
ized using ImageNet statistics to align with the ResNet backbone.

4.3. Experimental Setting

We implemented our proposed method using PyTorch version 1.8.1. In the classifi-
cation task, we utilized pre-trained ResNet-50 and ResNet-101 models, which were kept
frozen during training to preserve their learned representations. Notably, the learnable pa-
rameters of our method amount to only 2.29 million. The model was trained for 30 epochs,
and this process was repeated five times to ensure the robustness of the results. The average
of these results was then reported.

The Adam optimizer was employed for training, with a learning rate set to 10−5. All
input images were resized to 512 × 512 pixels, and the batch size was set to 64. The model
used about 16.2 GB of GPU RAM during these processes. All experiments were conducted
on an NVIDIA RTX 4090 GPU.
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4.4. Evaluation Metrics

To evaluate the effectiveness of our proposed approach, we use several performance
metrics, including:

Accuracy: This metric reflects the ratio of correctly identified instances to the total
number of instances. It is determined using Equation (19).

Accuracy =
TP + TN

TP + TN + FP + FN
(19)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively. Accuracy offers a broad overview of the classifier’s performance
but can be deceptive when dealing with imbalanced datasets.

Precision: This metric quantifies the ratio of correctly predicted positive instances to
the total predicted positives. It is represented by Equation (20).

Precision =
TP

TP + TN
(20)

Precision is especially valuable when the consequence of false positives is significant.
Recall: Also referred to as Sensitivity or True Positive Rate, Recall measures the ratio

of correctly predicted positive instances to the total actual positives. It is expressed by
Equation (21).

Recall =
TP

TP + FN
(21)

Recall is vital in situations where the cost of missing a positive instance (false negatives)
is high, ensuring that most positive instances are detected.

F1 Score: The F1 Score represents the harmonic mean of Precision and Recall, offering
a balance between these two metrics. It is particularly advantageous when handling
imbalanced datasets. The F1 Score is determined using Equation (22).

F1 Score = 2 × Precision × Recall
Precision + Recall

(22)

This score provides a single metric that accounts for both false positives and false
negatives, reflecting the classifier’s overall performance.

MCC: The Matthews Correlation Coefficient (MCC) is a robust metric for evaluating
segmentation performance, especially in imbalanced datasets. It considers true positives
(TPs), true negatives (TNs), false positives (FPs), and false negatives (FNs) to provide a
balanced measure of classification quality. As stated in [44], MCC is particularly useful
for tasks where class imbalance is a concern, as it accounts for all four categories of the
confusion matrix. MCC is calculated using Equation (23).

MCC =
TP × TN − FP × FN√

(TP + FP)× (TP + FN)× (TN + FP)× (TN + FN)
(23)

Dice Coefficient: The Dice Coefficient, also known as the F1-score for segmentation
tasks, measures the overlap between the predicted segmentation and the ground truth. It is
particularly useful for evaluating the accuracy of region-based segmentation, such as lung
segmentation in chest X-rays. The Dice Coefficient is calculated using Equation (24):

Dice =
2 × TP

2 × TP + FP + FN
(24)
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4.5. Comparison with State-of-the-Art
4.5.1. Segmentation

Our lightweight transformer-enhanced TransUNet, initially designed to improve
the accuracy of pneumonia classification by providing precise lung segmentation, also
demonstrates superior performance in the segmentation task itself. While the primary goal
of our segmentation model was to isolate lung regions for better classification, as shown
in Table 1, its ability to outperform state-of-the-art segmentation methods highlights the
effectiveness of our design choices. Although some works such as RU-UNET [45] achieved
better precision than our model in terms of full metrics and especially Dice, which is more
important for segmentation tasks, our model outperforms those methods. By integrating
transformer-based attention mechanisms into the U-Net architecture, our model captures
both local fine-grained details and global contextual information, which are essential for
accurate lung segmentation. To ensure the robustness and reliability of our results, we
trained and tested the model three times, with consistent performance across all runs. This
dual capability, enhancing both segmentation and classification, sets our approach apart
from existing methods, which often focus on one task at the expense of the other.

Table 1. Performance on “Chest X-ray Masks and Labels” dataset for segmentation task. Numbers in
bold represent the best performance, while underlined values denote the second-best performance.

Model Dice Accuracy Precision Recall F1-Score MCC Parameter

Unet [20] 93.46% 96.88% 97.41% 89.83% 93.46% 91.55% 31.2M

RU-Net [45] 92.07% 96.34% 99.58% 85.61% 92.07% 90.13% 44.2M

ResNet34-Unet [46] 93.83% 97.06% 98.13% 89.89% 93.83% 92.06% 28.5M

BCDU-Net [47] 94.14% 97.20% 98.25% 90.37% 94.14% 92.44% 65.2M

ResBCDUnet [48] 94.34% 97.31% 98.89% 90.20% 94.34% 92.75% -

NasNet [49] 94.95% 97.52% 96.55% 93.42% 94.95% 93.33% -

DABT-U-Net [50] 95.11% 97.64% 98.25% 92.16% 95.11% 93.64% -

ABANet [51] 95.25% 97.71% 98.53% 92.18% 95.25% 93.84% -

FusionLungNet [52] 95.29% 97.73% 98.66% 92.14% 95.29% 93.89% 48.1M

Our 95.7% ± 0.5 97.9% ± 0.5 97.5% ± 0.6 93.9% ± 0.6 95.7% ± 0.5 94.3% ± 0.6 43.3M

4.5.2. Classification

We evaluated the performance of our proposed method on the “Cohen” and “Ker-
many” datasets, comparing it against several state-of-the-art methods. As shown in
Tables 2 and 3, our approach outperformed existing methods across all evaluation metrics,
including accuracy, precision, recall, and F1-score, using both ResNet-50 and ResNet-101
backbones. On the “Cohen” dataset, our method achieved an accuracy of 96.04% with
ResNet-50 and 95.19% with ResNet-101, surpassing the best-performing existing method
(Zhao et al. [53]) by a significant margin. Similarly, on the “Kermany” dataset, our method
achieved an accuracy of 93.75% with ResNet-101 and 91.67% with ResNet-50, outperform-
ing recent transformer-based models like MP-ViT [54] and ViT [55].
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Table 2. Performance on “Cohen” dataset. Numbers in bold represent the best performance, while
underlined values denote the second-best performance.

Models Acuracy Precision Recall F1-Score

Densenet121 * 87.8% 53.9% 71.0% 61.27%

Densenet169 * 87.1% 32.3% 65.6% 43.28%

Densenet201 * 88.4% 51.9% 79.0% 62.64%

Mobilenet_v2 * 86.9% 33.4% 75.0% 46.21%

ResNet-50 * 87.1% 38.4% 71.0% 49.84%

ResNet-101 * 87.9% 33.5% 73.0% 45.92%

Swin Transformer V2 [40] 92.55% 93.79% 88.46% 90.82%

Goodwinet al. (Ensemble learning) [56] 89.4% 53.3% 80.0% 63.97%

Gadza et al. [57] 84.9% 77.4% 90.6% 83.48%

Zhao et al. (Channel-Attention Capsule) [53] 90.43% 90.81% 90.43% 90.40%

CNN-based [58] 92.52% - - -

CNN-based [58] 91.05% - - -

Proposed method (ResNet-50 as backbone) 96.04% ± 0.5 96.70% ± 0.5 94.90% ± 0.6 95.77% ± 0.5

Proposed method (ResNet-101 as backbone) 95.19% ± 0.6 95.59% ± 0.5 94.19% ± 0.6 94.86% ± 0.6

Models marked with “*” have results directly reported from [56].

Table 3. Performance on “Kermany” dataset. Numbers in bold represent the best performance, while
underlined values denote the second-best performance.

Models Acuracy Precision Recall F1-Score

Yadav et al. (VGG16 as backbone) [59] 88.50% - - -

Ayan et al. (VGG16 as backbone) [60] 87.98% 82.72% 85.90% 84.28%

Chattopadhyay et al. [61] 81.7% - - 80.6%

Bhatt et al. (CNN) [62] 85.58% 83.33% 96.15% 89.29%

Reshan et al. (MobileNet as backbone) [63] 90.85% 91.41% 95.28% 91.41%

Reshan et al. (ResNet152B2 as backbone) [63] 84.65% 82.38% 99.21% 90.02%

Reshan et al. (DenseNet121 as backbone) [63] 88.90% 88.33% 96.87% 92.41%

Reshan et al. (Xception as backbone) [63] 87.59% 91.75% 90.32% 91.03%

Reshan et al. (EfficientNet as backbone) [63] 51.02% 86.21% 45.85% 90.10%

Jiang et al. (MP-ViT) [54] 91.19% 91.82% 89.36% 90.34%

ViT in [55] 92.45% 92.47% 92.44% 92.47%

Proposed method (ResNet-50 as backbone) 91.67% ± 0.6 92.04% ± 0.5 94.87% ± 0.5 93.43% ± 0.6

Proposed method (ResNet-101 as backbone) 93.75% ± 0.5 93.98% ± 0.5 96.16% ± 0.5 95.05% ± 0.5

The superior performance of our method can be attributed to several key design
choices. First, by leveraging pre-trained ResNet models, we extract robust multi-scale
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feature representations that capture both low-level and high-level patterns in chest X-
rays. Freezing the pre-trained layers allows the model to focus on learning task-specific
features in the newly added layers, reducing overfitting and improving generalization. Sec-
ond, CRAM refines the extracted features through dual attention mechanisms, enhancing
discriminative local patterns while suppressing irrelevant information. Our lightweight
transformer module then enhances the model’s ability to capture global contextual in-
formation, which is critical for distinguishing subtle pneumonia-related patterns from
complex backgrounds. This integration of local and global feature extraction ensures robust
performance across diverse datasets.

Furthermore, our method demonstrates consistent performance across both datasets,
highlighting its generalizability and adaptability to different clinical settings. For instance,
on the “Cohen” dataset, our method achieved an F1-score of 95.77%, significantly higher
than the 83.48% reported by Gadza et al. [57]. Similarly, on the “Kermany” dataset, our
method achieved an F1-score of 95.05%, outperforming the 92.41% achieved by Reshan
et al. [63] using DenseNet121. These results underscore the effectiveness of our approach
in addressing the challenges of pneumonia classification, such as class imbalance, subtle
visual indicators, and domain shifts between datasets.

In summary, our proposed method not only achieves state-of-the-art performance but
also demonstrates computational efficiency and generalizability, making it a promising
solution for real-world clinical applications. The integration of pre-trained ResNet models
with a lightweight transformer module provides a robust framework for accurate and
efficient pneumonia detection, addressing the limitations of existing methods.

4.6. Ablation Study

To evaluate the impact of the segmentation component on the performance of our
classification model, we conducted an ablation study using the “Cohen” dataset. This
study compares the classification results obtained with and without the segmentation step,
providing insights into the effectiveness of incorporating lung masks generated by the
TransUNet model.

The ablation study involves evaluating the classification performance of our model
with two different input scenarios: (1) Original Images: Classification is performed directly
on the raw chest X-ray images from the “Cohen” dataset. (2) Predicted Masks: Classifica-
tion is performed on the chest X-ray images after segmenting the lung regions using the
TransUNet model. The images used for classification are limited to the areas highlighted
by the predicted lung masks.

The results of the ablation study are summarized in Table 4. The table displays
classification metrics, including accuracy, precision, recall, and F1-score, for both ResNet-50
and ResNet-101 backbones under the two different input scenarios.

Table 4. Effect of segmentation on “Cohen” dataset.

Backbones Results of Proposed Method Acuracy Precision Recall F1-Score

ResNet-50
on original images 91.23% 90.94% 85.60% 88.19%

on predicted masks 96.04% 96.70% 94.90% 95.77%

ResNet-101
on original images 90.22% 88.16% 87.04% 87.6%

on predicted masks 95.19% 95.59% 94.19% 94.86%

The results clearly demonstrate the benefit of incorporating segmentation masks in the
classification process. For both ResNet-50 and ResNet-101 backbones, the model achieves
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higher accuracy, precision, recall, and F1-score when trained on images with predicted
lung masks compared to the raw images. Specifically, the accuracy improves by almost five
percentage points for both ResNet-50 and ResNet-101. Similarly, the precision, recall, and
F1-score all show substantial improvements.

Furthermore, the segmentation step improves classification performance by ensuring
that the model focuses exclusively on the clinically relevant lung regions and discards
non-diagnostic background information. By isolating the lungs, the model can better
concentrate on pathological areas that are essential for identifying pneumonia.

These findings underscore the effectiveness of the segmentation component in isolat-
ing relevant features within the lung regions, which enhances the classification model’s
ability to accurately diagnose pneumonia. By focusing on the segmented lung areas, the
classification model benefits from reduced noise and more relevant information, leading
to better overall performance.In addition to the classification metrics presented in Table 4,
we further analyze the performance of our model using confusion matrices under differ-
ent scenarios, as illustrated in Figure 8. For better and easier understanding, we used a
normalized version of the confusion matrices, which provide a detailed breakdown of the
classification results, showing the true positives, true negatives, false positives, and false
negatives for each class.

(a) Result of the proposed method on ResNet-
50 with original images.

(b) Result of the proposed method on ResNet-
50 with predicted masks.

(c) Result of the proposed method on ResNet-
101 with original images.

(d) Result of the proposed method on ResNet-
101 with predicted masks.

Figure 8. Normalize confusion matrix of “Cohen” dataset with different scenarios.

For the ResNet-50 backbone, the confusion matrix in Figure 8a shows the results on
original images. The model correctly classifies 0.76 COVID-19 cases, 0.81 normal cases,
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and 0.95 pneumonia cases, with a notable number of misclassifications, particularly in the
COVID-19 and pneumonia categories. When using predicted masks, as shown in Figure 8b,
the model’s performance improves significantly, correctly classifying 0.96 COVID-19 cases,
0.9 normal cases, and 0.98 pneumonia cases. The number of misclassifications decreases
across all categories, highlighting the benefit of segmentation in isolating relevant features.

For the ResNet-101 backbone, the confusion matrix in Figure 8c displays the results on
original images, where the model correctly classifies 0.81 COVID-19 cases, 0.88 normal cases,
and 0.92 pneumonia cases. However, the misclassifications are more pronounced compared
to ResNet-50, particularly in the pneumonia category. With the predicted masks, as shown
in Figure 8d, the performance improves, with correct classifications of 0.94 COVID-19 cases,
0.92 normal cases, and 0.96 pneumonia cases. This reduction in misclassifications further
supports the effectiveness of incorporating segmentation masks.

These visual representations in the confusion matrices clearly demonstrate the im-
provement in classification performance when using the predicted masks. The consistent
reduction in false positives and false negatives across both backbones underscores the
robustness of the segmentation approach. By focusing on the lung regions and eliminating
irrelevant background information, the segmentation component enhances the model’s
ability to accurately diagnose pneumonia, resulting in better overall performance.

Furthermore, we investigate the contributions of key components within our model
on the “Cohen” dataset, specifically focusing on the impact of multi-scale feature maps and
the transformer module. The results are presented in Table 5, highlighting the performance
metrics, including accuracy, precision, recall, and F1-score, across different configura-
tions of the ResNet-50 and ResNet-101 backbones. Each row of the table demonstrates
how the incorporation of each component affects the model’s performance, providing a
comprehensive view of their individual and combined effects.

Table 5. The effect of using each key component on the “Cohen” dataset (on original images and
without segmentation).

Backbones Baseline
Multi-Scale

Feature Maps

CRAM +

Transformer
Accuracy Precision Recall F1-Score

Training Time

(per Image)

Inference

Time

Learnable

Parameters

ResNet-50

X 84.62% ± 0.04 75.68% ± 0.05 75.10% ± 0.06 75.39% ± 0.04 2.7 ms 0.8 ms 0.65 M

X X 87.73% ± 0.03 80.55% ± 0.04 79.62% ± 0.05 80.08% ± 0.04 2.8 ms 0.8 ms 0.85 M

X X 87.73% ± 0.03 80.63% ± 0.04 80.47% ± 0.03 80.55% ± 0.03 3.5 ms 1.2 ms 1.15 M

X X X 91.23% ± 0.02 90.94% ± 0.03 85.60% ± 0.03 88.19% ± 0.03 12.2 ms 5.4 ms 2.29 M

ResNet-101

X 83.93% ± 0.04 74.21% ± 0.05 73.92% ± 0.04 74.06% ± 0.04 9.7 ms 2.9 ms 0.65 M

X X 85.56% ± 0.03 78.21% ± 0.04 80.40% ± 0.05 79.29% ± 0.04 12.3 ms 3.6 ms 0.85 M

X X 85.71% ± 0.03 78.59% ± 0.04 81.11% ± 0.04 79.83% ± 0.03 14.6 ms 5.3 ms 1.15 M

X X X 90.22% ± 0.03 88.16% ± 0.03 87.04% ± 0.03 87.60% ± 0.03 43.7 ms 19.1 ms 2.29 M

The findings reveal a significant enhancement in model performance when both multi-
scale feature maps and the transformer are employed alongside the baseline configuration.

For instance, with the ResNet-50 backbone, the accuracy improves from 84.62% (base-
line) to 91.23% when all components are utilized. Similarly, the ResNet-101 backbone
exhibits a notable increase in accuracy from 83.93% to 90.22%. These results underscore the
effectiveness of our proposed innovations, illustrating that the integration of multi-scale
feature maps and transformer elements not only enhances overall accuracy but also boosts
precision, recall, and F1-score, which are crucial for the reliability of classification tasks. This
highlights the importance of these key components in achieving improved performance in
deep learning models for image analysis. Additionally, the inclusion of training time (per
image) and learnable parameters underscores the computational efficiency and scalability
of our approach, ensuring its suitability for resource-constrained environments.

We also evaluated three efficiency-related metrics to assess the Lightness of our pro-
posed method: the number of parameters, training time per image, and inference time
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per image. The results for the number of parameters count indicate that, although the
number of parameters rises after adding each component but even the full model only uses
2.29 million parameters, maintaining a lightweight design. Moreover, the training time
per image and inference times show only slight increases. When using the ResNet-50
backbone, training time per image rises from 0.27 ms to 1.22 ms, and inference time in-
creases from 0.08 ms to 0.54 ms. Similarly, with the ResNet-101 backbone, training and
inference times increase from 0.97 ms and 0.29 ms to 4.37 ms and 1.91 ms, respectively.
Despite these increases, both configurations remain computationally feasible and efficient
for clinical deployment.

Additionally, we conducted an ablation study to evaluate the contribution of each
ResNet block (Blocks 2, 3, and 4) to the classification performance. Results, as shown in
Table 6, demonstrate that intermediate layers (Blocks 2 and 3) play a significant role in
improving performance, but their contribution is not as critical as that of Block 4. For
instance, using only Block 4 achieves an accuracy of 84.62%, while adding Block 3 (without
Block 2) improves the accuracy to 86.64%. Furthermore, we evaluate the condition where
instead of using blocks 2 and 3, we concatenate blocks 3 and 4. In this situation, the model
does not perform as well as when choosing blocks 2 and 3. This indicates that mid-level
features from Block 3 provide additional discriminative information, enhancing the model’s
ability to detect subtle patterns in chest X-rays. However, the inclusion of Block 2, which
captures low-level features, results in only a marginal improvement in accuracy (86.72%),
suggesting that while low-level features are beneficial, they are less impactful compared to
mid- and high-level features.

In our final design, we concatenate the feature maps from Blocks 2 and 3 because both
capture mid-level semantic representations. Merging these two feature maps enables the
model to integrate richer mid-level features and establish implicit relationships between
them without introducing additional modules. In contrast, Block 4 generates high-level
semantic features, which are better preserved in their original form at this stage. Processing
Block 4 separately helps maintain its global contextual information and prevents spatial
misalignment during subsequent fusion or decision phases.

Table 6. The effect of using different ResNet blocks on the “Cohen” dataset.

Backbones Block 2 Block 3 Block 4 Accuracy Precision Recall F1-Score

ResNet-50

X 84.62% 75.68% 75.10% 75.39%

X X 85.86% 77.03% 74.37% 75.68%

X X 86.64% 79.36% 76.15% 77.72%

X X X 86.72% 79.02% 76.48% 77.73%

X Combined 86.96% 78.83% 79.23% 79.02%

Combined X 87.73% 80.55% 79.62% 80.08%

Interestingly, the best performance is achieved when using two feature maps: Block 4
(B4) and the merged feature map (Bmerged), which combines Blocks 2 and 3. This configu-
ration achieves an accuracy of 87.73%, a precision of 80.55%, and an F1-score of 80.08%,
outperforming the scenario where all three blocks are used independently. This result high-
lights the importance of separating high-level features (Block 4) from intermediate features
(Blocks 2 and 3). While intermediate layers provide valuable contextual information, they
are not as discriminative as the high-level features from Block 4. By merging Blocks 2 and 3
into a single feature map (Bmerged), we reduce redundancy and computational complexity
while preserving the benefits of multi-scale feature extraction. This design choice ensures
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that the model focuses on the most relevant features for pneumonia detection, leading to
improved performance and efficiency.

We also investigate different strategies for our combined blocks. As shown in Table 7,
we evaluate our model using concatenation or element-wise addition. Our chosen strategy
achieved better performance in terms of classification metrics. Specifically, accuracy rose
from 86.18% to 87.73% and F1-score increased from 76.28% to 80.08%.

Table 7. The effect of different fusion strategies for combined blocks on the “Cohen” dataset.

Backbone Concat Element-Wised Addition Accuracy Precision Recall F1-Score

ResNet-50
X 86.18% 75.88% 76.68% 76.28%

X 87.73% 80.55% 79.62% 80.08%

4.7. Explainable AI Through Gradient-Weighted Class Activation Mapping

To enhance the interpretability of our model and provide clinical insights into its
decision-making process, we employed Gradient-Weighted Class Activation Mapping
(Grad-CAM) visualizations. Explainable AI is particularly crucial in medical diagnostics,
where understanding the rationale behind a model’s predictions is essential for clinical
adoption and trust. Grad-CAM generates heatmaps that highlight the regions of the input
image that most significantly influenced the model’s classification decision, effectively
creating a visual explanation for the prediction.

In the Grad-CAM visualizations, color intensity represents the level of model attention
and contribution to the final prediction. Specifically, warm colors such as red indicate
the highest and after that, orange and yellow regions had a strong positive influence on
the model’s decision, while cooler colors such as blue indicate low contributions to the
classification predictions.

Based on information provided by clinician experts, certain anatomical regions of the
chest are more informative for recognizing pneumonia from chest X-ray images [64,65]. Before
discussing the Grad-CAM results, we briefly summarize these diagnostically relevant regions:

Lower Lung Zones (especially posterior and basal regions): Pneumonia frequently
presents as areas of increased opacity or consolidation in the lower lobes, often more visible
in the posterior or lateral aspects of the lungs. These appear as white and cloud-like regions,
obscuring the normal dark lung fields.

Perihilar Regions (central areas around the bronchi): Radiologists assess the perihilar
and mid-lung zones for patchy or reticular opacities, which may indicate bronchopneumo-
nia or viral pneumonia.

Costophrenic and Cardiophrenic Angles: Blunting or loss of sharpness in these cor-
ners of the lungs can suggest pleural effusion or adjacent inflammatory changes secondary
to pneumonia.

As shown in Figure 9, our Grad-CAM analysis reveals the hierarchical feature learning
process across different network depths. The first column displays the original input
chest X-ray image, providing the baseline for comparison. The subsequent three columns
visualize the activation maps from the feature maps extracted at different ResNet blocks:
Block 2 (capturing low-level features and basic patterns), Block 3 (capturing mid-level
features and structural information), and Block 4 (capturing high-level semantic features
and complex patterns). The final two columns present the activation maps from our
CRAM: the concatenated feature map (merging Blocks 2 and 3) and the enhanced Block 4
feature map.
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Figure 9. Grad-CAM visualizations on Kermany dataset samples.

Overall, these findings highlight that the most critical diagnostic regions are located
in the middle and lower lung areas, particularly those encompassing the bone struc-
tures and surrounding soft tissue. As discussed in the following section, our model’s
Grad-CAM visualizations demonstrate similar behavior, focusing attention on these clin-
ically relevant regions, which supports the interpretability and clinical alignment of the
proposed framework.

5. Conclusions
This paper presents an innovative and efficient method for pneumonia detection

utilizing a novel multi-scale transformer approach. By integrating lung segmentation using
the TransUNet model with a specialized transformer module, our approach effectively
isolates lung regions, thereby enhancing the performance of subsequent classification tasks.
The proposed method demonstrates significant improvements in classification metrics, as
evidenced by the ablation study on the “Cohen” dataset. Both ResNet-50 and ResNet-101
backbones benefited from the segmentation masks, showing increased accuracy, precision,
recall, and F1-score. These improvements underscore the effectiveness of our approach in
focusing on relevant lung features while reducing noise from irrelevant regions.

The high accuracy rates of 93.75% on the “Kermany” dataset and 96.04% on the
“Cohen” dataset confirm the robustness and reliability of our model. The reduction in the
number of parameters compared to other state-of-the-art transformer models highlights
our contribution to creating a more efficient yet powerful diagnostic tool suitable for
deployment in resource-constrained environments. Our work paves the way for future
research in several areas. Future work could explore further optimization of the transformer
module to enhance performance and reduce computational complexity. Additionally, in
this work, we evaluate our model on two datasets that were both trained and tested. For
more generalization, future works can test models on unseen datasets to further solve
this limitation.
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