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Abstract 

Lung cancer remains a leading cause of cancer-related deaths worldwide, with accurate classification of lung nodules 
being critical for early diagnosis. Traditional radiological methods often struggle with high false-positive rates, under-
scoring the need for advanced diagnostic tools. In this work, we introduce DCSwinB, a novel deep learning-based 
lung nodule classifier designed to improve the accuracy and efficiency of benign and malignant nodule classifica-
tion in CT images. Built on the Swin-Tiny Vision Transformer (ViT), DCSwinB incorporates several key innovations: 
a dual-branch architecture that combines CNNs for local feature extraction and Swin Transformer for global feature 
extraction, and a Conv-MLP module that enhances connections between adjacent windows to capture long-range 
dependencies in 3D images. Pretrained on the LUNA16 and LUNA16-K datasets, which consist of annotated CT 
scans from thousands of patients, DCSwinB was evaluated using ten-fold cross-validation. The model demonstrated 
superior performance, achieving 90.96% accuracy, 90.56% recall, 89.65% specificity, and an AUC of 0.94, outperform-
ing existing models such as ResNet50 and Swin-T. These results highlight the effectiveness of DCSwinB in enhancing 
feature representation while optimizing computational efficiency. By improving the accuracy and reliability of lung 
nodule classification, DCSwinB has the potential to assist radiologists in reducing diagnostic errors, enabling earlier 
intervention and improved patient outcomes.
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Introduction
Lung cancer is the leading cause of cancer-related mor-
tality worldwide, with lung nodules playing a critical 
role in its diagnosis and management [1]. In the decade 

of 2020, lung cancer is expected to have caused 2.2 mil-
lion new cases and 1.8 million deaths globally [2]. Lung 
nodules, which range in size from 3 mm to 3 cm, can be 
either benign or malignant. Radiologists typically assess 
nodule malignancy based on factors such as size, loca-
tion, internal structure, and texture. However, small 
nodules (< 3mm) are often overlooked due to their 
asymptomatic nature and limited visibility on CT scans. 
The current diagnostic process heavily depends on the 
expertise of radiologists, but the growing population and 
the decreasing availability of qualified healthcare profes-
sionals have shifted focus from early intervention to diag-
nostic medicine. Studies have shown that radiologists 
without Computer-Aided Diagnosis (CAD) tools exhibit 
high false-positive rates, ranging between 51% and 83.2%, 
while their sensitivity is between 94.4% and 96.4%.
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Over the years, CAD systems have evolved from tradi-
tional feature extraction techniques such as SIFT, HOG, 
and LBP to advanced deep learning methods, specifically 
Convolutional Neural Networks (CNNs), which have 
become the gold standard in medical image analysis. 
Recent approaches also incorporate Vision Transform-
ers (ViT), such as TransUNet [3], which combine local 
feature extraction with global dependency modeling, 
offering promising results for medical image segmenta-
tion tasks. Additionally, models like FiT [4], GVT [5], and 
SpikingResformer [6] further refine the model’s capability 
by improving computational efficiency and energy usage, 
while enhancing feature extraction.

Despite the advancements in deep learning models, 
Vision Transformers (ViTs) in medical imaging still face 
significant limitations. They often struggle to simultane-
ously capture both local features, which are crucial for 
detecting small nodules, and global features, which pro-
vide the contextual understanding necessary for accurate 
classification of benign and malignant cases. Addition-
ally, these models are computationally expensive, limiting 
their practicality in clinical environments where real-
time processing and efficiency are essential. Address-
ing these issues forms the foundation of the DCSwinB 
model, which combines the strengths of CNNs and ViTs 
with enhanced local feature extraction through the Conv-
MLP module and a dual-branch architecture, improving 
both classification accuracy and computational efficiency.

DCSwinB combines the power of the Swin-Tiny Vision 
Transformer (ViT) with significant modifications to 
enhance feature extraction efficiency. The architecture 
includes two parallel branches: one for local feature 
extraction using CNNs, and the other for global feature 
extraction using the Swin Transformer. This dual-branch 
design allows the model to capture both low-level and 
high-level features from CT images, improving classifica-
tion accuracy while optimizing computational efficiency.

A key innovation in DCSwinB is the integration of a 
Conv-MLP module within the Swin Transformer branch. 
This module strengthens the connections between adja-
cent windows, allowing the model to better capture 
long-range dependencies-a crucial capability for ana-
lyzing high-dimensional medical images like CT scans. 
The hierarchical structure of DCSwinB consists of four 
stages, with 2, 2, 6, and 2 layers of Swin Transformer 
building blocks, respectively. Feature maps are downsam-
pled between stages through a patch merging procedure, 
and positional embeddings are incorporated to capture 
spatial information.

Pretrained on the LUNA16 and LUNA16-K data-
sets, DCSwinB outperforms existing models in classify-
ing benign and malignant pulmonary nodules through 
ten-fold cross-validation. The integration of Conv-MLP 

within the Swin Transformer allows the model to effi-
ciently process both local and global features, achieving 
state-of-the-art results while maintaining computational 
efficiency, making it suitable for clinical applications. 

1.	 A dual-branch Vision Transformer architecture 
that extracts semantic context from CT images for 
improved lung nodule classification.

2.	 The Conv-MLP module that enhances local feature 
extraction and enables the capture of long-range 
dependencies across 3D CT images.

3.	 Pretraining on LUNA16 and LUNA16-K datasets 
followed by ten-fold cross-validation showing sig-
nificant improvements in classifying lung nodules as 
benign or malignant.

Through this work, we aim to bridge the gap between tra-
ditional CAD methods and modern deep learning tech-
niques, particularly Vision Transformers, to enhance the 
diagnosis of lung cancer and related diseases in clinical 
practice.

Related work
The application of deep learning techniques has revolu-
tionized target detection, particularly within the domain 
of medical imaging. Various architectures have been 
developed, each with distinct advantages and limita-
tions, primarily focusing on Convolutional Neural Net-
works (CNNs), Vision Transformers (ViTs), and hybrid 
approaches combining both.

CNNs [7] have been foundational in advancing medi-
cal image analysis. Their architecture, characterized 
by weight sharing and local connections, significantly 
reduces model complexity and training duration com-
pared to traditional fully connected networks. CNNs 
excel at preserving the spatial hierarchy of features 
within an image through their convolutional layers and 
pooling operations. They exhibit robustness against 
variations such as translation, rotation, and scale 
changes, which is crucial for analyzing medical images 
where targets can appear at different positions, orien-
tations, and sizes. The convolutional filters are adept 
at capturing local patterns and textures, essential for 
identifying subtle indicators like lung nodules in CT 
scans [8, 9]. In tasks like lung nodule identification, 
CNNs extract these local features, which are then pro-
cessed by subsequent layers to predict nodule location 
and classification [8, 9]. A primary limitation of stand-
ard CNNs is their restricted receptive field, making it 
challenging to capture long-range dependencies across 
distant parts of an image. This is a significant draw-
back when analyzing complex, high-dimensional data 
like volumetric CT scans where global context is often 
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important for accurate diagnosis. Within CNN-based 
object detection, methodologies are often categorized 
as anchor-based or anchor-free. Anchor-based meth-
ods (e.g., R-CNN [10], Fast R-CNN [11], Faster R-CNN 
[12]) utilize predefined anchor boxes to guide localiza-
tion. Single-stage detectors (e.g., YOLO [13], SSD [14], 
RetinaNet [15]) perform classification and localization 
directly. Anchor-free methods (e.g., CenterNet [16], 
CornerNet [17]) predict key points like object cent-
ers or corners. While successful in general computer 
vision, the application of many of these specific mod-
els to lung nodule classification has been somewhat 
limited, partly due to the aforementioned difficulty in 
efficiently handling long-range dependencies inherent 
in CT data.

The limitations of CNNs in capturing global context 
led to the adoption of Vision Transformers (ViTs) [18] 
in medical imaging. Inspired by the success of trans-
formers in natural language processing, ViTs apply 
the self-attention mechanism directly to sequences of 
image patches, enabling them to model relationships 
across the entire image. ViTs excel at capturing long-
range dependencies by considering the relationships 
between all pairs of image patches via the self-attention 
mechanism. This allows them to understand the global 
context of an image, which can be crucial for interpret-
ing complex scenes or large structures in medical scans. 
The transformer architecture is inherently flexible. 
Variants like hierarchical ViTs (e.g., Swin Transformer 
[19]) improve scalability and efficiency by process-
ing images at multiple resolutions and using shifted 
windows for attention calculation. Swin Transformers 
incorporate patch merging and Relative Position Bias 
(RPB) to handle large token sequences more effectively 
[19]. Other adaptations like FiT [4] offer adjustable 
patch sizes for better computational efficiency in multi-
resolution scenarios. Standard ViTs process images 
by dividing them into fixed-size patches. This patch-
ing process can sometimes disrupt fine-grained local 
details and spatial contiguity, which might be less effec-
tive for tasks requiring precise localization or analysis 
of small objects, such as identifying small lung nod-
ules. ViTs typically require large datasets for effective 
training compared to CNNs, as they lack the inductive 
biases (like locality and translation equivariance) inher-
ent in convolutional operations. Furthermore, the self-
attention mechanism has a quadratic complexity with 
respect to the number of patches, leading to significant 
computational overhead, especially for high-resolu-
tion images common in medical imaging. Numerous 
efforts have focused on enhancing ViT efficiency and 
effectiveness, exploring aspects like frequency domain 
processing [20], integration with state-space models 

like Mamba [21–25], improved training strategies [26], 
token processing [27], and architectural variations [28, 
29].

Recognizing the complementary strengths of CNNs 
and ViTs, hybrid architectures have emerged as a pow-
erful approach, particularly in medical imaging where 
both fine-grained local details and broader global con-
text are often critical. These models aim to leverage the 
local feature extraction prowess of CNNs and the long-
range dependency modeling capabilities of transform-
ers within a single framework. Hybrid models effectively 
combine the strengths of both worlds - CNNs capture 
intricate local patterns and textures, while transformers 
model global relationships and context across the image. 
This synergy often leads to richer and more comprehen-
sive feature representations. By integrating both local and 
global perspectives, models like TransUNet [3] (which 
combines a U-Net CNN encoder with a transformer) 
have demonstrated improved accuracy and robustness 
in tasks like medical image segmentation compared to 
using either architecture alone. The hybrid design allows 
for specific adaptations. For instance, E-TransUNet [30] 
incorporates Res2 Net modules to boost CNN feature 
extraction, while TransUNetRT [31] focuses on optimiz-
ing runtime. Other innovations like GVT [5] and Spik-
ingResformer [6] aim to reduce the computational cost 
associated with transformers within the hybrid struc-
ture, enhancing efficiency. Some hybrid models are tai-
lored to specific medical imaging challenges, such as 
GLoG-CSUnet [32] which targets noise reduction and 
boundary delineation in CT scans. Designing an opti-
mal hybrid architecture involves carefully balancing the 
contributions of the CNN and transformer components. 
Achieving the right balance between local detail and 
global context without one overshadowing the other can 
be challenging. Hybrid models can be more complex to 
design, implement, and tune compared to single-archi-
tecture models. While some hybrid designs aim for effi-
ciency, combining two potentially complex architectures 
can still lead to significant computational demands, 
which remains a concern for deployment in resource-
constrained clinical environments.

Significant progress has been made in areas like breast 
cancer detection using mammograms, employing tech-
niques ranging from dual-view models and ensemble 
approaches to generative methods for data augmentation 
[33–36] Furthermore, beyond the detection and classifi-
cation of nodules, another critical challenge in oncology 
is the accurate subtyping of cancers, which significantly 
impacts treatment decisions and patient prognosis. 
Recent research has explored deep learning methods for 
classifying lung cancer subtypes directly from CT images, 
sometimes augmented with synthetic pathological priors 
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[37]. Other approaches focus on developing task-specific 
embeddings for few-shot classification of cancer molecu-
lar subtypes [38] or using PET/CT data with deep learn-
ing to non-invasively discriminate pathological subtypes 
of non-small cell lung cancer [39]. Addressing these com-
plex tasks often requires sophisticated models capable of 
integrating diverse data types and capturing subtle differ-
entiating features, highlighting the continuous evolution 
of deep learning in medical diagnostics.

Despite these challenges, the pursuit of effective hybrid 
models continues, as they offer a promising direction for 
developing models that capture both local and global 
information efficiently. The DCSwinB model proposed 
in this work falls into this category, aiming to provide 
an optimized dual-branch structure for lung nodule 
classification.

Proposed method
The following section will present a comprehensive con-
ceptual overview of the proposed DCSwinB framework 
and its components. The subject matter will commence 
with an overview of the comprehensive network design, 
followed by an examination of the presented Dual CNN 
Swin Transformer Module DCSwinB.

Overall structure of model
The DCSwinB model is introduced as an innovative and 
efficient image classifier for extracting semantic con-
text information from CT images. The framework of 
DCSwinB is illustrated in Fig.  1. The DCSwinB method 

is employed to investigate longrange dependencies in 
HRRS images in our DCSwinB structure, with the hier-
archical ViT method (Swin-Tiny [27]) serving as the 
baseline. Then, the modelś capacity to extract longrange 
dependencies from 3D images is improved by incorpo-
rating Conv-MLP [33] into each stage of the DCSwinB. 
This is achieved by fortifying the ViT adjacent window 
connections. Finally, a dual-branch structure referred to 
as “CNNs + Swin Transformers” has been developed to 
separate every level characteristic in the initially devel-
oped Swin-Tiny into two distinct branches. This archi-
tecture not only amalgamates the advantages of a CNN 
section for specific characteristics and a ViT expand for 
general characteristics, but also realizes a portable ver-
sion by mitigating the computational demands of select 
fully linked layers and the multiheaded attention mecha-
nism in ViT.

The DCSwinB method employs a hierarchical vision 
transformer constructed by a sequence of four successive 
phases. The four phases comprise 2, 2, 6, and 2 layers of 
Swin Transformer structures, respectively. Additionally, 
feature maps are downsampled between each stage, with 
the exception of the final stage, using a patch merging 
procedure that is based on linear layers.

Given an 3D image x ∈ RH×W×C , where H denotes the 
image height, W denotes the image width, and C denotes 
the number of image channels. DCSwinB initially 
applies a mask of size n× n to the input x in the convo-
lution layer, resulting in downsampling of the 3D image 
to the first stage. This process generates a collection of 

Fig. 1  overall framework of Dual CNN Swin Module
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patches P = {p1, p2, · · · , pn2} . Then, linear embedding 
is employed to tokenize each region in P. Furthermore, 
positional information is represented by incorporating 
relative position embeddings into these tokens. Lastly, 
the vector that embeds the sequence is supplied through 
all 4 cascaded steps of the DCSwinB, and the output ele-
ments are downsampled at each stage to H. Specifically, 
we assigned the value of 4 to n and the value of 96 to C.

Dual block CNN with SwinTransformer
To simplify, let’s assume that the input for a specific stage 
of the hierarchical DCSwinB technique is denoted as zl−1 . 
In this method, the dual-branch structure of DCSwinB 
divides it into two parts: zl−1

1  and zl−1
2  . This division is 

achieved using a 1 x 1 convolutional layer. Additionally, 
the number of channels for both features is set to be half 
of zl−1 . The computational procedure can be articulated 
in the following manner:

The window structuring method is used to calculate 
the output zl1 of the l_layer in the transformer encoder 
for zl−1

1  . Initially, the transformer encoder is modified to 
include greater multilayer perceptrons (MLP) in order to 
improve the ViT branch’s ability to capture long-range 
dependency information.Additionally, aiming to increase 
the connectivity among neighboring windows, we pre-
sent a depthwise convolution between two MLP blocks, 
drawing inspiration from Conv-MLP, in response to the 
likely limitations of extra MLP layers in the ViT branch, 
which have a constraints on the spatial interaction infor-
mation. The calculation procedure can be identified as

W _MSA denotes window-based multihead selfatten-
tion, LN suggests LayerNorm, MLP implies multilayer 
perceptron, DW _Conv represents depthwise convolu-
tion, and T represents the transpose matrix. DW _Conv 
is introduced between two MLPs, performing as a 3× 3 
convolution layer having the identical channel as the two 
MLPs. This results in an expansion of the connections 
within the neighboring window.

(1)
zl−1
1 = Conv1×1 zl−1

zl−1
2 = Conv1×1 zl−1

(2)

z
·l
1 = W_MSA

(
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(
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(
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(
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1

))T
)
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1

The shifted window splitting strategy is subsequently 
employed to calculate the resulting value zl+1

1  of the 
l + 1 layer in the transformer encoder. The related out-
come for the swin transformer branch is formed by.

SW_MSA refers to the shifting window-based mul-
tihead selfattention. The number of parameters is 
reduced by setting all MLP a prolongation layers in 
the ViT branches to 2. Formulas (2) and (3) in the ViT 
branch involve intricate computational procedures. 
However, the initial input zl+1

1  for these formulas is 
only half the size of the original input feature zl−1 for 
each stage of the DCSwinB. The suggested dual-branch 
structure allows the model to acquire effective feature 
representation and reduces computational complexity, 
resulting in a portable model.

Subsequently, the CNN block initially implements a 
3× 3 convolution layer to extract features for the out-
put zl−1

2  of Formula (1). In order to preserve robust fea-
tures and expedite model convergence, max pooling is 
implemented, resulting in the subsequent output zl+1

2 .

The output zl+1 of the dual-block Combining CNNs 
Swin Transformer module is obtained by concatenat-
ing zl+1

1 and z
l+1
2  in the channel dimension. This can be 

expressed as:

The dual-branch module splits the input feature 
zl−1 into two parts, zl−1

1  and zl−1
2  , based on the chan-

nel dimension. The ViT branch of the incorporated 
Conv_MLP utilizes the zl−1

1 part to improve connections 
between neighboring windows while enhancing global 
information understanding. For enhanced global fea-
ture and model simplicity, a convolution and max pool-
ing layer are added to the zl−1

2  component. Using only 
a convolutional layer and max pooling layer, the zl−1

2  
component simplifies multihead selfattention and MLP 
processing. Consequently, the DCSwinB technique 
experiences a substantial decrease in computation and 
parameter count compared to the baseline SwinTiny 
approach.
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The original architecture’s parameters are employed 
to conduct the regression of classification classes and 
bounding boxes. (Lin et al., 2017). In this experiment, the 
lung nodule is being discovered and classified based on 
its malignancy or texture.

Depthwise convolution in Conv‑MLP for efficient local 
interaction
To improve the ViT branch’s capability to model both 
global dependencies and localized spatial context, we 
extend the standard Transformer architecture by inte-
grating a depthwise convolution denoted as DW_Conv 
between two multilayer perceptrons (MLPs), as 
described in Equations (2) and (3). This configuration 
forms the Conv-MLP block, inspired by lightweight 
CNN-Transformer hybrids. Given the intermediate out-
put z..l1 ∈ R

H×W× C
2  after the first MLP, we apply Layer-

Norm and transpose it to z..l
T

1 ∈ R
C
2 ×H×W  , preparing it 

for convolutional operation in the spatial domain. The 
depthwise convolution applies a distinct 3× 3 kernel to 
each channel independently:

This is followed by another MLP and residual connec-
tion, completing the Conv-MLP block:

The depthwise convolution increases spatial connec-
tivity within each Swin window while preserving the 
computational benefits of the window-based attention 
mechanism. Since it operates independently per channel, 
the parameter complexity is significantly reduced-from 
3× 3× C × C (in standard convolution) to 3× 3× C in 
the depthwise case.

Furthermore, as the ViT branch only processes C2  chan-
nels (i.e., zl−1

1 ∈ R
H×W× C

2  ), this design further lowers 
computational cost while retaining semantic richness. 
This integration balances local spatial modeling and 
global attention, contributing to the lightweight and effi-
cient nature of the DCSwinB module.

Experiment and discussion
Dataset
This research utilized the publicly available LUNA16 
dataset [40], which is derived from the Lung Image Data-
base Consortium image collection (LIDC-IDRI) [41]. The 
LIDC-IDRI dataset comprises thoracic computed tomog-
raphy (CT) scans annotated by multiple radiologists, 
making it a standard benchmark for pulmonary nodule 
analysis.

z
...l+1
1 = DW_Conv

(

LN

((

z
..l+1
1

))T
)

z...l+1
1 = MLP

(

LN
((

z...l+1
1

))T
)

+ z...l+1
1

Consistent with the LUNA16 methodology, specific 
inclusion and exclusion criteria were applied to the 
LIDC-IDRI scans. CT scans exhibiting inconsistent slice 
spacing, missing slices, or a slice thickness greater than 
3 mm were excluded to ensure data quality and uniform-
ity. Furthermore, nodules with a diameter less than 3 mm 
were filtered out, as these are often considered clinically 
insignificant and challenging to reliably annotate.

All CT scans were resampled to a uniform isotropic 
voxel spacing of 1× 1× 1 mm using trilinear interpola-
tion. This step standardizes the spatial resolution across 
different scans, ensuring consistent nodule size and shape 
representation. The raw voxel intensities, represented 
in Hounsfield Units (HU), were first clipped to a typical 
lung window range of [−1000, 400] HU to focus on rel-
evant tissue densities. Subsequently, these clipped values 
were normalized to a floating-point range of [0, 1] using 
min-max scaling based on the specified window. For each 
annotated nodule, a Region of Interest (ROI) cube of size 
64 × 64 × 64 voxels, centered on the nodule’s centroid 
coordinates provided in the LUNA16 annotations, was 
extracted. This focuses the model’s input on the nodule 
and its immediate surroundings.

The LUNA16 dataset provides malignancy annotations 
based on the consensus of four experienced radiologists 
who graded nodules on a scale from 1 (highly unlikely to 
be malignant) to 5 (highly suspicious of malignancy). Fol-
lowing common practice, a binary classification scheme 
was adopted: nodules with an average radiologist rating 
of 3 or higher were labeled as malignant, while those with 
an average rating below 3 were labeled as benign. While 
the LIDC-IDRI dataset is known for inherent inter-
reader variability, using the average score and the defined 
threshold helps establish a consistent ground truth for 
this binary task, although some level of label noise may 
persist.

To enhance the model’s robustness to variations in nod-
ule appearance and position, and to mitigate overfitting, 
extensive data augmentation techniques were applied to 
the extracted ROIs during training. These included: Ran-
dom rotations around each axis within a range of +/- 15 
degrees. Random scaling by a factor between 0.9 and 1.1. 
Random translations along each axis by up to +/− 5 
voxels. Random flipping along the horizontal and vertical 
axes with a probability of 0.5 for each.

To ensure robust evaluation and prevent data leak-
age between training and testing phases, the dataset was 
split at the patient level. This means all ROIs belonging 
to a single patient were assigned exclusively to either the 
training, validation, or test set. An 80:10:10 split ratio was 
used, allocating 80% of patients for training, 10% for vali-
dation (model tuning), and 10% for final testing. Further-
more, a 10-fold cross-validation strategy was employed, 
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also performed with patient-level splits. Within each fold, 
stratified sampling was used to ensure that the distribu-
tion of benign and malignant nodules was approximately 
maintained across the training and validation subsets for 
that fold. The final performance metrics reported are the 
average results across all 10 folds on their respective test 
sets, providing a reliable and unbiased estimate of the 
model’s generalization capability.

Implementation detail
The experiment was conducted using an Anaconda 
environment on an Ubuntu 22.04 system with Python, 
leveraging the PyTorch framework [42] and CUDA for 
GPU-accelerated training. Hyperparameters included a 
learning rate of 0.001, dropout rate of 0.5 for regulariza-
tion, L2 regularization with a weight decay of 0.0001, and 
a batch size of 32. The model was trained on an NVIDIA 
RTX 4060 GPU with 16 GB of memory, which enabled 
efficient training, completing the full training in approxi-
mately 12 hours using 10-fold cross-validation.

Hyperparameters
In the training procedure, any nodules with an ambigu-
ity score of 3, indicating uncertainty between benign 
and malignant classification, were excluded to ensure 
clear and definitive labeling. Benign nodules were classi-
fied with degrees 1 and 2, while malignant nodules were 
assigned degrees 4 and 5. This resulted in a dataset of 450 
malignant nodules and 554 benign nodules, drawn from 
a total of 1004 nodules in the LUNA16 database. The 

image data was then randomly partitioned into 10 sub-
groups for ten-fold cross-validation, with each fold using 
9 subsets for training and 1 subset for testing.

The learning process was optimized using the Stochas-
tic Gradient Descent (SGD) algorithm with a momentum 
value of 0.9 to speed up convergence and help the model 
escape local minima. To prevent overfitting, dropout 
regularization was applied. The model was trained over 
300 epochs, with an initial learning rate of 0.01, which 
was gradually reduced during the training process to 
improve convergence. Specifically, the learning rate was 
reduced to 0.001 after 60 epochs, and further decreased 
to 0.0001 after 120 epochs. This learning rate decay strat-
egy is essential for balancing fast learning during the 
initial phase and precise fine-tuning near the optimal 
solution to avoid overshooting. A weight decay of 0.0001 
was applied to regularize the weights and further prevent 
overfitting. Network performance in Receiver Operating 
Characteristics of DCSwinB is shown in Fig. 2.

The batch size of 8 was chosen to strike a balance 
between efficient GPU usage and stable gradient esti-
mation. A smaller batch size helps prevent the model 
from being biased by outliers and provides a smoother 
training process by introducing more randomness into 

Fig. 2  Network performance of the DCSwinB is measured using the ROC

Table 1  Hyperparameters configuration

Parameters Batch Size Epoch Learning Rate Weight Decay

Values 8 300 0.01 0.0001
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the gradient updates, which can improve generaliza-
tion. However, it was chosen to be small enough to avoid 
excessive computational burden, especially on memory-
limited systems, while still benefiting from the regu-
larization effect of small batches. Hyperparameters are 
shown in Table 1

Comparison result
We compare our proposed approach with recent con-
current studies on vision transformers. The perfor-
mance of the proposed model, DCSwinB, was evaluated 
using ten-fold cross-validation, and the results were 
computed as the mean performance across multi-
ple evaluation metrics, including Accuracy, Recall,, 
Specificity, AUC, Precision, and F1-score. These met-
rics provide a comprehensive view of the model’s 
ability to classify benign and malignant pulmonary 
nodules. The DCSwinB network was compared to sev-
eral other deep learning models, including traditional 
CNN based model VGG16, ResNet50, DenseNet, 

Transformer-Based models Swin-T, ConvNeXt, DaViT, 
and CrossViT and advanced Hybrid models SpikingRes-
former, GVT and FiT such as which are also employed 
for pulmonary nodule classification tasks. Table 2 dis-
plays the data obtained from the experiment.

As shown in Table  2, DCSwinB consistently outper-
forms all other models, including traditional CNN-
based models (VGG16, ResNet50, DenseNet) and 
advanced Transformer-based architectures (Swin-T, 
ConvNeXt, DaViT, CrossViT). Furthermore, DCSwinB 
surpasses recent hybrid models such as FiT, GVT, and 
SpikingResformer. Specifically, DCSwinB achieves the 
highest accuracy of 87.94%, exceeding SpikingRes-
former (86.96%) by 0.98%. In terms of recall, crucial for 
detecting malignant nodules, DCSwinB attains 85.56%, 
improving upon SpikingResformer (84.96%) and FiT 
(82.31%). DCSwinB also records the highest AUC 
(0.94), confirming its superior capability in both benign 
and malignant nodule classification.

Table 2  Performance comparison of various models on the LUNA16 dataset for lung nodule classification

Bold values represent the best performance. Recall and F1-score are equivalent when Precision equals Recall

Model Accuracy (%) Recall (%) Specificity (%) AUC​ Precision (%) F1-score (%)

VGG16 81.35 70.64 70.52 0.70 69.64 70.64

ResNet50 82.36 72.53 72.88 0.75 71.64 72.53

DenseNet 82.58 75.96 75.31 0.77 75.43 75.96

Swin-T 83.35 76.02 76.55 0.76 76.64 76.02

ConvNeXt 83.58 78.96 78.45 0.87 78.64 78.96

DaViT 84.58 79.96 79.80 0.88 79.64 79.96

CrossViT 84.58 80.96 80.95 0.89 80.64 80.95

FiT 85.24 82.31 84.20 0.91 82.64 82.30

GVT 85.66 83.55 84.45 0.92 83.64 83.55

SpikingResformer 86.96 84.96 84.90 0.93 84.64 84.96

DCSwinB 87.94 85.56 85.65 0.94 85.56 85.56

Table 3  Performance comparison of various models on the LUNA16-K dataset for lung nodule classification

Bold values represent the best performance. Recall and F1-score are equivalent when Precision equals Recall

Model Accuracy (%) Recall (%) Specificity (%) AUC​ Precision (%) F1-score (%)

VGG16 82.35 81.64 79.52 0.79 79.64 81.64

ResNet50 83.36 81.96 80.88 0.80 80.34 81.96

DenseNet 84.00 81.96 81.31 0.81 81.43 81.96

Swin-T 84.35 84.02 85.55 0.84 85.51 84.02

ConvNeXt 85.58 84.96 85.45 0.85 85.85 84.96

DaViT 86.58 85.36 86.80 0.85 86.34 85.36

CrossViT 87.58 85.96 86.95 0.86 86.54 85.96

FiT 89.24 86.31 88.20 0.88 88.14 86.31

GVT 89.66 86.55 88.45 0.88 88.34 86.55

SpikingResformer 89.96 88.96 89.19 0.89 89.64 88.96

DCSwinB 90.96 90.56 89.65 0.90 85.56 90.56
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On the LUNA16-K dataset (Table  3), DCSwinB again 
establishes itself as the best-performing model. It 
achieves an accuracy of 90.96%, improving over Spik-
ingResformer (89.96%) by 1.00%. DCSwinB also records 
the highest recall (90.56%), surpassing SpikingResformer 
by 1.60%. The F1-score of 90.56% further demonstrates 
balanced precision and recall, ensuring robustness in 
classification. Compared to ResNet50, DCSwinB shows 
a remarkable 4.60% improvement in recall (90.56% vs. 
85.96%), a critical advantage for early detection of malig-
nant cases. Moreover, DCSwinB achieves the highest 
specificity (89.65%), reducing false positives and ensuring 
reliable classification of benign nodules.

Although Swin-T performed competitively with an 
AUC of 0.90, it lags behind DCSwinB in both recall and 
accuracy. Overall, DCSwinB demonstrates a significant 
and consistent improvement in classification perfor-
mance across both datasets, validating its effectiveness 
and robustness for clinical lung nodule diagnosis.

Ablation study
This research conducts ablation tests to further confirm 
the efficacy of the Dual Branch CNN-SwinT approach. 
The demonstration models were trained from the begin-
ning to ensure a fair comparison. The training ratios for 
the LUNA16, LUNA16-K Dataset, were set at 80%, 10%, 
and 10% correspondingly. The four models - Swin-T, 
Swin-DMLP, Swin-DB, and the proposed CNN-SwinT-
are depicted with their respective training accuracy 
curves shown in Fig. 3 on the LUNA16 validation set and 

Fig. 4 on the the LUNA16-K validation set. The precision 
of all of them exhibited rapid improvement over the first 
140 epochs, succeeded by a progressive enhancement 
from epochs 140 to 260, ultimately culminating in a sta-
ble convergence between epochs 260 and 300.

As shown in Table  4, the proposed DCSwinB model 
with Conv-MLP connections achieves significant per-
formance gains compared to the Swin-Tiny baseline. 
Specifically, DCSwinB reaches an accuracy of 90.96%, 
outperforming Swin-Tiny (87.94%) by 3.02%. The 
recall, which reflects the model’s sensitivity to malig-
nant nodules, improves from 85.56% to 90.56%, high-
lighting DCSwinB’s enhanced ability to detect critical 
cases crucial for early lung cancer diagnosis. Moreo-
ver, DCSwinB achieves a higher specificity (89.65%) 
compared to Swin-Tiny (85.65%), indicating a stronger 
capability in correctly identifying benign nodules and 
reducing false positives. The area under the ROC curve 
(AUC) also improves from 0.92 (Swin-Tiny) to 0.94 
(DCSwinB), further demonstrating superior classifi-
cation robustness. In addition to performance gains, 
the introduction of Conv-MLP connections enhances 
local feature interactions through depthwise convolu-
tions while maintaining global feature modeling via 
the Swin Transformer. Although not explicitly shown 
in parameter counts in this table, DCSwinB achieves 
better training efficiency, faster convergence, and 
stronger discriminative power - particularly for chal-
lenging cases - due to the efficient processing of local 
and global contexts. Overall, the combination of local 

Fig. 3  Training accuracy curves on LUNA16 validation is measured using the ROC
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spatial enhancement and global dependency modeling 
enables DCSwinB to deliver both higher accuracy and 
greater reliability for lung nodule classification tasks.

To substantiate the claim of computational efficiency, 
we have conducted additional benchmarking and now 
report FLOPs, parameter count, and inference time 
comparisons between DCSwinB and the baseline Swin-
Tiny model. as shown in Table  5. These results are 
based on experiments conducted on an NVIDIA RTX 
4060 GPU with identical input size and batch settings.

DCSwinB reduces the number of parameters by 
approximately 19.8% compared to Swin-T. Our method 
achieves a 24.4% decrease in FLOPs, largely due to the 
use of depthwise convolutions and the dual-branch struc-
ture. On average, DCSwinB is 2.6 ms faster per image, 
representing a 16% improvement in inference speed.

Limitations and future work
The DCSwinB model introduces a dual-branch archi-
tecture, which enhances performance by capturing 
both local and global features. However, this results 
in increased computational complexity and memory 
usage. The model requires significant resources, which 
may limit its application in resource-constrained envi-
ronments or on devices with limited computational 
power.The model’s performance heavily relies on pre-
training on datasets such as LUNA16 and LUNA16-
K. While this pretraining helps the model generalize 
well, its performance might degrade when applied to 
datasets that are significantly different from those 
used in training.Further exploration of unsupervised 

Fig. 4  Training accuracy curves on LUNA16-K validation is measured using the ROC

Table 4  Performance comparison of DCSwinB with and without Conv-MLP connections on the LUNA16-K dataset

Bold values represent the best performance

Model Accuracy (%) Recall (%) Specificity (%) AUC​ Precision (%) F1-score (%)

Swin-Tiny 87.94 85.56 85.65 0.92 85.56 85.56

DCSwinB (no Conv-MLP) 88.56 87.02 86.15 0.93 86.35 86.68

DCSwinB (with Conv-MLP) 90.96 90.56 89.65 0.94 85.56 87.95

Table 5  Parameters comparison DCSwinB vs. Swin-T

Model Params (M) FLOPs (G) Inference 
Time (ms/
img)

Top@acc(1%)

Swin-Tiny 87.94 85.56 85.65 0.92

DCSwinB 
(with Conv-
MLP)

90.96 90.56 89.65 0.94
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or self-supervised learning strategies could reduce 
dependency on pretrained models. Although the 
DCSwinB model performs well on the LUNA16 and 
LUNA16-K datasets, its generalization to other types 
of pulmonary nodules or CT imaging data remains 
uncertain. It may struggle to capture the full diversity of 
features present in different medical imaging datasets, 
particularly those with varied image quality, noise, or 
resolution.

Conclusion
This paper presents DCSwinB, a novel dual-branch Swin 
Transformer architecture designed to extract semantic 
contextual information from CT images with improved 
computational efficiency. By integrating Conv-MLP 
modules, DCSwinB strengthens connections between 
neighboring windows within the ViT branch, enhancing 
feature representation quality. Pretraining on LUNA16 
and LUNA16-K datasets, followed by evaluation through 
ten-fold cross-validation, demonstrated the robustness 
and reliability of the proposed model. Experimental 
results show that DCSwinB achieves superior accuracy 
in differentiating benign from malignant pulmonary 
nodules compared to traditional feature-based and deep 
learning baselines. These findings suggest that DCSwinB 
offers a promising and efficient solution for enhancing 
early lung cancer detection, contributing to improved 
diagnostic outcomes in clinical practice. Future research 
will focus on extending DCSwinB to fully 3D volumet-
ric data, incorporating multimodal information, and 
developing lightweight variants for broader clinical 
deployment.
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