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ABSTRACT

Accurate segmentation of brain Magnetic Resonance Imaging (MRI) plays a crucial role in identifying the
boundaries of abnormal regions associated with brain tumors, thereby facilitating more precise diagnosis
and treatment planning. Previous studies have proposed automatic segmentation by leveraging deep
learning. Convolution-based architectures are effective at spatial localization but are limited in capturing
global contextual information, whereas transformer-based architectures can model long-range
dependencies but often require substantial computational resources and may struggle to preserve fine-
grained spatial details. To address these challenges, this research proposes Swin-Conv, a hybrid U-Net-
based architecture consisting of a Swin Transformer encoder to capture the global context of an image and
a convolutional decoder to preserve spatial localization during image reconstruction. Furthermore, the
effectiveness of standard convolution and Mobile Inverted Bottleneck Convolution (MBConv) employed in
the decoder is investigated across four Swin Transformer variants (Tiny, Small, Base, and Large). The
experimental results on the public Low-Grade Glioma (LGG) MRI brain segmentation dataset
demonstrate that the best performance is obtained by the Swin-Conv model with a standard convolutional
decoder and the Swin-S. Comparative experiments with baseline models indicate that Swin-Conv achieves
competitive performance with reasonable computational complexity. These findings highlight that Swin-
Conv effectively integrates the benefits of a Swin Transformer encoder and a convolutional decoder to
generate precise brain image segmentation efficiently, making it suitable for applied medical scenarios.
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I.  INTRODUCTION

The brain is a central organ that serves as the primary
control center of the human body. Uncontrolled cell growth
within or around the brain can lead to the formation of brain
tumors, which may subsequently impair brain function and
disrupt the central nervous system [1]. Global Cancer Statistics
reported 321,731 new cases and 245,800 deaths from brain
tumors worldwide in 2020, positioning brain tumors as the
twelfth leading cause of cancer-related mortality [2]. The early
diagnosis of brain tumors plays a crucial role in preparing
suitable treatment planning and improving patients' survival
rate [3].

In this context, advancements in medical imaging
technologies, particularly Magnetic Resonance Imaging (MRI),
have substantially enhanced the clinical assessment of brain
tumors [4]. Accurate segmentation of brain MRI is crucial to
delineate the precise boundaries of abnormal regions associated
with brain tumors from other tissues, thereby facilitating more
precise diagnosis and treatment planning [5]. However, brain
tumor regions exhibit significant variations in shape, size, and
location, and often present ambiguous boundaries with low
contrast relative to surrounding healthy tissues. These
characteristics make brain tumor segmentation a highly
challenging task, particularly in accurately delineating tumor
boundaries [6]. Manual segmentation of medical images
performed by medical experts can be highly accurate, but it is
typically time-consuming and costly. Therefore, the
implementation of automatic image segmentation is essential to
provide reliable and replicable results [7].

The convolutional encoder—decoder architecture is one of
the most widely recognized deep learning models for image
segmentation [8, 9]. U-Net, a specific type of encoder-decoder
architecture, was introduced by authors in [10] for biomedical
image segmentation. Recent studies have demonstrated the
remarkable success of U-Net and its variants in brain tumor
segmentation tasks. For instance, the original U-Net
architecture has been reported to outperform SegNet and
DeepLabv3 [11]. Furthermore, ResUNet was proposed by
replacing the standard convolutional blocks with residual
modules to facilitate more effective feature learning [12]. In
another study, a U-Net-based architecture employing a
pretrained DenseNetl21 as the encoder achieved superior
performance compared to the standard U-Net and ResNet-
based models [13].

Several studies have further enhanced U-Net architectures
by incorporating attention mechanisms to focus feature
extraction on more relevant regions. For instance, Attention
Res-UNet utilized attention gates within the Res-UNet
backbone with a guided decoder [14]. Similarly, authors in [15]
added an attention module in the decoder part, whereas
TransUNetB incorporates a Transformer in its bottleneck layer
[16]. Although variants of U-Net and the incorporated attention
module have demonstrated substantial progress in medical
image segmentation, the convolutional operation commonly
employed in these architectures still exhibits inherent
limitations in capturing long-range dependencies and global
contextual information in an image, particularly in complex

medical images such as brain MRI. Consequently, this
limitation can lead to suboptimal segmentation performance
when tumor boundaries exhibit high variability in shape, size,
and location.

This limitation has motivated recent studies toward
Transformer-based segmentation models. A Transformer
network module consists only of a self-attention mechanism,
which is effective in identifying long-range dependencies in
data [17]. The Transformer architecture, known for its success
in natural language processing, can be adapted for vision tasks
by splitting images into patches. These patches are treated as
tokens in the text domain. Vision Transformer (ViT), a
modified Transformer network, especially designated for vision
tasks, proved that a transformer could replace Convolutional
Neural Networks (CNNs) in the classification and prediction of
image patch sequences [18]. A pure Transformer-based
architecture, referred to as the SEgmentation TRansformer
(SETR), has demonstrated competitive results on several public
segmentation datasets [19].

Despite the effectiveness of Transformer architectures in
capturing long-range dependencies within data, pure
Transformer architectures often require high computational
costs and may struggle to preserve fine-grained spatial details.
Therefore, recent studies have explored hybrid architectures
that aim to combine the strengths of convolutional networks
and Transformers. For instance, VcaNet integrates enhanced
convolution, ViT, and a spatial attention module in the encoder,
bottleneck, and decoder, respectively [20]. Similarly, UNet-VT
integrates ViT as the encoder and UNet as the decoder [21].
Dual Vision Transformer-DSUNET integrates dual ViT in the
encoder part with feature fusion and a convolutional network in
the decoder [22].

However, the ViT models adopted in these studies rely on
fixed-size image patches in their Multi-Head Self-Attention
(MSA) mechanism, which may limit their ability to effectively
capture visual elements with high spatial variability in images.
Swin Transformer addresses this limitation by introducing two
approaches: (1) a hierarchical feature representation that
employs progressively larger patch sizes across successive
layers, and (2) a shifted window approach for computing the
MSA. The first approach is designed to handle variations in the
scale of visual elements, whereas the second approach aims to
improve computational efficiency and enables cross-window
connections [23].

Motivated by the respective limitations of convolutional
operations and pure Transformer architectures, this study
proposes Swin-Conv, a hybrid U-Net-based architecture
consisting of a Swin Transformer encoder and a convolutional
decoder, specifically for brain tumor segmentation. The Swin
Transformer enables effective and efficient modeling of long-
range dependencies through hierarchical feature encoding and a
shifted-window  mechanism for MSA, whereas the
convolutional decoder preserves precise spatial localization
during image reconstruction. The proposed model demonstrates
competitive performance compared with baseline models while
maintaining computational efficiency. Furthermore, this study
investigates the impact of different convolutional operations
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employed in the decoder, as well as various Swin Transformer
variants utilized in the encoder.

II. MATERIALS AND METHODS

This study proposes a hybrid architecture that utilizes the
Swin Transformer and a convolutional network for medical
image segmentation, specifically for brain MRI images. The
overall research workflow and a detailed description of the
proposed architectural model are explained in this section.

A. Data Collection and Division

This research utilizes the public Low-Grade Glioma (LGG)
MRI brain segmentation dataset. This dataset was collected
from The Cancer Imaging Archive (TCIA), is publicly
available at [24], and was originally reported in [25]. This
dataset consists of a collection of 3,929 brain slice MRI images
with the corresponding manually segmented masks, comprising
2,556 images of normal cases and 1,373 images of tumor cases.
Each image has a resolution of 256 x 256 pixels. The available
dataset was divided into three independent subsets following a
commonly adopted data split scenario in previous studies.
Specifically, 2,750 images were allocated for the training
subset, 786 images for the validation subset, and 393 images
for the testing subset [26].

B. Data Preprocessing and Augmentation

Image preprocessing is essential to ensure that the image is
ready and meets the requirements of the segmentation model.
In this study, all images (both inputs and masks) were resized
to 224 x 224 pixels to match the input dimension required by
the pretrained Swin Transformer architecture on ImageNet.
This approach is commonly adopted by research that applied
pre-trained models [27], thus enabling effective use of
pretrained weights while maintaining segmentation accuracy
due to the relatively small difference from the original image
size, especially given the limited size of the dataset.
Subsequently, the input image was normalized to the range
[0,1] and standardized to align the pixel value distribution with
that used during the Swin Transformer pretraining on the
ImageNet dataset. Each image pixel was subtracted by the
mean and divided by the standard deviation of each
corresponding RGB channel, using values of [0.485, 0.456,
0.406] and [0.229, 0.224, 0.225], respectively. Meanwhile, the
mask image was normalized into the range [0,1] using min—
max normalization and then thresholded to O (background) or 1
(foreground), as the output of the final segmented image is a
binary image.

Basic image augmentation techniques were applied to
increase the variation of the image dataset at each epoch during
model training. This augmentation plays a crucial role in
ensuring that the model generalizes the patterns of the input
image rather than memorizing them, thereby reducing the risk
of overfitting [28]. The augmentation was applied only to the
training images and their corresponding masks (ground truth).
The image augmentation strategies were selected carefully to
ensure that the augmented data remained representative of real
medical image conditions as suggested in [26], including
rotation with a maximum angle of 20° and horizontal flipping,
each with a probability of 0.2.

C. Proposed Model Architecture

Following the popular U-Net architecture [10], the
proposed Swin-Conv model consists of three parts, namely the
encoder, bottleneck, and decoder, as illustrated in Figure 1. The
encoder part utilizes a Swin Transformer [23] to extract the
feature map. The bottleneck layer employs double
convolutional operations to extract important feature maps
before the reconstruction stage. Finally, the decoder part
utilizes a convolutional network with transposed convolution
for upsampling, followed by a convolution operation to
reconstruct the output segmentation image. When the input and
output dimensions match, a skip connection is utilized to retain
the input signal and enhance gradient flow during training [10].
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Fig. 1. The Swin-Conv model architecture.

www.etasr.com

Khadijah et al.: Swin-Conv: A Hybrid Swin Transformer and Convolutional Network for Brain Tumor ...



Engineering, Technology & Applied Science Research

Vol. 16, No. 3, 2026, 36447-36455 36450

1) Swin Transformer Encoder

The Swin Transformer is a variant of the Transformer
architecture that adopts hierarchical feature representations
combined with a shifted window approach for computing
MSA. The input image for the Swin Transformer is of size 224
x 224 x 3. The Swin Transformer architecture begins with a
patch partition module, followed by four consecutive stages, as
illustrated in Figure 1. The input image is partitioned into non-
overlapping patches of size 4 x 4 by the patch partition module,
resulting in a spatial resolution of 56 x 56, with each patch
having a dimension of 4 x 4 x 3 = 48. In Stage 1, a linear
embedding projects each patch into an embedding dimension
of C, followed by Swin Transformer blocks [23]. Each
subsequent stage (Stage 2—4) comprises a patch merging layer
followed by a Swin Transformer block. For example, in Stage
2, 2 x 2 adjacent patches from Stage 1 are merged by the patch
merging layer, decreasing the spatial dimension to 28 x 28,
while increasing the patch dimension to 4C. Subsequently, the
patch dimension is reduced to 2C through a linear layer
transformation. The Swin Transformer block in each stage
extracts features while maintaining the resolution. This process
of patch merging and feature extraction is progressively
repeated, producing spatial resolutions of 14 x 14 with a patch
size of 4C in Stage 3, and 7 x 7 with a patch size of 8C in
Stage 4. The use of different patch sizes at each stage aims to
handle variations in the scale of visual elements. This approach
also allows the model to construct hierarchical feature
representations across all stages, similar to the feature
representation obtained by typical convolutional networks
architectures, such as VGG, ResNet, and EfficientNet [23].

A Swin Transformer block is composed of two successive
components employing a Window-based MSA (W-MSA) and
a Shifted-Window-based MSA (SW-MSA). The MSA
computation is performed within each local window rather than
across the entire image, which greatly improves computational
efficiency. To enable cross-window connections, consecutive
Swin Transformer blocks use different window configurations
by shifting the partitioning such that each window overlaps
with neighboring patches from the previous block [23].

There are four variants of the Swin Transformer
architecture, namely Swin-T (Tiny), Swin-S (Small), Swin-B
(Base), and Swin-L (Large). Each architecture differs in terms
of feature embedding dimensions and the number of layers in
each stage, which consequently leads to different levels of
computational complexity [23]. Swin-T, Swin-S, Swin-B, and
Swin-L employ embedding dimensions of 96, 96, 128, and 192,
respectively. Among these variants, Swin-T utilizes the
smallest number of layers, arranged as {2, 2, 6, 2}, whereas the
other variants adopt a deeper configuration of {2, 2, 18, 2}
[23].

Given the segmentation input image X , the Swin
Transformer encoder produces four hierarchical encoded
feature representations from Stage 1 to Stage 4, denoted as E;,
E,, E;, and E,, respectively. These hierarchical features are
obtained using different patch dimensions, which are intended
to effectively handle variations in the scale of visual elements
[23], addressing the common challenge of multi-scale feature
representation in medical image segmentation.

2) Bottleneck Layer

The bottleneck configuration follows the architectural
principles of the original U-Net [10], ensuring a smooth
transition between global feature extraction and local pixel-
wise reconstruction. The bottleneck layer utilizes the output
from the final stage of the encoder and applies two consecutive
convolution operations with a kernel size of 3 x 3 [10]. This
operation does not alter the spatial dimensions of the feature
maps but aims to further refine and extract higher-level abstract
features before the decoding stage.

The output of the bottleneck layer B can be obtained as:
B = Convsy3(Convsys(E,)) 1)

where Conv;y; represents a 2D convolution operation, the
subscript denotes the kernel size.

3) Convolutional Network Decoder

A convolutional decoder is utilized to restore high-
resolution spatial details that are often lost during the encoding
process [10]. The decoder part employs transposed convolution
operations to upsample the feature maps, thereby doubling their
spatial dimensions in both width and height. A skip connection,
indicated by the blue lines in Figure 1, is applied to concatenate
the upsampled feature maps with the corresponding encoder
feature maps of the same spatial size. This skip connection is
used to preserve spatial details and fine-grained information
that may have been lost during the downsampling process.
Subsequently, the concatenated feature maps are passed
through two consecutive convolutional layers with a 3 x 3
kernel to reduce the number of channels by half. The
upsampling and convolution operations are performed
iteratively five times until the feature map reaches the original
input image dimension.

Let D; denote the output of the decoder at level i. The
output D, is obtained from the bottleneck layer output (B) and
encoder output in Stage 3 (E;) as in (2). Subsequently, the
output D; (for i =3,2) is calculated from the previous
decoder output D;,; and the encoder output E; by using (3).
ConvT,y, represents a 2D transposed convolution operation,
where the subscript indicates the kernel size, and [-,] represents
the concatenation operation used to implement the skip
connection. The output D, can be obtained from D, without a
skip connection, as shown in (4). The spatial resolution of D, is
half of the input image spatial size. Therefore, an additional
decoder D, is required to upsample the feature map back to the
original input resolution, as shown in (5). Finally, a 1 x 1
convolution layer with a binary sigmoid activation function is
applied to generate the segmentation output, as denoted in (6).
Consequently, the network produces a segmentation map with
a spatial size of 224 x 224 x 1.

D, = Conv3x3(Conv3x3([Coan2X2(B),E3])) )
Di =
CO”U3><3(C‘ml’sxs([ConUszz(Diﬂ)' Ei—l])) 3

D, = Convsys (Conv3x3(Coan2X2(D2))) (@)
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D, = Convsys (Conv3X3(Coan2X2(D1))) (5)
Y= Sigmoid(Conle1(D0)) ©6)

4) Standard Convolution vs. Mobile Inverted Bottleneck
Convolution

This research employs two types of convolution operations,
namely standard convolution and Mobile Inverted Bottleneck
Convolution (MBConv). Standard convolution is capable of
capturing richer and more detailed feature representations, yet
it requires a high computational cost and a large number of
parameters [29]. In contrast, MBConv, originally introduced in
MobileNet [30] and subsequently adopted in EfficientNet [31],
significantly reduces both the number of parameters and the
computational cost compared to standard convolution
operations by applying pointwise and depthwise convolution.
The Squeeze-and-Excitation (SE) block [32], originally
incorporated in the MBConv layers of EfficientNet, was
excluded from the proposed architecture to avoid redundancy
with the Swin Transformer encoder's existing self-attention
mechanisms. Its exclusion also prevents the loss of fine-grained
spatial localization caused by global average pooling, which is
critical for precise tumor boundary reconstruction.
Furthermore, initial experimental results indicated that
segmentation performance decreased when the SE mechanism
was included.

D. Training and Validation

Two-dimensional medical image segmentation can be
viewed as a binary classification task for each pixel. A
classification task typically involves several stages, including
training, validation, and testing. During training, the model is
trained using a training dataset, and its performance is
subsequently evaluated using a validation dataset under
specific hyperparameter configurations. The training and
validation processes are iteratively repeated with varying
hyperparameter settings to identify the optimal model. Finally,
the performance of the optimal model is assessed using a
separate testing dataset.

E. Evaluation

Evaluation aims to assess the performance of the final
model using the testing subset. The Dice coefficient and
Intersection over Union (IoU) are employed as evaluation
metrics in this study. The Dice coefficient measures the overlap
or similarity between the predicted segmentation mask and the
ground truth mask. The value ranges from O to 1, where 1
represents perfect overlap and O represents no overlap. The IoU
is another segmentation metric that calculates the ratio of the
intersection to the union of the predicted segmentation mask
and the ground truth mask [9].

II. EXPERIMENTS AND RESULTS

This section presents and analyzes the performance of the
proposed method for the brain MRI image segmentation task,
specifically utilizing the LGG brain segmentation dataset. The
proposed method follows a U-Net-like architecture, which
employs the Swin Transformer as the encoder and a
convolutional network as the decoder.

Based on variations in the convolutional operations within
the decoder, the experiments in this study were organized into
two main scenarios. The first scenario employed standard
convolution operations in the decoder (referred to as Swin-
Conv), whereas the second scenario utilized MBConv
operations in the decoder (referred to as Swin-MBConv).
Furthermore, each scenario was evaluated across four Swin
Transformer variants: Tiny, Small, Base, and Large. All
experiments were conducted on Google Colab Pro using an
NVIDIA Tesla T4 GPU with approximately 16 GB of VRAM
and 12 GB of system RAM.

Model training was conducted using a batch size of 32 for
up to 150 epochs [26], with early stopping (patience = 10)
applied to prevent overfitting. Epoch values beyond 150 were
not further investigated, as all training scenarios consistently
converged and stopped early before reaching the maximum
number of epochs under this configuration. The Adam
optimizer was employed for model optimization with a
learning rate of 10 and a weight decay of 10-°. Adam is widely
adopted due to its adaptive learning rate adjustment, which
enables faster and more stable convergence during training.
Binary cross-entropy was selected as the loss function since the
task is a binary segmentation [33].

A. Results on Training and Validation

Table I presents the experimental results of the first
scenario (Swin-Conv) across four Swin Transformer variants
during the training and validation phases. Overall, all Swin
Transformer variants exhibited excellent segmentation
performance, with Dice coefficients consistently exceeding
0.90 and IoU scores reaching or approaching 0.90 in both
training and validation. While Swin-Conv-T slightly
outperformed Swin-Conv-S during training, Swin-Conv-S
yielded superior validation metrics. This suggests that
increasing architectural depth facilitates a higher generalization
ceiling by enabling the model to be more precise in learning
complex features.

In contrast, Swin-Conv-B (utilizing a wider feature
dimension of € = 128 with the same depth as Swin-Conv-S)
recorded the lowest training performance, yet managed to
surpass Swin-Conv-T during validation, though it still
remained below Swin-Conv-S and Swin-Conv-L. This
indicates that while the Swin-Conv-B possesses a higher
capacity than the Swin-Conv-T, it appears to reside in a
transitional complexity stage—large enough to complicate the
optimization  landscape, yet lacking the massive
representational power required to surpass the more efficient
Swin-Conv-S or the robust Swin-Conv-L. Meanwhile, Swin-
Conv-L, utilizing the largest feature dimension (C = 192),
achieved the highest performance in both training and
validation. Collectively, these results imply that in this case,
increasing architectural depth is a more critical determinant of
model efficacy than merely expanding the feature width.

The experimental results of the second scenario (Swin-
MBConv) across the four Swin Transformer variants during the
training and validation phases are summarized in Table II. The
experimental results generally indicate that the Swin-MBConv
models achieve consistently high Dice coefficient and IoU
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across all Swin Transformer variants. Swin-MBConv-T
attained slightly higher training performance than Swin-
MBConv-S; in contrast, the validation results show that Swin-
MBConv-S exhibits better generalization capability, as
reflected in its higher Dice coefficient and IoU than those of
Swin-MBConv-T. Increasing model complexity further with
the Swin-MBConv-B model resulted in the highest overall
performance on the validation set, surpassing all other variants.
Furthermore, although Swin-MBConv-L achieved the highest
average Dice coefficient and IoU during the training phase, it
recorded the lowest Dice coefficient and IoU during validation.
This discrepancy indicates overfitting when employing a highly
complex architecture. These findings suggest a trade-off
between model complexity and segmentation performance.
While a moderate increase in complexity from Swin-MBConv-
T up to Swin-MBConv-B led to performance improvements,
further increasing model complexity, as in Swin-MBConv-L,
resulted in performance degradation rather than improvement.

TABLE L TRAINING AND VALIDATION RESULTS OF THE
SWIN-CONV MODEL
Model Trlz;;lcl::ng Tl';l(l)l[ljlng Val]l)(:zl;l()n Val;g;tlon
Swin-Conv-T 0.9695 0.9490 0.9279 0.8999
Swin-Conv-S 0.9652 0.9416 0.9307 0.9011
Swin-Conv-B 0.9591 0.9336 0.9293 0.8983
Swin-Conv-L 0.9747 0.9556 0.9338 0.9056

TABLE II. TRAINING AND VALIDATION RESULTS OF THE
SWIN-MBCONV MODEL
Model TrIz;;lcl;ng Tr;x(l)l[ljmg Val]l)(;:;lon Val;g;tlon
Swin-MBConv-T |  0.9408 0.9118 0.9182 0.8895
Swin-MBConv-S |  0.9398 0.9103 0.9203 0.8909
Swin-MBConv-B |  0.9498 0.9230 0.9254 0.8966
Swin-MBConv-L | 0.9506 0.9228 0.9156 0.8863

The experimental results in Table I and II also reveal that
Swin-Conv  consistently achieves superior performance
compared to Swin-MBConv in terms of Dice coefficient and
IoU across all Swin Transformer variants in both the training
and validation phases.

B. Results on Testing

Table III presents the testing results of the Swin-Conv
architecture across four Swin Transformer variants. In the final
test, Swin-Conv-T recorded the lowest performance, whereas
Swin-Conv-S achieved the best performance with a Dice
coefficient of 0.9350 and an IoU of 0.9076, followed by Swin-
Conv-L and Swin-Conv-B. These results reveal that employing
a shallower architecture is insufficient to achieve high
generalization ability for unseen data.

Although Swin-Conv-L performed best in training and
validation, Swin-Conv-S demonstrated more stability and
maintained higher performance in testing. This may indicate
that the Swin-Conv-S has a Dbetter balance between
representation capacity and generalization ability on this
dataset. In contrast, Swin-Conv-B, which was able to surpass
the Swin-Conv-T, still remained below the Swin-Conv-S and

Swin-Conv-L in testing. These findings strengthen the
conclusion that increasing architectural depth is a more critical
determinant of model efficacy than merely expanding the
feature width in this brain tumor segmentation task.

The performance of Swin-MBConv on the testing data, as
shown in Table IV, exhibited a similar pattern to that observed
on the validation data. The lightest architecture, Swin-
MBConv-T, still recorded lower performance compared with
the larger variants, namely Swin-MBConv-S and Swin-
MBConv-B. Swin-MBConv-S attained competitive results with
Swin-MBConv-B. Among all variants, Swin-MBConv-S
achieved the highest Dice coefficient of 0.9244 and IoU score
of 0.8952. However, increasing feature width, as seen in the
Swin-MBConv-L. model, resulted in decreased performance
despite achieving the highest accuracy during the training
phase. This condition indicates overfitting, as the excessive
capacity of the larger model led to over-parameterization
relative to the available dataset. Consequently, the model
tended to memorize the training data, thereby degrading its
generalization ability on unseen data. Overall, these results
suggest that increasing architectural depth from Swin-
MBConv-T to Swin-MBConv-S effectively enhances
performance; conversely, increasing the feature width or
further scaling from Swin-MBConv-S to Swin-MBConv-B and
Swin-MBConv-L leads to performance degradation.

TABLE III. TESTING RESULTS OF THE SWIN-CONV MODEL
Model Testing Dice Testing IoU
Swin-Conv-T 0.9237 0.8971
Swin-Conv-S 0.9350 0.9076
Swin-Conv-B 0.9335 0.9065
Swin-Conv-L 0.9337 0.9070

TABLE IV. TESTING RESULTS OF THE SWIN-MBCONV
MODEL
Model Testing Dice Testing IoU
Swin-MBConv-T 0.9107 0.8813
Swin-MBConv-S 0.9244 0.8952
Swin-MBConv-B 0.9232 0.8948
Swin-MBConv-L 0.9042 0.8733

The overall comparison of the average Dice coefficient and
IoU between Swin-Conv and Swin-MBConv on the testing set,
as shown in Figure 2, also exhibits a pattern similar to that
observed on the validation set. Specifically, Swin-Conv
consistently outperforms Swin-MBConv across all Swin
Transformer variants. This finding suggests that, for medical
image segmentation tasks requiring detailed structural
reconstruction, standard convolution is more appropriate than
MBConv, as standard convolution allows the model to preserve
and recover fine-grained spatial details while reconstructing
high-quality segmentation results. In contrast, the depthwise
separable convolution in MBConv may limit the capability to
capture highly complex spatial-channel dependencies that are
essential for precise image reconstruction.
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Fig. 2. Average Dice coefficient and IoU of Swin-Conv and Swin-
MBConv.

Figure 3 presents several sample cases consisting of the
input image, its corresponding ground truth mask, the
segmentation mask generated by Swin-Conv, and the
segmentation mask generated by Swin-MBConv, respectively.
These results demonstrate the effectiveness of Swin-Conv in
delineating object boundaries and producing more precise and
accurate segmentation outputs compared to Swin-MBConv.

Input Ground Output Output

Swin-Conv Swin-MBconv

Dice: 0.8647
IoU: 0.7617

Dice: 0.8031
IoU: 0.6711

Dice: 0.9554
IoU: 0.9145

Dice: 0.9677
IoU: 0.9373

Dice: 0.9523 Dice: 0.9215

IoU: 0.9090 IoU: 0.8545
Fig. 3. Ground truth and mask output from Swin-Conv and Swin-
MBConv.

C. Comparison with Baseline Models and Previous Studies

This study also compares the performance, complexity, and
inference time of the proposed method with the baseline
methods, namely U-Net (pure convolutional encoder—decoder)
and Swin-UNet (pure transformer encoder—decoder),
specifically on the LGG MRI segmentation dataset, as depicted
in Table V.

It can be observed that the proposed Swin-Conv model
demonstrates competitive segmentation performance by
achieving a higher mean Dice coefficient than the baseline

methods and a lower standard deviation, indicating more
consistent segmentation performance across different test
images. Furthermore, a statistical significance test performed
on the Dice coefficient and IoU of the testing samples using the
Wilcoxon signed-rank test yielded p -values < 0.05 for
comparisons with U-Net as well as Swin-UNet, indicating that
the performance improvement achieved by the proposed Swin-
Conv model is statistically significant at the 5% level.

TABLE V. PERFORMANCE COMPARISON OF SWIN-CONV
AND BASELINE MODELS
Testing Dice Testing IoU
Model
Mean * Stdev p-value Mean * Stdev p-value
Swin-Conv | 0.9350 +0.1698 - 0.9076 +£0.1913 -
U-Net 0.9222 +0.2033 0.0361 0.8963 £ 0.2200 0.0333
Swin-UNet | 0.9298 +0.1830 0.0058 0.9028 +0.2043 0.0046

In addition, to evaluate the robustness of the proposed
model, model training was repeated three times using different
random seed values in each run, specifically 42, 123, and 2023.
Subsequently, the resulting model was evaluated on the same
testing dataset. The average Dice coefficient and IoU from
these three evaluations are 0.9372 + 0.0036 and 0.9097 +
0.0043, respectively. The low standard deviation indicates the
robustness of the proposed model across repeated training.

The proposed model also achieves a favorable balance
between model complexity (number of parameters and FLOPs)
and efficiency (inference time), as presented in Table VI.
Although the U-Net model has the lowest number of
parameters, it requires the highest FLOPs, indicating a larger
number of arithmetic operations.

However, since these operations can be efficiently
parallelized on GPUs, U-Net achieves the shortest inference
time. In contrast, Swin-UNet has the lowest FLOPs, but its
operations are less GPU-efficient, resulting in a longer
inference time. The reasonable balance between model
complexity and inference time makes the proposed model
suitable for applied medical scenarios.

TABLE VI. COMPUTATIONAL COMPLEXITY COMPARISON
OF SWIN-CONV AND BASELINE MODELS
Model #Parameters ( Gl;‘Ii(())ll)’s) Inferf:lc; time
Swin-Conv 66,355,115 14.67 31.58
U-Net 31,043,521 41.91 19.29
Swin-UNet 69,743,467 13.11 41.59

Finally, the comparison of the Swin-Conv with the reported
results from previous studies is presented in Table VII. It can
be seen that Swin-Conv demonstrates improved performance
over other proposed segmentation methods from previous
studies. The proposed Swin-Conv model leverages the
strengths of the Swin Transformer in capturing global
contextual dependencies during encoding and convolutional
networks in preserving precise spatial localization during
decoding, thereby resulting in improved segmentation
performance.
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TABLE VII. PERFORMANCE COMPARISON OF SWIN-CONV
AND OTHER MODELS FROM PREVIOUS STUDIES
Testing Testing
Model Dice ToU
Swin-Conv (proposed method) 0.9350 0.9076
U-Net-based architecture with attention
mechanisms and Bayesian Optimization [15] 0.8969 08151
Novel ResUNet [12] 0.9056 0.8293
ECASE-UNet (eff1c1en[tzc6h]annel attention and SE) 09197 08521

IV. CONCLUSION

This study proposes a hybrid segmentation model that
follows a U-Net-like architecture, which employs the Swin
Transformer as the encoder and a convolutional network as the
decoder. Furthermore, this study investigates the effectiveness
of two convolutional operations in the decoder, namely
standard convolution in the Swin-Conv model and Mobile
Inverted Bottleneck Convolution (MBConv) in the Swin-
MBConv model, across four Swin Transformer variants: Tiny,
Small, Base, and Large. The experimental results on the public
Low-Grade Glioma (LGG) MRI brain segmentation dataset
demonstrate that Swin-Conv consistently achieves superior
performance compared to Swin-MBConv, highlighting the
suitability of standard convolution operations for medical
image segmentation tasks that require detailed structural
reconstruction.

The results across different Swin Transformer variants
further reveal that increasing architectural depth is a more
critical determinant of model efficacy than expanding the
feature width. In this study, Swin-Conv utilizing a standard
convolutional decoder and the Swin-S (Small) variant achieves
the highest performance. Comparative experiments with
baseline models (U-Net and Swin-UNet) indicate that Swin-
Conv achieves competitive segmentation performance while
maintaining reasonable computational complexity.

These findings highlight that the proposed Swin-Conv
model effectively integrates the benefits of a Swin Transformer
encoder and a convolutional decoder to generate precise brain
image segmentation efficiently, making it suitable for applied
medical imaging scenarios.
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