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Abstract
Ultrasound Breast ultrasound imaging is a very safe and costeffective lesion detection

Keywords

Breast Cancer,
Imaging,  Image Segmentation, technique; however, exact lesion segmentation is a difficult task because of its low
CNN, ViT, Swin Transformer contrast, speckle noise, and unclear boundaries. To overcome these limitations,
this work presents SwinUNet, a novel hybrid model that leverages the strong
global modeling ability of a Swin-transformer(encoder) and the strong local
modeling ability of a convolutional decoder. The main idea of this work is the
utilization of a novel Adaptive Feature Fusion (AFF) module inside the skip
connections, aiming to adaptively weigh channelaise features, thus highlighting
lesionzrelated feature maps while eliminating background noise inherent to
ultrasound images. SwinUNet was tested for its efficacy on the publicly available
BUSI breast ultrasound imaging dataset following a fivefold crossvalidation
setup. The results clearly show that SwinUNet can effectively achieve a Mean
Intersection over Union of 89.93%, with a Global Accuracy of 97.68%, thus
outperforming traditional CNN models as well as baseline transformer models.
Furthermore, ablation tests have confirmed that the AFF module plays a crucial
role in achieving these improvements over traditional techniques. These findings
clearly demonstrate SwinUNet's ability for accurate lesion segmentation, thus
making it a potential candidate for inclusion within a computer-aided diagnostic
environment. This confirms that the suggested deep network presents accurate
lesion delineation capability, emphasizing its use to assist medical specialists

Article History

Received: 18 November 2025
Accepted: 25 December 2025
Published: 27 January 2026

Copyright @Author
Corresponding Author: *
Saddam Hussain Khan

through computer-aided tools.

INTRODUCTION

Breast cancer continues to be a leading cause of
cancerrelated deaths in the world; hence, an
efficient diagnosis is critical in ensuring that
treatment strategies are effective [1]. Ultrasound is
one of the widely employed non-invasive techniques
used in breast lesion analysis [2], [3]. However,

despite the efficiency of the technique in breast
lesion analysis, particularly when breast tissue is
dense, the analysis is often followed by human
interpretation involving the manual demarcation of
lesions from breast ultrasound images.

The incorporation of deep learning techniques in
the analysis of medical images has opened up
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hopeful directions for the automation and
standardization of breast lesion analysis in
ultrasound  images[4]-[6] The application of
Convolutional Neural Networks (CNNs), most
prominently the U-Net [7] network, has become the
most popular approach in the analysis of medical
images for the extraction of specific features [8]. The
localized filter response of the convolution operation
makes it inherently less capable of processing long-
range information, which is essential in the analysis
of breast ultrasound images.

Vision Transformers (ViTs) mitigate the above
disadvantage by using self-attention mechanisms for
the global relations between the pixels of an image
[9]. However, traditional Vision Transformers
remain plagued by a computational cost proportional
to the square of the image resolution, thereby lacking
the necessary inductive bias for accurate localization
at the pixel-level [10]. However, with the advent of
the Swin Transformer [11], which proposed a
hierarchical model of a shifted window-based
attention mechanism [12], there has been efficient
global context learning for high-resolution images
[13]. This resulted in the rise of new architectures
that combined the strengths of transformers
regarding global learning with the spatial acuity of
convolutional neural networks, thereby appreciably
enhancing the localization abilities of Vision
Transformers for accurate segmentation of objects at
the pixel-level [14], [15]. One of the key difficulties
encountered while designing such hybrid models is
appropriate feature fusion between the rich global
features of the encoder and the fine features of the
decoder, as simple feature concatenation leads to the
spread of redundant information, eventually causing
a deterioration of the segmentation quality.

For overcoming these challenges, the proposed study
introduces a hybrid encoder and decoder
architecture for lesion segmentation in breast
ultrasound images, named SwinUNet. The proposed
network combines the advantages of the Swin
Transformer (SwinT) encoder and the CNN
decoder. The most important part of the proposed
network is the Adaptive Feature Fusion (AFF)
component in the skip connection, wherein channel
attention is used to weigh the encoder feature map
based on the importance of the lesions and eliminate

the ultrasound artifact and background noise. The
contributions of this study are outlined below:
Developing SwinUNet, which is a hybrid model that
integrates SwinTs for global perspective modeling
and a CNN for local boundary description.

Adaptive Feature Fusion module: focused on the
improvement of the robustness of multi-resolution
skip connections against speckle noise and low-
contrast boundaries of the BUS image through
attention-weighted feature gating.

State-of-the-art experimental assessment on two
public breast ultrasound image datasets, including
BUSI, to prove that our method has a competitive
performance level compared to the latest state-of-the-
art CNN and Transformer segmentation approaches.
This paper is divided into sections 2 and 3,
containing earlier studies and methodology. The
experimental setup is presented in Section 4. Section
5 contains a discussion on the results, whereas
Section 6 illustrates the conclusion.

2. Related Work

2.1. CNN-Based Medical Image Segmentation

The rise of CNNs has significantly transformed the
field of medical image segmentation.[16], [17] The U-
Net model, with its symmetric encoder-decoder
structure and skip connections, had set the standard
by achieving a proper blend of contextual and spatial
information [18]. This approach opened avenues to a
plethora of variants and improvements for greater
accuracy in image segmentations. The U-Net++
model added nested and dense skip connections to
bridge the semantic gap between features of the
encoder and decoder layers, and the Attention U-Net
used attention gates to draw more highlights on the
skip connections [19]. Others, such as ResUNet++
and DeepLabV3, had advanced the technology with
the addition of ideas of residual learning and atrous
spatial pyramid pooling, respectively [20]-[22]
Although such improvements have been achieved,
there is a major drawback: Convolutions involve the
use of receptive fields. This directly impacts the
capacity of CNN models to incorporate global
contextual information. This can be a major concern
when breast ultrasound images are being processed,
as the pattern of breast cancer may be quite
ambiguous and  require global  contextual
information.
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2.2. Vision Transformers for Global Context
Modeling

Transformers utilized selfattention modules for
capturing the global relations and were first
proposed in the NLP tasks and later extended to
computer vision as ViTs in [20]. The use of ViTs in
the context of the medical image segmentation task,
as in TransUNet, validated the improvement in
bringing the benefit of capturing the global context
information for dense prediction tasks [18].
Moreover, the standard self-attention modules are
quadratically scaled with the resolution, and thus the
standard ViTs are computationally costly for
processing large-sized resolution inputs in the case of
the medical imaging domain. Moreover, [23] the
standard ViTs also lack the inbuilt strong inductive
biases for the spatial contexts, as in CNNs, which
might be a hindrance for the fine-grained
pinpointing task in the case of ultrasound modalities

2.3. Efficient and Hybrid CNN-Transformer
Models

Intending to overcome the efficiency issues
associated with the standard ViTs' selfattention
layers, [12] the Swin Transformer brought a novel
hierarchical shifted window self-attention strategy
that supports linear computational complexity while
promoting the global receptive field [24], [25]. This
marked the beginning of the development of CNN-
Transformer-based architectures that utilize the
benefits of both global reasoning and spatial
precision with CNN and Swin Transformers as the
encoder and CNN as the decoder [26]-[29]. The
concept was proven successful for applications like
medical image segmentation, as shown in the case of
the Swin-UNet. TransFuse and SwinBTS++ employed
novel ways for the combination of CNN and
transformer operations based on either parallel and
series configurations [30], [31]. And all the related

with unclear boundaries. work can be seen from Table 1.
Table 1: review of selected papers
Ref. | Author's Name | Dataset_ Used Models / Methods Performance
and Year (Reported Metrics)
[32] | Eisemann et al. | Nationwide mammography | Clinical Al CAD system AUC = 0.90 (real-world
(25) screening data study)
[33] | Mehmood et al. | BUS datasets CNN-Transformer with | Accuracy = 95%
(25) boundary learning
[34] | Chen etal. (24) Medical segmentation | TransUNet Dice = 0.87
datasets
[35] | Zhang et al. (24) BUS datasets Hybrid CNN-Transformer Dice = 0.90
[36] | Zhou et al. (23) BUS datasets Transformer U-Net Dice = 0.91
[36 | Luoetal. (22) BUS datasets Attention-based CNN Accuracy = 94%
[37] | Caoetal. (22) Medical segmentation | Swin-UNet Dice = 0.88
datasets
[38] | Zhou et al. (21) 3D ABUS Multi-task CNN Dice = 0.82
[39] | Qin etal. (20) Salient object datasets UZNet Dice = 0.88
[40] | Yala etal. (19) Large screening | DL risk prediction CNN AUC =0.76
mammography cohort
[41] | Zhou et al. (18) Medical segmentation | U-Net++ Dice = 0.89
datasets
(42] | Oktay et al. (18) Medical CT/MRI Attention U-Net Dice improvement over
U-Net
(43], | Ronneberger et al. | ISBI biomedical datasets U-Net Dice = 0.92

(15)
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Yet, the fusion aspect in the feature fusion
mechanism in the hybrid architecture remains a
challenge. The concatenation of the encoder and the
decoder features in the skip connection might result
in the transmission of redundant information and
ultrasound-specific artifacts, such as speckle patterns,
hindering the definition of the boundary for lesions
in the model. The proposed solution for this
problem in the SwinUNet is the incorporation of the
Adaptive Feature Fusion technique in the skip
connection.

3. Methodology

3.1. General Architecture

The SwinUNet proposed herein is a hybrid
encoder-decoder network tailored for accurate
segmentation of breast ultrasound lesions [44]. As
shown in Figure 1, its overall topology is in a U-
shape. The encoder
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Figure 1: The proposed SwinUNet framework for BUSI lesion segmentation.

3.2 Swin Transformer Encoder

Therefore, it adopts an effective Swin Transformer
architecture to capture global contextual information
efficiently. Unlike standard Vision Transformers that
compute self-attention across all image patches and
incur quadratic computational complexity, the Swin
Transformer adopts a hierarchical shifted-window
attention mechanism, enhancing the computational
efficiency for high-resolution images considerably.
[44] In detail, feature maps are divided into non-
overlapping local windows, inside which Window-

based Multi-Head SelfAttention (W-MSA) is
computed. In subsequent layers, the Shifted
Window-based MSA (SW-MSA) is performed by
shifting the partitioning of windows, allowing
exchange of information across neighboring windows
and expanding the effective receptive field
progressively, as illustrated in Figure 2.

It forms a multiscale feature pyramid. Let the

outputs of the four encoder stages be E; i€
{1,2,3,4}, where E; has the highest spatial
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resolution. Successive stages contain several Swin
Transformer blocks with residual connections and
layer normalization added to ensure stable
optimization and effective gradient propagation.

!
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Figure 2: The proposed Swin Transformer (Encoder) block.

3.3. CNN Decoder with Adaptive Feature Fusion
In fact, [46] the CNN-based decoder is used for
upsampling E, symmetrically to the original size of
the input feature map Ey. Each of the stages of the
decoder  upsamples  features, followed by
convolutional blocks [47]. What makes this
framework novel is its use of the Adaptive Feature
Fusion (AFF) module, which is an alternative
solution in place of direct feature concatenation in
skip connections, and whose functionality is shown
in Figure 3, where the channelwise feature
recalibration process occurs after every encoder
feature map E; and its corresponding upsampled
decoder feature map D;Lfl. Firstly, the statistics for
each channel are calculated through global average
pooling from E;: = GAP(E;), wherez € R¢. A
gating function with a sigmoid activation function
produces the attention vector as represented in
equation 1:

a=d(W,8(W;z)) (1)
Where W; € RE/™C W, € RE*C/7 § denotes the
ReLU activation function, o is the sigmoid activation

function, and r is the reduction ratio (fixed at 16).
The recalibrated encoder features are obtained
through elementwise multiplication: E; = a ® E;.
The gated features are concatenated with the
upsampled  features of the decoder: D; =
Conv([ﬁi,D?fl]). This step removes the irrelevant
background information present in the encoder
features and allows the decoder to focus on the
context.
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Figure 3 CNN Encoder with Adaptive Feature Fusion

Moreover, the Symmetric CNN Decoder is a method
that progressively up-samples the feature maps of the
CNN encoder from the bottleneck to the original
size of the images. It is comprised of stages that
involve upsampling layers followed by convolutional
layers. However, the key breakthrough is in the use
of skip connections. Instead of using a
straightforward concatenation method for skip
connections, an Adaptive Feature Fusion module is
used to control information flow in the encoder skip
connections E; to the corresponding decoder stage.
The AFF module uses channel attention to weight
the feature maps. It obtains an attention map
through a squeeze and excitation process done on
the feature maps of the encoder. This helps to
emphasize the relevant information of the lesion and
suppress the redundant and noisy information of the
background tissue. This serves the purpose of
adaptive spatial weighting of the attention map
mentioned in the abstract. The gated feature maps of
the encoder are then concatenated to the upsampled
feature maps from the previous stage.

3.5. Loss Function

To treat the strong foreground and background
imbalance existing in foreground and background
pixels in breast ultrasound images, the loss function
of the neural network is optimized by combining loss

function £ combining the Dice loss Lp;ce and binary
cross-entropy loss Lgcg is used in equation 2:

L = Lpice + ALpcE 2)
The Dice loss encourages maximal overlap between
the predicted mask P and the ground truth mask G
and is defined in equation 3:

_ ., _ 23POG
The BCE loss provides stable per-pixel probability
calibration, complementing the region-based

optimization of the Dice loss [48]. The weighting
parameter A is set to 1.0 in all experiments.

4. Experimental Setup

4.1. Datasets and Preprocessing

To test its performance, experiments were carried
out on the public Breast Ultrasound Images (BUSI)
dataset, which was first proposed by [49]. This
involves a total of 780 ultrasound images, which
were acquired from 600 patients and belong to 437
benign, 210 malignant, and 133 normal images.
Since this proposed research is focused on lesion
segmentation, the normal images were not used, and
in total, 647 lesion images were obtained. Resizing
was done to have a uniform resolution of 256 x 256
pixels for all images, while standardization of pixel
intensities ranging from O to 1 ensured successful
optimization in training.
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4.2. Evaluation Protocol

A fivefold cross-validation approach was taken to
properly and objectively assess the performance. The
data were divided based on the patient ID to make
sure that the images of a patient only went into a
particular folder and no data leakage occurred. The
four remaining folds were employed for the
development of models through an internal 80:20
split during each cross-validation cycle. Performance
metrics were determined through the averaging of
the results of the five testing folds.

4.3. Implementation and Training Details
Implementation of SwinUNet: PyTorch was used to
implement the proposed SwinUNet. In this network,
the Swin-Tiny transformer encoder was initialized
with ImageNet-1K pre-trained weights. The CNN
decoder was trained from scratch. In the
optimization process, the AdamW optimizer is
utilized, whose initial learning rate is set to 1 x 107%,
and weight decay is set to 1 x 1072, For decaying the
learning rate polynomially, the power is 0.9. The
number of epochs used in this process for training is
100, while the batch size is 16.

The composite Dice and Binary Cross-Entropy loss
function described in Section 3.4, with A = 1.0, was
used. Online data augmentation, including random
horizontal and vertical flipping, with random
rotation within *15°, was applied to enhance

generalization and simulate realistic variations in
lesion appearance.

4.4. Evaluation Metrics

Quantitative analysis was performed using Dice
Similarity Coefficient (DSC), Intersection over
Union (IoU), pixel-wise Accuracy (Acc), and the 95th
percentile Hausdorff Distance (HD95). The DSC
and IoU quantify the spatial overlap of the predicted
segmentation mask P and the ground truth G, while
Accuracy is calculated for the correctness of the pixel
classification. HD95 quantifies boundary delineation
accuracy by measuring the distance between
predicted and reference contours, with lower values
indicating superior boundary alignment. Moreover,
The Hyperparameter configuration for SwinUNet in
Table 2. The evaluation metrics are defined as
follows in equations 4-6:

DSC= (2xTP )/(2xTP+FP+EN)

4)
Acc= (TP+TN)/(TP+TN+FP+FN)
(5)
loU= TP/(TP+FP+FN) (6)

where TP, TN, FP, and FN denote true positive, true
negative, false positive, and false negative pixels,
respectively. Additional metrics, including Mean
IoU, Weighted IoU, and Mean Boundary F-score
(MeanBFScore), are reported in the Results section
for comprehensive comparative analysis.

Table 2: Hyperparameter configuration for SwinUNet.

Hyperparameter
Input Size

Batch Size

Epochs

Optimizer

Initial Learning Rate

Weight Decay

Value

256 x 256

16

100

AdamW
1x1074
1x 1072
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Hyperparameter

Loss Function

Augmentation

5. Results and Discussion

5.1 Quantitative Results

Numerical segmentation performance comparisons
of SwinUNet, as well as the benchmark models on
the BUSI dataset, are provided in Table 3 and Figure
4 which are calculated with five-fold cross-validation.
The performance of SwinUNet is better than that of
the benchmark models in terms of Global Accuracy
of 97.68%, Mean Accuracy of 94.88%, and Mean
IoU of 89.93%. In contrast to conventional CNN
models such as U-Net++ and ResUNet++, SwinUNet
shows a significant improvement in terms of overlap
measures, emphasizing the use of global contextual
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reasoning capability. In terms of hybrid methods that
utilize CNN and Transformer architectures like
TransFuse and SwinUNet, it is clear that our method
has acquired a better Weighted IoU and Mean
Boundary F-score. Despite SwinBTS++ showing a
minor gain in Mean IoU, SwinUNet outperforms
SwinBTS++ in terms of Global Accuracy, Weighted
IoU, and Boundary F-score, which indicates a better
compromise between region detection and border
precision. These experiments thus verify that the
proposed SwinUNet is capable of providing state-of-
the-art region segmentation accuracy in breast
ultrasound images.
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Figure 4: BUSI lesion segmentation analysis of the proposed SwinUNet framework with existing CNNs/ViTs.
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Table 3. Quantitative comparison in terms of segmentation metrics.

Models | Regions. ‘ DSC. Acc. ‘ ToU. | BF.Score.
Proposed SwinUNet
SwinUNet Lesion 80.15 91.205 82.465 71.937
wine background 97.80 98.56 97.397 86.534
Existing ViTs/CNNs
Lesion 69.43 83.205 69.465 71.937
Inf Net++
background 96.11 98.56 94.397 86.534
Res UNett+ Lesion 78.95 90.26 81.857 73.733
e background 98.07 97.112 97.015 82.241
Lesion 75.08 88.302 74.524 62.671
MSRE_Net background 97.01 97.124 95.862 78.372
Lesion 72.03 85.863 72.562 67.852
Deep_Lab-V3 background 96.91 94.889 94.872 71.746
Lesion 6791 81.552 65.017 53.738
U_Net++
background 95.65 92.994 92.811 66.201
Performance Gain of Proposed SwinUNet Model over
Existing CNNs/ViTs
20
15
10
A S '-
0 e ' Minimum
-5 o .
& o Maximum
N \ad &» N
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Figure 5: Performance Gain of the Proposed Model over Existing CNN/ViT’s Architectures

5.2 Ablation and Comparative Analysis

The reason for the excellent performance of
SwinUNet is the complementarity of the global and
local feature representation mechanisms. The Swin
Transformer encoder is able to capture the long-
range context, which is crucial for lesion extent
information, and the CNN decoder can reconstruct
the output with pixel-level accuracy. The Adaptive

Feature Fusion modules in the network are very
helpful in giving priority to the channels that are
related to the lesion. This proposed SwinUNet
framework led to an increase in Mean loU of 0.7891
to 0.8993, which is a 11.02% increase, along with an
approximate increase in accuracy of 4.02%, as
represented in Figure 5. The obtained experiments

assert that Naive Skip Connections inherit
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unnecessary background info, and AFF successfully
masks non-salient features and enhances similarity
between encoder and decoder feature spaces.
Furthermore, the comparative analysis emphasizes
the limitations of purely CNN-based architectures,
which are based on the idea of local receptive fields
and are prone to issues of global consistency for the
segmentation process. Although some other methods
aim at the synthesis of transformer and CNN
architectures, the approach based on AFF is more
systematic and efficient for the integration of multi-
scale features.

6. Conclusion

This paper proposes SwinUNet, a hybrid encoder-
decoder network for breast lesion segmentation in
ultrasound imaging. By combining a Swin
Transformer encoder for contextual understanding
with a CNN decoder for spatial locality, SwinUNet
leverages both the strong capability of Transformers
in modeling distant features and the pixellevel
precise localization capability of CNNs. Perhaps the
greatest strength of this network is its Adaptive
Feature Fusion (AFF) module, which adjusts the
reconstructed features in the skip connections to
focus on lesion information and remove background
noise  particular  to  ultrasound  imaging.
Comprehensive experiments on the publicly
available BUSI dataset using five-fold cross-validation
on SwinUNet indicate a Global Accuracy of 97.68
and a Mean Intersection over Union of 89.93 for
SwinUNet, surpassing both standard CNN
approaches and previous hybrid CNN-Transformer
networks in terms of performance metrics. The
proposed framework succeeded in delineating the
lesion effectively and reliably, even in tough cases
with low contrast and highly irregular lesion
morphology. These results indicate that SwinUNet
has strong potential to be integrated into computer-
aided diagnostic systems, thus enabling quantitative
analysis, treatment planning, and standardized
clinical assessment. Future studies will focus on
multi-center validation to test generalizability and
extension to 3D ultrasound volumes to increase
clinical applicability.
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