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Abstract: Breast cancer is one of the most prevalent cancers among women, with early
detection playing a critical role in improving survival rates. This study introduces a novel
transformer-based explainable model for breast cancer lesion segmentation (TEBLS), aimed
at enhancing the accuracy and interpretability of breast cancer lesion segmentation in
medical imaging. TEBLS integrates a multi-scale information fusion approach with a
hierarchical vision transformer, capturing both local and global features by leveraging the
self-attention mechanism. This model addresses the limitations of existing segmentation
methods, such as the inability to effectively capture long-range dependencies and fine-
grained semantic information. Additionally, TEBLS incorporates visualization techniques
to provide insights into the segmentation process, enhancing the model’s interpretability
for clinical use. Experiments demonstrate that TEBLS outperforms traditional and existing
deep learning-based methods in segmenting complex breast cancer lesions with variations
in size, shape, and texture, achieving a mean DSC of 81.86% and a mean AUC of 97.72%
on the CBIS-DDSM test set. Our model not only improves segmentation accuracy but also
offers a more explainable framework, which has the potential to be used in clinical settings.

Keywords: breast cancer lesion segmentation; transformer; explainable model

1. Introduction

Breast cancer is one of the most common cancers affecting women, with high rates
of both incidence and mortality [1-3]. The early detection of breast cancer can effectively
reduce mortality rates and improve patients’ quality of life. Imaging examinations are
essential for breast cancer screening and diagnosis and include mammography, breast
ultrasound, and breast magnetic resonance imaging (MRI). These imaging techniques
enable clinicians to detect abnormalities in breast tissue, such as masses or calcifications,
supporting accurate breast cancer diagnosis. With advancements in deep learning within
the medical field, their use in the automated identification and detection of breast cancer
lesions has become a major focus in medical image processing [4-6].

Traditional breast cancer segmentation methods, such as threshold segmentation [7],
region growing [8], and superpixel segmentation [9], are widely used in image segmen-
tation [10,11]. These techniques assist physicians in interpreting images more effectively,
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identifying potential abnormal regions, and providing more precise diagnostic information.
However, traditional breast cancer detection methods are semi-automatic and rely heavily
on manual intervention by radiologists, resulting in segmentation outputs with high in-
terpretability but limited generalization capability. To achieve automated segmentation of
lesion areas, CNN-based image semantic segmentation models are commonly applied in
this field, typically using a local receptive field to capture image features [12-15]. Although
these methods can extract local features to some extent, they lack the ability to capture
global semantic information.

Additionally, the fixed sizes of convolutional kernels hinder CNN-based models
from effectively interpreting complex semantic structures in images, restricting their seg-
mentation accuracy in clinical settings. The rigid network architectures and parameter
configurations of these models further impede their ability to model image semantics
across different scales and complexities, diminishing their capacity to capture fine details in
diverse and intricate medical images. In medical imaging, breast cancer lesions frequently
present considerable variations in size, shape, and texture, which create challenges for
CNN-based segmentation algorithms in effectively capturing both fine details and global
semantic information.

To address these issues, recent studies have explored transformer-based image segmen-
tation algorithms for lesion segmentation [16,17]. These models use convolutional layers
to extract local features while leveraging self-attention to capture long-range feature cor-
relations across regions, achieving multi-scale feature fusion along the spatial dimension.
However, these models often overlook global context priors within multi-scale seman-
tics and the fine-grained semantic information within channel dimensions. While deep
learning-based image segmentation models exhibit strong feature-handling capabilities
and potential applications in the medical field, their internal mechanisms remain unclear,
which may lead to risks for clinical use. Understanding and explaining these models is
essential to clarify their behaviours, limitations, and broader societal impacts [18].

Previous work [19] used a taxonomy of interpretability techniques and provided a
structured summary based on transformer language model approaches. However, given
the end-to-end nature and high nonlinear complexity of these models, further investi-
gation is necessary to validate the interpretability of breast cancer image segmentation
models utilizing imaging data. Therefore, we introduce a novel image segmentation
method, a transformer-based explainable model for breast cancer lesion segmentation
(TEBLS). This method uses a multi-scale information fusion approach centred on a swin
transformer, allowing for the effective integration of spatial information across various
scales. Additionally, it incorporates visualization techniques to monitor and track the
segmentation results.

The main contributions of this study are as follows:

* A novel image segmentation method, TEBLS, for breast cancer lesion segmentation.
TEBLS combines a multi-scale information fusion approach with a swin transformer,
which allows for the effective integration of spatial information across multiple scales.

¢ TEBLS employs a self-attention mechanism within the transformer architecture to
enhance its ability to capture both long-range dependencies and local features, ad-
dressing the limitations of traditional CNN-based methods in segmenting complex
medical images.

¢  TEBLS incorporates explainability methods to provide insight into the segmentation re-
sults, improving interpretability and offering clinicians the ability to better understand
and trust the model’s decisions, which is crucial for clinical settings.

e  This study overcomes the shortcomings of traditional deep learning models, such
as the inability to capture fine-grained semantic information and global context
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within multi-scale semantics, thereby advancing the state of the art in breast cancer
lesion segmentation.

*  Extensive experiments confirm the effectiveness of the proposed TEBLS over other
state-of-the-art methods.

2. Related Work

This section categorizes image segmentation methods into three main types: traditional
image segmentation methods, CNN-based image segmentation methods, and transformer-
based image segmentation methods.

2.1. Traditional Image Segmentation Methods

Traditional image segmentation methods rely on pixel-level features to extract re-
gions of interest (ROIs) from images. These methods have been widely used in tasks
requiring rapid segmentation or unsupervised processing. Xing et al. [20] introduced a
multi-threshold image segmentation method based on an improved Emperor Penguin Op-
timization (EPO) algorithm. This approach leverages EPO to identify optimal multi-level
thresholds for color images and enhances its search capabilities using Gaussian mutation,
Lévy flight, and reverse learning. Similarly, Mittal et al. [21] proposed a two-dimensional
(2D) histogram-based segmentation method, using a novel non-local means 2D histogram
and an exponential Kbest gravitational search algorithm to determine optimal thresholds
while redefining 2D Rényi entropy.

Edge-detection-based segmentation techniques, which use gradient changes or other
edge information, are commonly employed to delineate target boundaries. Cigla et al. [22]
developed a graph theory-based color image segmentation algorithm. Unlike traditional
pixel-based methods, this algorithm represents over-segmented regions as nodes, reducing
complexity. Nodes are linked based on intensity similarity, encouraging the merging of
regions with numerous shared links. This method demonstrates superior execution speed
and segmentation quality compared to regularization-cut techniques. Roy et al. [11] pro-
posed an unsupervised edge detection method that calculates local standard deviation
to effectively extract nuclei edges in pathological images. Additionally, Tasli et al. [23]
presented an efficient superpixel (SP) and super voxel (SV) extraction method that im-
proves computational efficiency by employing boundary adaptation techniques instead of
processing entire regions.

Traditional segmentation methods utilize principles of digital image processing and
mathematical techniques. While they are computationally simple and fast, their ability to
achieve detailed segmentation is often limited compared to more advanced approaches.

2.2. CNN-Based Image Segmentation Methods

The CNN-based segmentation network introduces several modifications to the stan-
dard CNN architecture, including replacing the final two fully connected layers with
convolutional layers, adopting deeper architectures (such as the visual geometry group
(VGG) network [24]), and employing encoder—decoder structures (such as U-Net [14]).
Long et al. [25] were the first to propose adapting classification networks into fully con-
volutional networks (FCNs). By fine-tuning these networks, they transferred learned
representations to segmentation tasks, achieving exceptional results. Building on the FCN
framework, Badrinarayanan et al. [26] developed the SegNet model, which features a
symmetric encoder—decoder structure designed for semantic segmentation and supports
end-to-end training.

Ronneberger et al. [14] introduced the U-Net network for biomedical image seg-
mentation, characterized by its U-shaped architecture and skip connections. Its remark-
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able performance has made it a widely adopted solution in medical image segmentation.
Zhao et al. [27] proposed the Pyramid Scene Parsing Network (PSPNet), which integrates
contextual information from different regions to derive optimal global context representa-
tions. Dollér et al. [28] presented Mask R-CNN, an object instance segmentation framework
extending Faster R-CNN [29] by incorporating a branch for predicting object masks. This
approach effectively detects objects while generating high-quality segmentation masks for
individual instances.

Overall, CNN-based segmentation methods use the strong feature extraction and
representation capabilities of CNN architectures, leading to significant progress in im-
age segmentation. These methods have consistently demonstrated higher segmentation
accuracy compared to traditional approaches.

2.3. Transformer-Based Image Segmentation Methods

The transformer, initially developed for sequence modeling and transformation tasks,
is highly effective at capturing long-range dependencies in data. Its success in natural
language processing (NLP) has motivated its adoption in computer vision. Liu et al. [16]
proposed the swin transformer, a versatile backbone for vision tasks. This model generates
hierarchical feature maps and achieves linear computational complexity with respect to
image size. Building on this work, Cao et al. [30] further introduced Swin-Unet, a U-shaped
architecture comprising an encoder, a bottleneck, a decoder, and skip connections. Swin-
Unet uses the swin transformer for feature extraction and employs skip connections during
upsampling to integrate encoder features with decoder features, enabling accurate image
segmentation predictions.

Stéphane et al. [31] developed the ConViT model, which integrates the inductive
bias of CNNs into the transformer to better focus on local positional and content infor-
mation. Huang et al. [32] introduced ScaleFormer, a model that combines CNN-derived
local features with transformer-based global representations at multiple scales. This ap-
proach emphasizes detailed spatial information (contextual cues) alongside long-range
dependencies (positional cues), effectively addressing the challenges of scale variation in
image segmentation.

In the domain of volumetric medical image segmentation, Zhou et al. [33] proposed
nnFormer, which integrates interleaved convolutions and self-attention mechanisms to
learn volumetric representations. The model employs skip attention to replace traditional
concatenation or summation operations in U-Net-style architectures, ensuring efficient
local and global feature extraction. Similarly, Chen et al. [6] introduced TransUNet,
which incorporates a transformer-encoder to capture long-range dependencies critical
for segmentation tasks.

Jietal. [34] proposed MCTrans, a model embedding multi-scale convolutional features
into token sequences. By leveraging a self-attention mechanism, MCTrans facilitates cross-
scale pixel-level context modeling and employs learnable proxy embeddings to capture class
dependencies. The combination of self-attention and cross-attention mechanisms allows
the model to model semantic relationships and enhance feature representations effectively.

Transformer-based segmentation models use the transformer’s strength in capturing global
relationships between distant pixels, making them highly effective at extracting global image
features. However, their intricate architectures often face challenges in efficiently capturing fine
spatial details. To address this, we propose using dense skip connections to repeatedly fuse
multi-scale features, thereby capturing more detailed information.
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3. Methodology

In this section, we introduce the TEBLS model proposed in this paper, experimental
dataset, and experimental setup.

3.1. Data Preparation

In order to compare and demonstrate the performance of the proposed segmentation
model in the task of breast cancer lesion segmentation, we used the CBIS-DDSM (Curated
Breast Imaging Subset of DDSM) for training the network. The CBIS-DDSM is a breast
X-ray imaging dataset designed for research in computer-aided detection and diagnosis,
comprising a database of 2620 mammogram case data from multiple hospitals [35]. From
this dataset, we selected 574 images with full-size masks and prominent lesion features
as the experimental data for this study. We used 80% of the dataset to train the model
and the other 20% for testing. To enhance data diversity, we applied random flipping and
rotation techniques to the images and masks in the training dataset [36] and then resized
the images to a 224 x 224 size, which were used as input and ground truth labels during
model training.

3.2. Model Network Structure

Figure 1 shows the model’s framework, and Figure 2 illustrates its flowchart. The
input image set is denoted as x € RH*W>3 where R represents all images in the dataset,
and any individual image within this set is denoted as x. Each image has a height H, width
W, and 3 color channels. To convert the image information into sequential embeddings, the
image set is first input into a patch partition layer. This layer divides the medical image
pixels into non-overlapping patches of size N x N, transforming the feature dimensions
into N x N x 3 for each patch.
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Figure 1. Overview of the framework. The model begins with patch partitioning and linear em-
bedding to transform input images into sequential data. The encoder consists of multiple swin
transformer blocks, patch merging layers, and skip connections for feature fusion. The bottleneck
layer processes the encoded features with Multi-Head Self-Attention (MSA) and Multi-Layer Percep-
tron (MLP) modules. The decoder includes patch expansion, normalization, and linear projection
layers to produce high-resolution segmentation outputs. The output is processed through global
average pooling and a softmax layer for pixel-level classification, with Grad-CAM used to visualize
the results.
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Figure 2. The flowchart illustrates the main structure and data flow of TEBLS. The rounded rectangles
represent the input and output modules of the model, while the gray rectangles indicate the input
data preprocessing module. The blue rectangles represent the transformer-based dense nested feature
fusion network module proposed in this paper, with the green rectangular frames representing
the encoder and decoder parts of this module, which consist of three swin transformer blocks
and swin transformer upsampling, respectively. The yellow rectangles represent the lightweight
channel enhancement method based on the multi-scale features module proposed in this paper, which
includes group convolution and channel transformation.

x € RHXWx3 _ xp € R(H/N)x(W/N)x(NxNxES) 1)

The linear embedding layer performs feature mapping on these patches, projecting
their feature dimensions into an arbitrary dimension, C, resulting in feature maps. This
operation can be expressed as

xp € RH/N)X(W/N)x(NxNx3) _ x’p c RH/N)x(W/N)xC @)
where RH/N)x(W/N)x(NxNx3) represents the set of all patches, where any individual
patch x, in this set has a pixel height of %, a pixel width of ¥, and N x N x 3 chan-

RUH/N)*(W/N)XC denotes the set of images processed by the linear embedding

nels.
layer, where any image in this set has a pixel height of £, a pixel width of ¥, and
C channels.

The TEBLS model extracts image features through multiple downsampling and up-
sampling processes and fuses features from multiple levels. The encoder structure of the
TEBLS model is as follows: the input data RUH/4)x(W/4)xC ape processed through three

(H/32)x (W/32)x(C/8)

stages, and the bottleneck layer finally outputs R . Specifically, the input

data first pass through the first swin block, followed by a patch merging layer, then enter the
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second swin block, followed by another patch merging layer, and finally proceed through
the third swin block and another patch merging layer before being input into the bottleneck
layer. Each swin block consists of a single swin transformer module.

The patch merging layer selects elements at regular intervals in the row and column
directions, concatenates them into a tensor, and reshapes them. Channel normalization
and a fully connected layer are then applied to adjust the channel dimensions. Through
this process, feature resolution gradually decreases while feature dimensions increase,
achieving downsampling.

The bottleneck layer consists of two swin transformer blocks connected sequentially.
In the bottleneck layer, the first swin transformer block connects to the output of the
encoder’s final patch merging layer through channel normalization and a fully connected
layer. The second swin transformer block connects to the input of the lowest-level patch
expansion layer in the upsampling stage. This forms a connection between the second swin
transformer block of the bottleneck layer and the lowest-level patch expansion layer in the
upsampling stage.

Feature fusion in the TEBLS model is achieved through skip connections, which fuse
the output of a swin block from one dense block with the corresponding upsampling
output in the next dense block. The specific process includes first expanding the chan-
nel dimensions through a fully connected layer in the patch expansion layer and then
using a rearrange operation to reshape adjacent feature map dimensions into larger fea-
ture maps and finally applying LayerNorm for channel normalization to complete the
upsampling operation.

The decoder structure of the TEBLS model takes the feature maps output from the
encoder and processes them through the patch expansion layer and then through a linear
projection layer to generate pixel-level image predictions. Specifically, the patch expan-
sion layer upsamples the feature maps to restore their resolution to the input resolution
W x H. This patch expansion layer first uses a fully connected layer to increase the channel
dimensions, setting the output tensor’s dimensions to 16 times that of the input. Next,
the rearrange operation reshapes adjacent feature map dimensions into larger feature
maps, and LayerNorm normalizes the channels to complete the upsampling. Finally,
the upsampled features undergo linear projection to generate pixel-level segmentation
predictions with the dimensions W x H x Class, where Class represents the number of
pixel-level classification categories and H and W represent the height and width of the
image, respectively.

3.3. Transformer-Based Dense Nested Feature Fusion Network

Based on the Swin-Unet [16] and Unet++ [37] models, we propose a transformer-based
densely nested feature fusion image model for medical image segmentation (Swin-Unet++).
This model is built with an encoder, a bottleneck, a decoder, and skip connections based on
the swin transformer module. B/ represents the output of feature learning through the
swin block layer, where i indexes the downsampling layers of the encoder, and the swin
block layers are indexed along the skip connection path. Each swin block layer contains
two swin transformer blocks. The upsampling output of B*? and B! is fused to obtain
BY%1; then, B! is fused with the upsampling output of B>? to obtain B!!. The upsampling
output of B! is fused with B% and B%! through skip connections to obtain B%2. Similarly,
through layer-wise upsampling and feature fusion, B>! and B2 are sequentially obtained,
ultimately resulting in the final output, which is the fusion of the upsampling output of
BY3; B3 is the fusion of the upsampling output of B2, B%, B! and B%2. Table 1 below
shows the detailed output information corresponding to each swin block layer unit in the
transformer-based densely nested feature fusion network.
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Table 1. The output dimensions of the swin block unit, detailing image sizes and corresponding
channel numbers across different layers.

Image Size Number of Channels
BOO 56 C
BLo 28 2C
Bo1 56 C
B20 14 4C
Bl 28 2C
Bottleneck layer 7 8C
BO2 56 C
B21 14 4C
Bl2 28 2C
BO3 56 C

3.4. Lightweight Channel Enhancement Method Based on Multi-Scale Features

To reduce the complexity of the model and achieve multi-channel feature fusion,
we propose a lightweight channel enhancement method based on multi-scale features.
The image feature maps obtained by the TEBLS model at different levels are denoted as
Fo, F1, F», F3. These features are concatenated along the channel dimension to obtain a
mixed feature map with a channel size of 4C. After a linear transformation, the number
of channels is reduced to C. To reduce the dimensionality of the channels for subsequent
transformations, we use a 1 x 1 convolution layer, a batch normalization layer, and a ReLU
activation function to transform the channels from C to R.

Moreover, a max. pooling layer is applied to reduce the size of the feature map while
extracting the most prominent features. To further reduce the complexity and number of
parameters, we use grouped convolutions to split the channels into three groups, applying
convolution operations to each group separately. Furthermore, in order to capture more
detailed features, we perform channel transformations on the features of each group
through three stages: stage 2, stage 3, and stage 4. The number of channels increases from
R to 240 in stage 2, to 480 in stage 3, and to 960 in stage 4. During this process, the image
size progressively decreases: in stage 2, the image size is 4 X 4; in stage 3, the image size
becomes 2 x 2; and in stage 4, the image size is reduced to 1 x 1.

A global average pooling operation is applied to obtain a channel feature represen-
tation of the dimension 960. Subsequently, global pooling is applied to the entire feature
map. After the global pooling layer, the feature map of the size H x W x R is reduced to
1 x 1 x R. To ensure that the output channel number matches the input channel number,
we use a linear layer to transform the output channels back to C. Finally, a softmax layer
outputs the weights of the channel feature representations.

To effectively fuse the rich semantic information contained in the original input fea-
tures and compensate for any potentially ignored semantic information during the channel
transformation process, we element-wise multiply the obtained feature weights with the
original input feature map. Through these operations, the resolution of the feature map is
restored to the input resolution W x H. These features are then linearly projected to obtain
pixel-level classification prediction results.

The specific calculation formula for channel transformation is as follows: First, the
number of channels C is transformed using the first 1 x 1 convolution layer to reduce the
number of parameters. Then, a grouped convolution is applied to the obtained features, di-
viding them into groups. After grouping, a channel transformation operation is performed
on the features to enhance the information modeling between the channels.
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This transformation allows for the efficient extraction and modeling of features across
different channel groups, leading to improved feature representation while minimizing
computational complexity.

The computation process formula is as follows.

X = Fc(G(Fcf(Fgc(Fc2r(C,Wc),Wg)), Wr)) 3)
where we have the following:

e Fcf() represents the channel transformation operation.

e Fc(), Fe2r(), and Fgc() correspond to the linear layer, point-wise grouped convolution,
and grouped convolution operations, respectively.

*  Wr, Wc, and Wg are the respective weights for these operations.

* G represents the global average pooling operation, which results in a channel feature
representation of the dimension C.

To implement lightweight channel transformation, the linear layer is used to transform
the number of channels. This approach reduces computational complexity while maintain-
ing the ability to model the features effectively. For the input data X = [xl, X2,..., xc] €
Ry x W x C, the features of the c channel are expressed as

1

HxW &
i=1j

M=
1=

Ze =G(xc) =

xc(irj) 4)

I
—

where G() represents global average pooling and, finally, the softmax function is used to
calculate the correlation weights between these channel feature representations, that is,

ez

w=1(z) = ﬁ ®)

where 7T indicates the softmax function and the relevant weight of the dimension C. These
relevant weights and corresponding features are multiplied in the channel dimension to
obtain the final output of the channel information enhancement module:

5('\: WeXe (6)

where w; and x. represent the relevant weights and corresponding feature channels of the
¢ channel.

3.5. Experimental Setup

This experiment was conducted using the PyTorch 1.7.0 framework on Windows, based
on Python 3.7.16. The experimental platform was configured with an NVIDIA GeForce
GTX 1650 processor (Santa Clara, CA, USA), featuring 4.295 GB of GPU memory for
computations. Figure 3 shows that the loss and score function stabilized when epoch = 150;
we set the number of epochs to 150 during the model training process. The learning rate
LR; in the iteration ¢ is given by the following formula, where LR;,;; represents the initial
learning rate of 0.05, t represents the current iteration number, and T}, represents the
maximum number of iterations during the training process. The specific experimental
settings are summarized in Table 2.

p 09
LRt = LRinit <1 - > )

Tmax
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Table 2. Configuration details for the experimental setup, including hardware specifications, software
framework, and model training parameters.

Configuration  Settings Configuration  Settings
Hardware NVIDIA GeForce GTX1650 Image Size 244 x 244
Framework PyTorch Patch Size 4
GPU 4.295G CUDA Version 11.7
Optimizer SGD Optimizer Momentum 0.9
Batch Size 24 Weight Decay ~ 0.0001
Loss Curve DSC and AUC Curve
0.6 — Total Loss 1.0
0.5 08
@2 0.4 o
2 :,8; 0.6
03
0.4
0.2
02
0.1 — Dsc
0.0 — Auc
0 20 40 60 80 100 120 140150 0 20 40 60 80 100 120 140150
Epoch Epoch

Figure 3. The loss and score curve during the model training process indicates that the loss function
stabilized when epoch = 150.

3.6. Gradient-Weighted Class Activation Mapping

In this study, transformer models were used for image segmentation and classification.
Due to the difficulty in understanding the internal workings of transformers, Gradient-
weighted Class Activation Mapping (Grad-CAM) [38] was used to provide a way to
visualize which regions of an image were most influential in the model’s decision-making
process. This approach involves calculating the gradient of the last convolutional layer
with respect to the model’s feature maps for a specific class [38]. The gradients are then
averaged to generate a matrix that highlights the areas of the image most relevant to the
model for identifying features of the specified class. By overlaying class activation maps on
the input image, it highlights the areas the model focuses on during segmentation, offering
visual explanations. This is particularly valuable in medical imaging, where understanding
the model’s focus is critical for clinical validation.

3.7. Evaluation Criterion

To assess the segmentation performance of the algorithm proposed in this paper, we
employed the Dice Similarity Coefficient (DSC), the area under the receiver operating
characteristic curve (AUC), and sensitivity.

The DSC is an indicator that measures the overlap between the model’s segmentation
result and the ground truth, with values ranging from 0 to 1. A higher value signifies
greater similarity and, consequently, higher accuracy. The formula is as follows, where
Prediction represents the total sum of pixels in the predicted region, and Ground Truth
represents the total sum of pixels in the ground truth region.

2 x |Prediction N GroundTruth|

D p—
5C Prediction + GroundTruth

(8)

The AUC is a widely used metric for evaluating the performance of binary classifica-
tion models. The ROC curve plots the true positive rate (recall) on the vertical axis against
the false positive rate on the horizontal axis. The AUC represents the area beneath the
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receiver operating characteristic (ROC) curve, with values that range from 0 to 1. In image
segmentation, AUC is typically used to assess a model’s ability to distinguish between the
target region and the background based on pixel classification.

Sensitivity measures the proportion of actual positive instances correctly identified by
amodel. A higher sensitivity indicates better performance in identifying the positive class
and is calculated as follows.

TP

TP+ FN ©)

Sensitivity =

where we have the following:

* TP is the true positives, i.e., the number of correctly predicted positive instances.
. FN is the false negatives, i.e., the number of actual positive instances that are incorrectly
predicted as negative.

4. Results
4.1. Ablation Experiment

To validate the effectiveness of the proposed transformer-based densely nested feature
fusion network and the lightweight multi-scale feature channel enhancement method (as
shown in Table 3), we conducted ablation experiments from two perspectives:

1. For assessing the impact of the transformer-based densely nested feature fusion net-
work, the segmentation results of the Swin-Unet++ model were compared to the
Unet++ model on the CBIS-DDSM dataset. The results show that the Swin-Unet++
model achieved the best performance in terms of the mean DSC. This can be attributed
to the incorporation of swin transformer blocks in the Swin-Unet++ model, which
replaces traditional convolutional structures and enhances the model’s ability to learn
global image features, leading to improved feature representation.

2. Evaluating the effectiveness of the lightweight multi-scale feature channel enhance-
ment method involved comparing the segmentation performance of the TEBLS model
with the Swin-Unet++ model. The results show that incorporating multi-channel
feature fusion significantly improved the mean AUC of the TEBLS model compared
to Swin-Unet++. The mean AUC, which evaluated classification performance across
various thresholds and was highly sensitive to boundary prediction errors, demon-
strated notable gains. By integrating multi-channel feature fusion, the TEBLS model
effectively combines features at different scales, capturing detailed image and semantic
information while preserving target region details. This enhancement enhances the
model’s understanding of images, leading to more accurate boundary predictions.

Table 3. Ablation study results comparing model performance on the test dataset in terms of the
mean DSC and mean AUC.

Model Mean DSC Mean AUC Epoch
Unet++ 89.52 83.00 150
Swin-Unet++ 99.30 68.09 150
TEBLS 81.86 97.72 150

4.2. Quantitative Comparison with State-of-The-Art Models

We compared the segmentation performance of the proposed TEBLS model with
previous segmentation models on the CBIS-DDSM dataset, including Density-ASP [39],
U-Net [14], Res-Basic-U-Net [15], and AU-Net [40]. The results in terms of the mean DSC
are presented in Table 4. With the same number of epochs, the segmentation performance
of the TEBLS model improved by 35.3%, 21.8%, and 28.5%, respectively, compared to
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that of the U-Net, AU-Net, and Res-Basic-U-Net models, which are based on simple skip
connections, adaptive attention mechanisms, and residual connections.

Comparing the segmentation results of the U-Net model to those of Res-Basic-U-Net
and AU-Net showed that AU-Net achieved the best performance. This was due to AU-
Net’s incorporation of a self-attention mechanism, which enhanced the learning of small
targets and complex background features, in contrast to the residual network used in
Res-Basic-U-Net. Additionally, when comparing AU-Net with Density-ASP, which uses
AU-Net as its baseline, AU-Net outperformed Density-ASP. This was because Density-ASP
dynamically adjusted the training priority based on sample density, making its segmen-
tation outcomes highly dependent on dataset characteristics. In contrast, the proposed
TEBLS model integrates a transformer-based structure with the Unet++ model and further
improved feature learning through multi-channel feature fusion, resulting in superior
segmentation performance.

Table 4. A quantitative comparison of segmentation results on the test dataset was conducted,
including U-Net, Res-Basic-U-Net, AU-Net, Density-ASP, and our proposed method, TEBLS. All
methods were trained on the same dataset under identical conditions and evaluated on the same
test data.

Model Mean DSC Epoch
UNet 73.60 150
Res-Basic-UNet 77.50 150
AU-Net 81.80 150
Density-ASP 50.64 150
TEBLS 81.86 150

Table 5 presents the accuracy of the proposed TEBLS model compared to that of Swin-
Unet, Vision Transformer (ViT) [17], and the Inceptionv3 model on the CBIS-DDSM dataset.
The mean AUC represents the average AUC value obtained over multiple iterations, serving
as a measure of the model’s performance. As shown in Table 5, the proposed TEBLS model
demonstrated a significant improvement in the mean AUC compared to the transformer-
based Swin-Unet and ViT models. This improvement is attributed to the dense nested
feature fusion in the TEBLS model, which enabled it to capture features at different levels
and enhance feature representation through fusion.

Moreover, the TEBLS model outperformed the Inceptionv3 model in terms of the mean
AUC. This was due to the inherent limitations of Inceptionv3, a CNN-based classification
model, which relies on convolutional kernels and local receptive fields. These constraints
reduce its effectiveness in capturing global features, particularly for tasks requiring long-
range dependency modeling and a comprehensive understanding of global context. In
contrast, transformer-based architectures leverage a global self-attention mechanism, en-
abling the more effective extraction of global features and long-range dependencies.

Table 5. Quantitative comparison of classification results, including Swin-Unet, ViT, Inceptionv3, and
our proposed method, TEBLS.

Model Mean AUC Epoch
Swin-Unet 60.57 150
ViT 61.74 150
Inceptionv3 66.02 150

TEBLS 97.72 150
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4.3. Model Evaluation and Complexity Analysis

Figure 4A shows the parameter complexity comparison among different models.
The number of parameters is a key indicator of model complexity. A higher parameter
count generally indicates stronger representational capacity, but it also requires more
computational resources and data for training and inference. This necessitates greater GPU
memory during training and more memory to store parameters during inference. As shown
in Figure 4A, the TEBLS model has the fewest parameters, with a parameter count of 13,416,834.
Compared to Swin-Unet++, the TEBLS model reduces the parameter count by approximately
0.144 M, and compared to Swin-Unet, it reduces the count by about 0.106 M. This demonstrates
that the proposed TEBLS model is a lightweight image segmentation model.

A 1x107 B
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Figure 4. A performance comparison of different models in terms of parameter complexity, inference
time, and segmentation accuracy. (A) A parameter count comparison shows that TEBLS has the fewest
parameters, highlighting its lightweight nature. (B) An inference time comparison, demonstrating that
TEBLS was the most efficient model, with faster processing compared to Swin-Unet++ and Swin-Unet.
(C) A confusion matrix showing the results of the TEBLS model using the test set shows that
the model’s sensitivity was 0.7602. (D) Segmentation performance, where TEBLS outperformed
other models by accurately capturing lesion regions with clear details at image edges and within
lesion areas.

In Figure 4B, we compare the inference time of different models. Inference time
measures the duration from when the model receives input data to when it generates
output results. This metric evaluates the efficiency of a model in processing input data
for real-world applications, with shorter times indicating higher efficiency. The inference
time for TEBLS was 0.0069 s, compared to 0.0078 s for Swin-Unet++ and 0.0089 s for
Swin-Unet. Although the reduction in inference time (0.0009-0.002 s) may seem marginal,
experiments conducted on 574 images using an NVIDIA GeForce GTX 1650 processor
demonstrated a significant reduction in the overall experimental runtime. Figure 4D
illustrates the segmentation performance comparison among the models. TEBLS achieved
the best segmentation performance, accurately capturing lesion regions with clear details
at image edges and within lesion areas. To gain a deeper understanding of the model’s
performance under various conditions, Figure 4C presents the confusion matrix of the
TEBLS model with the test set, which shows that the model achieved a sensitivity of 0.7602
with the test set.
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4.4. Model Interpretability Analysis

Grad-CAM was employed to visualize how the TEBLS model divided lesion areas
from non-lesion areas in the segmentation task, as shown in Figure 5. Figure 5 shows the
Grad-CAM and superimposed images, highlighting the image regions most relevant to the
features used by TEBLS to identify the lesion areas, where yellow indicates regions that
TEBLS considered highly contributive to the prediction of lesion areas and purple indicates
regions with a lower contribution. This enhances the clarity of the highlighted regions,
assisting clinicians in evaluating whether the model’s segmentation results align with their
expert knowledge.

Image Ground Truth TEBLS Grad-CAM Superimposed Image

Figure 5. Visualizations of TEBLS outputs. The set includes the original input images, ground
truth segmentations, TEBLS predictions, Grad-CAM visualizations highlighting model focus, and
superimposed images showing the overlay of Grad-CAM heatmaps on the original images. The Grad-
CAM visualizations help illustrate which areas of the image TEBLS prioritized during segmentation,
providing insight into the model’s decision-making process (TP: true positive; FP: false positive;
FN: false negative).

5. Discussion

Segmenting lesion regions from medical imaging data is of significant importance for
the early diagnosis and treatment of breast cancer. However, traditional image segmenta-
tion algorithms [11,20-23] can only extract low-level features, making them inadequate for
diverse datasets and complex segmentation tasks. With advancements in computational
power and data availability, CNN-based [14,24-29] and transformer-based [6,16,30-34]
image segmentation models have gradually replaced traditional methods and are widely
used in complex segmentation tasks. CNN-based segmentation models demonstrate strong
feature extraction and representation capabilities, but due to the local receptive field of
convolutional kernels, they are typically limited to processing local regions and strug-
gle to capture long-range dependencies between pixels in an image. On the other hand,
transformer-based models leverage self-attention mechanisms to effectively capture long-
range dependencies but often fall short of capturing fine-grained semantic information.
Moreover, the lack of interpretability in deep learning algorithms poses challenges for their
application in the medical domain. To address these issues, we present an interpretable
image segmentation model for the automated segmentation of breast cancer images.

To address the issue of blurred boundaries in segmentation results caused by existing
models’ lack of detailed spatial information capturing local features, we developed a
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densely nested feature fusion model based on transformers. The model uses a locally
fully connected structure to capture finer-grained features and performs multi-level feature
fusion to extract multi-scale image information. Additionally, a self-attention mechanism
was incorporated to capture intra-image interactions, enhancing the model’s ability to
learn spatial details. These mechanisms improved segmentation accuracy and detail
representation and reduced boundary blurriness.

To reduce the complexity and high computational cost associated with transformer-
based image segmentation models, we developed a lightweight multi-scale feature
channel enhancement method. By extending and transforming feature channels, our
method promoted effective information flow between channels, enabling the capture of
more detailed semantic information related to breast cancer and achieving improved
feature representation.

The effectiveness of the proposed model was evaluated using the mean AUC and mean
DSC metrics for segmentation and classification tasks. Experimental results demonstrated
that the model achieved accurate segmentation of breast cancer lesion regions. Moreover, a
comparison of the TEBLS model with two other models (Swin-Unet++ and Swin-Unet) in
terms of parameter complexity and inference time confirmed that the TEBLS model is a
lightweight segmentation model with faster inference speed.

Additionally, Grad-CAM was used to enhance the interpretability of the transformer-
based model, which can be challenging to understand due to its complex self-attention
mechanisms. Figure 2 illustrates how Grad-CAM highlighted areas of focus within the
model, helping to identify potential weaknesses, such as instances where the model may
not have attended to the correct regions. This addresses the issues related to the data or
training process.

In Figure 5, TP shows the true positive cases. TEBLS accurately captured the lesion
areas, providing clear details in both the image edges and the lesion regions. In the false
positive cases (Figure 5, FP), the model often misinterpreted background regions as lesions.
Clinically, these regions are challenging even for radiologists due to their subtle lesion
characteristics. Conversely, in false negative cases (Figure 5, FN), Grad-CAM visualizations
indicated that the model may have focused on background regions instead of subtle lesion
patterns. This issue might be attributed to the insufficient representation of small or low-
contrast lesions in the training data. The visualization of TEBLS outputs using Grad-CAM
can assist data scientists in understanding the model and improving results by analyzing the
outputs. Furthermore, the insights provided by Grad-CAM can inform model refinement,
allowing clinicians to evaluate whether the model’s segmentation results align with their
expert knowledge. The insights gained from Grad-CAM can also guide model refinement
by informing adjustments that help the model focus on the most relevant features.

A limitation of the current study is that the experiments were conducted only on a
breast cancer image dataset. In future work, we will extend the application of this model to
other medical imaging tasks, such as 3D medical imaging and multimodal datasets. Addi-
tionally, we will integrate the lightweight channel enhancement module with techniques
such as transfer learning and semi-supervised learning to further enhance the model’s prac-
ticality and effectiveness in real-world clinical scenarios. Another limitation of our study is
that all experiments were conducted exclusively on the CBIS-DDSM dataset. While 80% of
the dataset was used as the training set and 20% as an independent validation set, there
was no overlap between the training and validation data, ensuring the model’s robustness
and relevance. However, we plan to evaluate the effectiveness of the proposed model using
multiple datasets in the future to further validate its robustness and generalizability.
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6. Conclusions

In this study, we present a transformer-based explainable model for breast cancer
lesion segmentation to achieve the automated and precise segmentation of breast cancer
image data. This model combines a transformer-based dense nested feature fusion network
with a lightweight channel enhancement module, with multi-scale features to enhance
performance. The effectiveness of TEBLS was validated through extensive comparisons
with existing segmentation models, demonstrating a higher accuracy in identifying breast
cancer lesions. By incorporating these advanced techniques, TEBLS provides a promising
solution for automated breast cancer diagnosis, offering both improved segmentation
precision and greater interpretability, and it has the potential to be used in clinical settings.
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