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Abstract—Breast cancer is the most common malignancy in
women, and mammography is widely used for early detection
due to its clarity and low cost. The shape and boundary
of breast masses are key features for distinguishing between
benign and malignant tumors. However, accurate automatic
segmentation remains challenging because the mass boundaries
are often unclear, vary in shape, and have low contrast to
surrounding tissues. To address these challenges, a Boundary-
Enhanced Attention Network (BEANet) is proposed. This model
is based on the U-Net architecture and uses a ResNet34 encoder
to improve the extraction of deep features. It incorporates two
attention mechanisms: Squeeze-and-Excitation (SE) blocks for
channel attention, and Attention Gates (AG) in skip connections
to enhance focus on important regions. Additionally, a boundary
supervision branch is added to better detect and refine the edges
of the masses. Experiments on the CBIS-DDSM dataset show that
BEANet achieves a Dice Similarity Coefficient (DSC) of 88.39%
and outperforms U-Net and other models in detecting small mass
and segmenting unclear boundaries, highlighting its potential for
accurate and robust breast mass segmentation.

Index Terms—Breast mass segmentation, Mammography, Deep
learning, Attention mechanism, Boundary supervision

I. INTRODUCTION

Accurate segmentation of breast masses in mammograms
is a fundamental task in computer-aided diagnosis (CAD),
directly impacting mass detection, quantitative assessment, and
treatment planning. However, automatic segmentation remains
challenging due to irregular mass shapes, low mass-to-tissue
contrast, and ambiguous boundaries. These issues require
models capable of both precise localization and edge-aware
prediction.

In recent years, deep learning—particularly convolutional
neural networks (CNNs)—has achieved remarkable success in
various computer vision tasks such as classification, detection,
and segmentation [1], [2]. In the medical imaging domain,
CNN-based methods have significantly advanced breast mass
segmentation. Among them, U-Net [3] is widely used for its
encoder—decoder structure with skip connections. However, its
basic feature fusion limits effective integration of semantic
and spatial information, reducing boundary precision. Improve-
ments like CE-Net [4] and UNet++ [5] enhance contextual or
semantic alignment, but often increase complexity.
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Attention mechanisms have been introduced to enhance
focus on diagnostically relevant features. Attention U-Net [6]
incorporates attention gates (AG) in skip connections to sup-
press irrelevant background, while AUNet [7] extends attention
modeling to decoder stages. However, these methods often lack
explicit modeling of mass boundaries. Squeeze-and-Excitation
(SE) blocks [8], though effective for channel-wise recalibra-
tion, also fail to capture fine-grained spatial structures crucial
for edge delineation.

Recognizing the diagnostic importance of boundary in-
formation, several boundary-aware networks such as Shape
Stream [9] and BA-Net [10] have been proposed. These models
introduce edge-specific branches to enhance contour sensitiv-
ity. Nevertheless, most existing methods treat semantic fea-
ture extraction and boundary modeling as separate processes,
leading to inefficient integration and suboptimal performance,
particularly in cases involving blurry edges or tissue adhesion.
Furthermore, the increased complexity of these models poses
challenges for deployment in clinical environments where
efficiency and robustness are critical.

To address these limitations, this study proposes
a Boundary-Enhanced Attention Network (BEANet)-a
lightweight and effective segmentation framework designed
to jointly enhance semantic feature representation and
boundary awareness. Built upon the U-Net architecture,
BEANet incorporates a ResNet34 encoder [11] for deep
feature extraction, integrates dual attention mechanisms,
and introduces explicit boundary supervision. To further
improve the localization performance, a region of interest
(ROI) cropping strategy is employed to suppress background
interference and enhance the detection of breast masses. The
overall design enhances both the accuracy and robustness
of mass delineation in mammograms, contributing to more
reliable computer-aided diagnosis. The main contributions of
this study are as follows:

o« A ResNet34 encoder is employed to enhance multi-
scale semantic feature extraction while maintaining model
efficiency.

e A dual attention strategy is adopted by integrating SE
blocks into the center and decoder stages, and embedding
AG blocks in the skip connections.

o A dedicated boundary supervision branch is incorporated
to explicitly model mass contours, enabling finer edge
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Fig. 1. Overview of the BEANet architecture, featuring a ResNet34 encoder,
attention-enhanced center and decoder, Attention Gates (AG)-guided skip
connections, and dual outputs for mass and boundary segmentation.

Encoder

localization and enhancing boundary sensitivity.

II. METHODOLOGY
A. Overall Architecture

The proposed BEANet is designed for accurate breast mass
segmentation in mammography. Built upon the U-Net frame-
work, BEANet consists of three key components: a ResNet34
encoder, an attention-augmented center and decoder with
SE blocks, and AG-guided skip connections. A dual-output
decoder simultaneously predicts mass regions and boundary
maps, supervised by a joint loss function to enhance both
semantic segmentation and boundary localization. The overall
architecture is illustrated in Fig. 1.

In the encoder, a pre-trained ResNet34 replaces standard
U-Net blocks, enabling deeper semantic feature extraction.
The decoder reconstructs spatial resolution using a series of
UpBlocks, each receiving skip-connected encoder features to
recover spatial detail. SE blocks are embedded in the center
and decoder to perform channel recalibration, emphasizing
discriminative features during reconstruction. AG blocks are
used in skip connections to selectively transmit spatially rel-
evant features, suppressing background noise and enhancing
boundary localization. BEANet produces two outputs: a seg-
mentation mask and a boundary map. The mask branch cap-
tures mass morphology. The boundary branch focuses on edge
precision, guided by Edge loss to improve contour consistency.
This dual-branch design enables the mask to learn semantic
regions, while the boundary branch reinforces structural accu-
racy. Boundary supervision also acts as a regularization mech-
anism, mitigating annotation noise and improving robustness
on blurred or adhesive mass edges.

In summary, BEANet balances semantic accuracy and
boundary precision through an encoder-decoder backbone en-
hanced with attention and dual-task supervision, making it
effective and efficient for real-world clinical applications.

B. Architectural Components

BEANet is built upon the classical U-Net architecture,
adopting a symmetric encoder—decoder design with skip con-
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Fig. 2. Center layer of BEANet with a Squeeze-and-Excitation (SE) block

for channel attention enhancement. The SE block recalibrates feature maps by
modeling inter-channel dependencies, emphasizing informative channels while
suppressing irrelevant ones.

nections for high-precision pixel-wise segmentation. Com-
pared to the original U-Net, BEANet enhances feature rep-
resentation and structural modeling while maintaining compu-
tational efficiency.

1) ResNet34 Encoder: BEANet replaces the shallow con-
volutional encoder in U-Net with a pre-trained ResNet34.
It begins with a 7 x 7 convolution (stride = 2), followed
by four residual stages producing feature maps at 1/4, 1/8,
1/16, and 1/32 of the input resolution. These multi-scale
features are connected to corresponding decoder stages via skip
connections. Residual blocks with identity mappings facilitate
gradient flow and improve feature stability.gradient problem in
deep networks and help stabilize feature propagation.

2) Center Layer with SE block: At the center, an SE
block recalibrates feature responses by modeling inter-channel
dependencies. As shown in Fig. 2, global average pooling
generates a compact descriptor, which passes through two fully
connected layers and a sigmoid activation to produce channel
attention weights. These weights are used to emphasize infor-
mative channels and suppress irrelevant ones.

3) Decoder with Attention-Guided Skip Connections: The
decoder mirrors the encoder and consists of UpBlocks that
progressively restore spatial resolution. Each UpBlock includes
transposed convolution, skip connections, and convolutional
refinement, as shown in Fig. 3. To further enhance feature
representation, BEANet integrates two attention mechanisms
within each UpBlock: (a) SE Block (Channel Attention): Each
UpBlock includes an SE block (same as in the center) to refine
channel-level feature importance. (b) AG Block (Spatial Atten-
tion): AG blocks are applied to the skip connections, where
they combine encoder and decoder features to generate spatial
attention maps. This mechanism emphasizes mass-relevant
regions while suppressing background noise, improving spatial
precision.

4) Boundary Supervision Output Branch: To enhance con-
tour delineation, BEANet includes a parallel boundary predic-
tion branch. This branch outputs a boundary map aligned with
the input resolution using convolution and upsampling layers.
Ground-truth boundary maps are generated by applying the
Sobel operator within the ROI extracted from the mask. Com-
pared to morphological gradients, the Sobel operator provides
better edge continuity and directional sensitivity, producing
sharper binary boundary labels.

During training, the predicted boundary map is supervised
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Fig. 3. Structure of an UpBlock in the decoder. Each block includes
upsampling, convolution, and dual attention: an SE block that recalibrates
channel responses to emphasize informative features, and an AG that guides
spatial focus toward mass-relevant regions.

using these binary edges via a weighted binary cross-entropy
loss, termed Edge Loss. This loss emphasizes edge pixels to
address class imbalance and guide the network in learning fine-
grained boundary structures, ultimately improving segmenta-
tion accuracy in cases with blurred or adhesive mass borders.

C. Loss Function

To handle the challenges of class imbalance and blurry
boundaries in breast mass segmentation, BEANet adopts a
dual-branch structure with a composite loss function that
jointly supervises region and edge predictions.

Dice loss [12] is employed to optimize the spatial overlap
between the predicted masks and the ground truth, effectively
addressing foreground-background imbalance. It is applied to
both the mass mask and boundary map outputs:

_ 2 Z Ytrue Ypred
> Yiwwe + 2 ygred +€’

where € prevents division by zero. This loss promotes region-
level accuracy and smooth boundary predictions.

Since boundary pixels typically constitute only a small por-
tion of the image, a significant class imbalance exists between
edge and non-edge pixels. To address this, a weighted binary
cross-entropy loss, referred to as Edge loss, is introduced to
emphasize learning in the edge regions:

£Dice =1 (1)

Legge = =B Y 108 P(Ypreaj = 1)
JEY+
—(1=8) > 108 P(Yprea; =0), ()
VST
where y, and y_ represent the sets of boundary and non-
boundary pixels, respectively, and 3 is the proportion of non-
boundary pixels. Probabilities P (ypred,;) are computed using a
sigmoid activation function. This Edge loss helps compensate
for class imbalance and increases the model’s sensitivity to
fine boundary structures.
Inspired by Hatamizadeh et al. [13], We integrate region-
level and edge-level supervision into a unified training objec-
tive. The final composite loss function is defined as:

»Clotal = )\1 ﬁDice (ypreda ytrue)
+ A2 Lpice (Spred 5 Strue)
+ A3£Edge(3pred7 strue)a 3)

where Ypred, Yuue are the predicted and ground-truth segmen-
tation masks, and Spred, Syue are the predicted and ground-
truth boundary maps. The parameters Ai, A2, A3 control the
relative contributions of each term. In this study, we used
A1 = 1.0, A2 = 0.5, A3 = 0.1. These weights were empir-
ically determined to balance region accuracy and boundary
precision, and the resulting performance remained robust to
small perturbations.

III. EXPERIMENTAL RESULTS AND DISCUSSION
A. Dataset and Preprocessing

We evaluate BEANet on two publicly available mammog-
raphy datasets: CBIS-DDSM [14] and INbreast [15]. CBIS-
DDSM (Curated Breast Imaging Subset of DDSM) is a
standardized subset of the DDSM database, providing high-
resolution mammograms with expert-annotated mass masks.
We used all 1,592 mammograms annotated for mass segmen-
tation, with 1,231 for training and 361 for testing. INbreast is a
full-field digital mammography dataset with precise pixel-level
annotations. To assess cross-dataset generalization, 107 images
with confirmed mass labels were selected from INbreast for
evaluation.

A unified preprocessing pipeline was applied to all images.
Background pixels were removed, and ROIs were cropped
using the smallest bounding boxes enclosing each mass. To
enhance local contrast, particularly for low-intensity or blurry
masses, CLAHE (Contrast Limited Adaptive Histogram Equal-
ization) was applied [16]. All ROIs and corresponding masks
were resized to 256x256 pixels (px), normalized to the [0, 1]
range, and further standardized using Z-score normalization.
Binary masks were processed to ensure foreground pixels were
labeled as 1 and background as 0. For boundary supervision,
edge maps were generated by applying the Sobel operator [17]
to the mass masks, capturing gradient-based edges with direc-
tional sensitivity. These maps were used as auxiliary labels for
the boundary prediction branch.

To improve model robustness, standard data augmentation
strategies—including horizontal/vertical flipping, random ro-
tation, and zooming—were applied during training [18]. This
preprocessing strategy ensures consistent input quality and
supports the model in capturing both semantic content and
fine-grained structural boundaries critical for accurate mass
segmentation.

B. Implementation Details

All experiments were conducted on a workstation equipped
with an Intel Core i7-14700F CPU, an NVIDIA GeForce RTX
4070 Ti SUPER GPU (16 GB), and 64 GB RAM. The software
environment was based on Windows 10, using Python 3.10 and
PyTorch 2.1 for model implementation and training.

The Adam optimizer was employed with an initial learning
rate of 1 x 10~%, which was adaptively adjusted using the
ReduceL.ROnPlateau scheduler based on validation loss. The
batch size was set to 16. Automatic mixed precision (AMP)
was enabled to accelerate training and reduce GPU memory
usage. Training was performed for up to 150 epochs, with early
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stopping applied based on validation loss (patience = 20). The
model checkpoint with the highest validation Dice Similarity
Coefficient (DSC) [19] was saved. To ensure fair comparison
and reproducibility, all experiments used fixed random seeds
and identical hyperparameter settings across trials.

C. Evaluation Metrics

This study adopts multiple evaluation metrics to measure the
effectiveness of image segmentation, including the DSC, Inter-
section over Union (IoU) [20], and the Hausdorff distance [21].
These indicators were utilized to comprehensively assess the
segmentation performance of the proposed approach.

Let T'P denote true positive pixels, TN denote true nega-
tives, F'P denote false positives, F'IN denote false negatives.

The DSC measures the overlap between predicted and
ground-truth regions. A higher DSC indicates better agree-

ment:
2xTP

T 9XTP+FP+FN’

IoU evaluates the ratio between the intersection and union
of the predicted and ground-truth regions:

_ TP
 TP+FP+FN’

The Hausdorff distance quantifies boundary alignment by
computing the maximum distance between the boundaries
of the predicted and ground-truth masks. A lower Hausdorff
distance reflects closer alignment and improved segmentation
precision. Let T" denote the ground truth region of breast mass
manually annotated by a physician on images and ¢t € T" be a
point within this region. Similarly, let P denote the predicted
mass region obtained by the BEANet network, and let p € P
be a point within the predicted region. The function d(t,p)
represents the Euclidean distance between two points. The
Hausdorff distance is defined as:

DSC

“4)

IoU 4)

Hausdor f f(T, P) = max {supteTinfpepd(t, D),

SuppepinftETd(t7p)}7 (6)

where, sup represents the upper bound and in f represents the
lower bound. In this study, all images were resized to 256x256
px prior to evaluation, and Hausdorff distances were calculated
in px units unless otherwise specified.

D. Results and Discussion

To comprehensively evaluate the segmentation performance
of the proposed BEANet, we conducted comparative exper-
iments on two public mammography datasets: CBIS-DDSM
and INbreast. The comparison includes four representative
methods: U-Net, Attention U-Net, AUNet, and BA-Net. Table I
summarizes the segmentation results on the CBIS-DDSM
dataset, evaluated using DSC, IoU, and Hausdorff distance.

As shown in Table I, BEANet achieves the best performance
across all three evaluation metrics. Specifically, BEANet at-
tains a DSC of 88.39%, representing an improvement of
6.13% over the conventional U-Net. In addition, the Hausdorff

TABLE I
PERFORMANCE COMPARISON ON CBIS-DDSM DATASET

Method | DSC (%) | IoU (%) | Hausdorff Distance (px)

U-Net 82.26 71.52 6.09
Attention U-Net 84.42 74.51 5.37

AUNet 85.03 73.98 421

BA-Net 86.98 76.68 3.86
BEANet(Ours) |  88.39 79.22 2.90

* Bold indicates the best performance.
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Fig. 4. Visual comparison of breast mass segmentation results on the CBIS-
DDSM dataset. Showing the original image, ROI image, ground truth, and
outputs of U-Net, Attention U-Net, AUNet, BA-Net, and BEANet

distance is significantly reduced to 2.90, more than 50%
lower than the 6.09 obtained by U-Net, clearly demonstrating
BEANet’s superior capability in boundary precision. These
performance gains are attributed to the synergistic effect of
multi-scale attention mechanisms (SE and AG blocks) and
boundary-aware supervision. The channel and spatial atten-
tion modules enhance the discriminability and robustness of
feature representations, while the boundary prediction branch
explicitly guides the model to focus on structural contours,
particularly in regions with blurred or adhesive mass edges. To
qualitatively assess segmentation performance, representative
examples are illustrated in Fig. 4, including the original
image, ROI, ground truth, and predicted masks from U-Net,
Attention U-Net, AUNet, BA-Net, and BEANet. It is evident
that BEANet produces more accurate and complete mass
contours, with superior boundary clarity. Even in challenging
cases involving indistinct edges or tissue adhesion, BEANet
maintains high structural consistency and localization accuracy.
In summary, BEANet effectively balances model efficiency
and segmentation precision by integrating attention mecha-
nisms with boundary-aware design, enabling joint modeling
of semantic regions and structural edges. The proposed model
demonstrates clear advantages in breast mass segmentation.
To assess the cross-dataset generalization of BEANet, we
conducted an experiment in which the model trained exclu-
sively on the CBIS-DDSM dataset was directly applied to
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TABLE II
PERFORMANCE COMPARISON ON INBREAST DATASET

Method | DSC (%) | IoU (%) | Hausdorff Distance (px)

U-Net 73.03 58.93 15.17
Attention U-Net 76.47 63.54 12.01

AUNet 77.09 64.39 11.35

BA-Net 78.94 66.95 9.81
BEANet(Ours) | 79.78 66.36 8.44

* Bold indicates the best performance.

the INbreast dataset without any fine-tuning. Both datasets
underwent identical preprocessing to ensure consistency. This
setting simulates a practical clinical scenario where a trained
model is deployed on data from a different institution or imag-
ing protocol. The evaluation on INbreast reflects the model’s
robustness to domain shifts, including variations in contrast,
image quality, and annotation style. The corresponding results
are summarized in Table II.

Although the INbreast dataset differs from CBIS-DDSM
in terms of image source, contrast, mass morphology, and
annotation style, BEANet achieves strong cross-dataset per-
formance without fine-tuning. Specifically, it achieves a DSC
of 79.78% and a Hausdorff distance of 8.44, outperforming
U-Net (73.03%, 15.17) and Attention U-Net (76.47%, 12.01),
highlighting its superior generalization and boundary modeling
ability.

This stable transfer performance demonstrates the robustness
and generalization capability of BEANet in handling cross-
domain mammographic images. Despite the differences in
imaging style, boundary annotation, and anatomical structures
between the two datasets, BEANet effectively captures mass
regions while maintaining boundary clarity. This robust perfor-
mance can be attributed to BEANet’s architecture, which inte-
grates boundary-aware supervision and dual attention mecha-
nisms. The boundary branch encourages structural consistency
across domains, while SE and AG blocks enhance the model’s
sensitivity to key mass features, allowing it to maintain seg-
mentation quality under distributional shifts. Fig. 5 presents
visual comparisons on INbreast samples. The figure displays
the original image, ROI image, ground truth, and segmentation
results produced by U-Net, Attention U-Net, AUNet, BA-
Net, and BEANet. BEANet delivers more complete contours,
clearer boundaries, and stronger noise suppression than com-
peting methods, confirming its effectiveness in cross-domain
segmentation scenarios.

E. Ablation Study

To evaluate the contribution of each key component in
BEANet, we conducted five ablation experiments, summarized
in Table III. The first setting uses the original U-Net as
a baseline for performance comparison. In the second, the
encoder is replaced with a pre-trained ResNet34 to evaluate the
impact of a deeper backbone on semantic feature extraction.
The third variant introduces SE blocks into the center and
decoder to enhance channel feature recalibration. The fourth
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Fig. 5. Visual comparison of breast mass segmentation results on the INbreast
dataset. Showing the original image, ROI image, ground truth, and outputs of
U-Net, Attention U-Net, AUNet, BA-Net, and BEANet

TABLE III
STEPWISE ABLATION STUDY OF BEANET ON THE CBIS-DDSM
DATASET
. DSC | IoU Hausdorff
No. Configuration (%) | (%) | Distance (px)
1 Baseline (U-Net) 82.26 | 71.52 6.09
2 | Group 1 + ResNet34 Encoder | 83.62 | 71.90 5.58
3 Group 2 + SE blocks 84.50 | 74.63 5.43
4 Group 3 + AG blocks 86.19 | 75.75 3.99
Group 4 + Boundary
3 supervision (BEANet) 88.39 | 79.22 2.9

“ Bold indicates the best performance. SE = Squeeze-and-Excitation,
AG = Attention Gate.

adds AG to the skip connections for spatial attention and back-
ground suppression, aiming to improve boundary localization.
Finally, the fifth configuration incorporates the boundary-aware
supervision branch into the full network to assess its effect
on structural modeling and cross-domain generalization. This
stepwise evaluation isolates the contribution of each module
and validates the overall architectural design of BEANet.

As shown in Table III, each component of BEANet con-
tributes positively to overall performance. The original U-Net
serves as the baseline (Group 1), achieving a DSC of 82.26%,
IoU of 71.52%, and a Hausdorff distance of 6.09. In Group
2, replacing the encoder with ResNet34 improves semantic
feature extraction, leading to a DSC of 83.62% and a Hausdorff
distance of 5.58. In Group 3, the addition of SE blocks
further improves performance (DSC: 84.50%, IoU: 74.63%),
indicating the effectiveness of channel attention. Group 4
incorporates AG blocks into the skip connections, resulting
in noticeable boundary refinement and a Hausdorff distance
reduction to 3.99. Finally, Group 5 introduces a boundary su-
pervision branch, which yields the best results (DSC: 88.39%,
IoU: 79.22%, Hausdorff distance: 2.90), confirming its role in
enhancing structural consistency.

This ablation study quantitatively validates the design of
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BEANet and highlights the incremental benefits of each com-
ponent, particularly in improving segmentation accuracy and
boundary delineation.

IV. CONCLUSIONS

In this study, we proposed a BEANet for accurate breast
mass segmentation. By incorporating a ResNet34 encoder, SE
blocks, AG blocks, and a boundary supervision branch, the
model significantly improves both segmentation accuracy and
boundary localization capability. Extensive experiments on the
CBIS-DDSM and INbreast datasets demonstrate that BEANet
achieves superior performance and strong generalization, espe-
cially in challenging cases with blurred boundaries and cross-
domain variations.

In future work, we plan to extend BEANet to support
3D medical image segmentation tasks, such as volumetric
MRI or DCE-MRI analysis. Moreover, we aim to explore its
applicability to multi-organ segmentation and clinical decision
support, further enhancing its potential in diverse medical
imaging scenarios.
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