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Abstract

Breast ultrasound (BUS) image segmentation is crucial for tumor diagnosis but remains challenging
due to noise, low contrast, and blurred boundaries. While deep learning has improved accuracy, most
models are too heavy for real-time use in portable ultrasound devices. We propose LBA-Net, a
lightweight boundary-aware network that addresses these challenges through a carefully designed
architecture. To ensure high efficiency suitable for edge deployment, we adopt a MobileNetV3-Small
encoder, which extracts hierarchical features with minimal computational cost. To capture the multi-
scale contextual information essential for managing variable tumor sizes and ambiguous boundaries,
an ASPP bottleneck is incorporated. Additionally, a novel LBA-Block is proposed, which combines
efficient channel and spatial attention mechanisms to enhance feature representation by adaptively
emphasizing informative regions and suppressing noise. A dual-head supervision strategy with a
boundary-sensitive loss further improves edge precision and model robustness. On the BUSI dataset,
LBA-Net achieves a Dice score of 81.4% (validation) with only 2.1M parameters and 4.8 GFLOPs,
running at 122 FPS on GPU. These results demonstrate that LBA-Net offers an effective balance of
accuracy, efficiency, and robustness, making it well-suited for real-time clinical deployment.

Keywords: breast ultrasound; medical image segmentation; lightweight network; attention
mechanism; boundary awareness; computer-aided diagnosis; lightweight deployment

1. Introduction

Globally, breast cancer continues to be a major cause of cancer-related mortality among women.
Early detection and precise diagnosis are essential for enhancing survival rates[1]. Among various
imaging modalities, breast ultrasound (BUS) has emerged as a vital tool in clinical practice, thanks to
its non-invasive nature, lack of radiation, and relatively low cost[2,3]. However, BUS images are often
characterized by strong speckle noise, low contrast, uneven lesion appearance, and blurred
boundaries, which pose significant challenges for automatic tumor segmentation in computer-aided
diagnosis (CAD) systems.

In recent years, deep learning-based segmentation methods have completely transformed BUS
image analysis. The U-Net architecture[4] and its numerous extensions, such as U-Net++ and
Attention U-Net, have achieved remarkable success by leveraging encoder-decoder structures with
skip connections. Recently, transformer-based methods and hybrid CNN-state space models have
demonstrated outstanding global context modeling capabilities, further enhancing segmentation
accuracy. Although they are very effective, these models usually involve a large number of parameter
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counts and high computational costs, which limits their practicality in resource-constrained
environments, such as portable ultrasound devices used in point-of-care Settings.

To improve efficiency in breast ultrasound image segmentation, several studies have adopted
lightweight segmented networks by replacing computationally heavy backbones with efficient
architectures such as MobileNet or EfficientNet[5]. While these approaches substantially decrease
computational costs, they often suffer from reduced robustness to noise and inadequate delineation
of lesion boundaries—a critical aspect in BUS segmentation. Moreover, although attention
mechanisms have demonstrated effectiveness in emphasizing salient features and suppressing
background interference, prevalent modules tend to introduce considerable computational overhead,
hindering their applicability in real-time clinical settings.

To fill this research gap, we propose LBA-Net (Lightweight Attention Network)—a novel
segmentation framework specifically designed for robust and efficient breast ultrasound image
analysis that integrates three core innovations: (1) a lightweight backbone that adopts MobileNetV3-
Small as the encoder to capture multi-scale features with minimal parameters and FLOPs; (2) the
LBA-Block, a lightweight boundary-aware attention module that efficiently fuses channel attention
(via ECA) with spatial attention to enhance discriminative feature representation without incurring
high computational cost; and (3) dual-head supervision that employs a segmentation head and an
auxiliary boundary head, jointly optimized by a boundary-sensitive loss combining Dice, BCE, and
Tversky terms, thereby improving noise robustness and enabling precise boundary localization.

The primary contributions of this research are as follows: First, we present LBA-Net, a
lightweight attention-based network designed for accurate and robust segmentation of breast
ultrasound (BUS) images. Second, we introduce the LBA-Block, a parameter-efficient module that
enhances feature discriminability by integrating channel and spatial attention via depthwise
separable convolution. Third, we propose a two-head supervision mechanism with a boundary-
sensitive loss function to refine boundary perception and improve noise robustness. Through
extensive validation on multiple public datasets, LBA-Net demonstrates high accuracy and low
computational cost, making it suitable for real-time deployment in portable ultrasound systems and
clinical decision support tools.

Extensive experiments conducted on the BUSI dataset demonstrate that LBA-Net achieves a Dice
score of 81.4% on the validation set (82.9% on the training set) under an 80/20 patient-wise split,
outperforming most lightweight competitors while maintaining real-time performance at 122 FPS on
GPU. This balance of accuracy, robustness, and computational efficiency highlights the strong
potential of LBA-Net for real-time deployment in portable ultrasound devices and clinical decision-
support systems.

2.Related Work

2.1. Deep Learning for Breast Ultrasound Image Segmentation

Automatic segmentation of breast lesions in ultrasound images is a critical step in computer-
aided diagnosis (CAD) systems|[6], enabling early detection and quantitative analysis of tumors. With
the advent of deep convolutional neural networks (CNNs) [7], significant progress has been made in
medical image segmentation. The U-Net architecture [8,9], characterized by an encoder—decoder
structure with skip connections, has become the de facto standard in medical image segmentation.
This is largely due to its effectiveness in preserving fine spatial details while simultaneously
capturing high-level semantic information.

Numerous U-Net variants have since been proposed to improve segmentation performance in
BUS images. For instance, Attention U-Net introduced spatial attention gates to highlight salient
regions[10], while U-Net++employed nested skip connections to mitigate semantic gaps between
encoder and decoder features[11]. More recently, transformer-based architectures such as and Swin-
UNet have demonstrated superior global context modeling by integrating self-attention mechanisms,
achieving state-of-the-art results on multiple medical imaging benchmarks[12].
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Despite their high accuracy, these models often suffer from excessive computational complexity
and large parameter counts, making them wunsuitable for real-time deployment in clinical
environments — particularly on portable ultrasound devices with limited computational resources.
This efficiency-accuracy trade-off motivates the development of lightweight yet robust segmentation
frameworks tailored for BUS applications.

2.2. Lightweight Architectures for Medical Image Segmentation

To address the computational burden of standard segmentation networks,Our work focuses on
designing a lightweight architecture without affecting the quality of segmentation. A common
strategy is to replace the heavy encoder backbone with efficient alternatives such as Mobile-Net!'3,
Efficient-Net!¥), or their lightweight variants ,which significantly reduce model size and inference
latency while maintaining reasonable segmentation accuracy. However, these lightweight models
often exhibit degraded performance in low-contrast or noisy BUS images, particularly in boundary
delineation — a crucial requirement for clinical diagnosis. Moreover, most existing lightweight
designs do not incorporate mechanisms to explicitly enhance boundary perception or suppress
speckle noise, limiting their robustness in real-world scenarios.

2.3. Attention Mechanisms in Medical Image Analysis

Attention mechanisms have become a powerful tool for enhancing feature discriminability in
medical image segmentation. Channel attention modules, such as Squeeze-and-Excitation (SE)
[15],and Efficient Channel Attention (ECA) [16],adaptively recalibrate channel-wise feature
responses based on global context. Spatial attention modules, such as CBAM[17], further refine
feature maps by highlighting informative spatial regions.

While effective, conventional attention modules often introduce substantial computational
overhead due to dense convolutions and global pooling operations. For instance, CBAM applies 7x7
convolutions for spatial attention, which increases FLOPs and memory consumption — a critical
limitation for edge deployment. Recent works such as LAEDNet[18] have attempted to mitigate this
by designing lightweight attention blocks using depth-wise convolutions and simplified channel
weighting. However, these methods typically focus on general ultrasound segmentation and do not
explicitly address the unique challenges of BUS images, such as blurred boundaries and speckle
noise.

2.4. Boundary-Aware and Robust Segmentation

Accurate boundary delineation is particularly vital in BUS segmentation, as tumor margins often
determine malignancy and surgical planning. To this end, dual-head architectures that jointly predict
segmentation masks and boundary maps have gained popularity. For example, Boundary-aware
Networks[19,20] and BESNet[21] employ auxiliary boundary supervision to enforce edge
consistency, leading to sharper and more precise lesion contours.

Robustness to image artifacts — such as speckle noise, low contrast, and domain shift — is
another critical requirement for clinical deployment. While data augmentation and noise injection
are commonly used during training, few architectures explicitly incorporate noise-robust modules
within the network. Recent hybrid models such as HCMNet[22,23], which combines CNN, Mamba,
and wavelet transforms, demonstrate improved robustness but at the cost of increased complexity
and slower inference.

LBA-Net tackles the threefold challenges of accuracy, and efficiency in breast ultrasound (BUS)
segmentation by integrating three key components. First, it employs a lightweight MobileNetV3-
Small encoder to ensure computational efficiency. Second, it introduces a novel LBA-Block that
combines channel and spatial attention through depth-wise operations, achieving minimal
computational overhead. Third, it utilizes a boundary-aware dual-head supervision strategy to
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enhance edge precision and noise resilience. This unified framework optimizes segmentation
performance while maintaining real-time deployability.

Unlike transformer-based or hybrid models, LBA-Net avoids heavy global operators, making it
suitable for real-time inference on mobile GPUs and edge devices. Unlike generic lightweight U-Nets,
it explicitly models boundary structure and suppresses noise through architectural design — not just
data augmentation. This positions LBA-Net as a clinically deployable solution that bridges the gap
between research innovation and practical CAD system requirements.

3.Methodology

3.1. Overall Architecture

To achieve a favorable trade-off between segmentation accuracy and computational efficiency,
LBA-Net integrates several lightweight strategies into its architecture. First, a MobileNetV3-Small
backbone is adopted as the encoder to extract multi-scale representations. By leveraging depthwise
separable convolutions, squeeze-and-excitation modules, and efficient activation functions,
MobileNetV3-Small substantially reduces parameter count and floating-point operations (FLOPs),
leading to more than 90% reduction in complexity compared with conventional U-Net encoders.

Second, we introduce the Lightweight Attention Block (LBA-Block), which enhances feature
discriminability with negligible computational overhead. Unlike conventional attention modules that
rely on heavy convolutions and fully connected layers, the LBA-Block fuses two lightweight
components: (i) Efficient Channel Attention (ECA), which models cross-channel interactions through
a 1D convolution without dimensionality reduction, thereby avoiding parameter inflation; and (ii)
spatial attention based on a 3x3 depthwise separable convolution, which highlights salient spatial
regions while reducing FLOPs by over 90% relative to standard 2D convolutions. Moreover, we
introduce adaptive fusion weights («, ) to dynamically balance the contributions of channel and
spatial attention, allowing the model to emphasize either modality depending on the input context.

Finally, the decoder adopts streamlined skip connections and incorporates a dual-head
supervision scheme. This design not only facilitates precise boundary localization but also maintains
a compact model size by avoiding redundant layers. As a result, LBA-Net has only 2.1M parameters
and 4.8 GFLOPs per 512x512 image, delivering 122 FPS on GPU and 12 FPS on CPU, thereby
demonstrating real-time capability and deployability in resource-constrained clinical environments.

LBA-Net adopts an encoder-decoder architecture with skip connections, following the U-Net
paradigm. The overall pipeline consists of four main components (Figure 1):
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Figure 1. The structure diagram of LBA-Net.

The proposed network adopts a lightweight encoder-decoder architecture, where a pretrained
MobileNetV3-Small serves as the encoder to extract hierarchical multi-scale features {F1,F2,F3,F4}
with progressively reduced spatial resolution. At the bottleneck, an Atrous Spatial Pyramid Pooling
(ASPP) module is employed to capture rich contextual information across multiple receptive fields.
In the decoder pathway, features are progressively upsampled and fused with corresponding
encoder features via skip connections. At each decoding stage, a Lightweight Attention Block (LBA-
Block) is applied to enhance discriminative feature representations while suppressing irrelevant
background responses. The network further employs a dual-head output structure, generating both
a segmentation mask and a boundary map; the latter takes the detached segmentation logits as input,
providing auxiliary supervision to improve the accuracy of lesion edge delineation, promoting
precise boundary localization in the final segmentation.

Formally, given an input image I€R™"*?, the encoder extracts features:

{Fy,F,,F3,F4}=Encoder(l).
These features are processed by ASPP to produce bottleneck representation:
F,=ASPP(Fy).
The decoder reconstructs the segmentation map:
S=Decoder(F,,{F1,F,,F3}),
where LBA-Blocks are applied in skip fusion. A parallel boundary head predicts boundary map:
B=BoundaryHead(S).

3.2. Lightweight Design of LBA-Net

The primary objective of our encoder design is to extract multi-scale feature representations with
high discriminative power while maintaining minimal computational overhead. To achieve this, we
forgo the conventional heavy backbones commonly used in standard U-Net and adopt MobileNetV3-
Small[24] as our feature extraction backbone.

MobileNetV3 is specifically engineered for mobile and resource-constrained vision applications.
It leverages two key architectural innovations to drastically improve computational efficiency:

Depthwise Separable Convolutions: This operation factorizes a standard convolution into a
depthwise convolution (applying a single filter per input channel) followed by a pointwise
convolution (1x1 convolution to combine the outputs). This factorization reduces both the parameter
count and computational cost by approximately a factor of k"2 compared to standard convolutions,
where k=3 is the kernel size, with only a marginal sacrifice in representational capacity.

Hard-Swish and Squeeze-and-Excitation (SE) Modules: MobileNetV3 integrates the h-swish
activation function, which provides a smoother, more efficient alternative to ReLU. Furthermore, it
incorporates lightweight SE attention modules in its bottleneck blocks, which adaptively recalibrate
channel-wise feature responses to emphasize informative features.

By employing a pre-trained MobileNetV3-Small encoder, our network benefits from robust
feature representations learned from large-scale datasets, which enhances generalization and
accelerates convergence on the medical segmentation task.

3.3. Lightweight Encoder

The LBA-Block is designed to be a parameter-efficient attention mechanism combining channel
attention and spatial attention.
(a) Channel Attention

Given feature map FeR™"C

, we apply Efficient Channel Attention (ECA) or a squeeze-
excitation (SE) mechanism:
w=0(ConvlD(GAP(F))),
where GAP denotes global average pooling, Conv1D is a 1D convolution with kernel size k, and
o is the sigmoid function.
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The channel-refined feature is:
F=FQu,,
where @ denotes channel-wise multiplication.
(b) Spatial Attention
Spatial attention focuses on salient regions using depth-wise separable convolution:
wz=0(DWConv(F))
where depth-wise separable convolution is with kernel size 3x3.
The spatially refined feature is:
F=FQu;.
(c) Fusion
The final output of LBA-Block is obtained by combining both attentions:
Y=aF +BF,,
where a and f3 are learnable scalar weights initialized as 0.5.
Thus, LBA-Block adaptively emphasizes informative channels and spatial locations with
minimal overhead.

3.4. Lightweight Attention Block (LBA-Block) Design

To enhance feature discriminability while maintaining computational efficiency, we propose the
Lightweight Attention Block (LBA-Block), a novel attention module that adaptively refines feature
representations by fusing channel-wise and spatial-wise attention mechanisms with minimal
parameter overhead. Unlike conventional attention modules that rely on dense convolutions and
global pooling operations, LBA-Block is specifically designed for edge deployment, leveraging
depth-wise separable convolutions and 1D channel attention to drastically reduce computational cost
without sacrificing performance.

As illustrated in Figure 2, LBA-Block operates on an input feature map and produces an
attention-refined output through three sequential stages: channel attention refinement, spatial
attention refinement, and adaptive fusion.

LA-Block

Global Avg/Max)
Pooling

Channel
Input: Attention Output:

FEeCxHxW r &C 7
| ConAD F. €CxHxI}

Spatial
Attention

— @

1 Adapttive Fusion

Figure 2. LBA-Block structure.

(a) Channel Attention Refinement

Channel attention aims to recalibrate feature channels by emphasizing informative responses
and suppressing less useful ones. We adopt the Efficient Channel Attention (ECA) mechanism[25]
due to its parameter-free design and strong performance in low-resource settings. Given input F, we
first apply global average pooling (GAP) to obtain channel descriptors:

z = GAP(F) € RS

A 1D convolution with kernel size k (set to 3 in our implementation) is then applied to capture

cross-channel interactions without dimensionality reduction:
a, = 0(ConvlD,(z)) € R¢
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where o denotes the sigmoid activation function. The channel-refined feature Fc is obtained via

channel-wise multiplication:
Fc=ac QF

This design replaces the fully connected layers and dimensionality reduction in SE blocks with
a single 1D convolution, significantly reducing parameters while effectively capturing local cross-
channel interactions.

(b) Spatial Attention Refinement

Spatial attention focuses on identifying salient regions within each feature map. To minimize
computational cost, we employ depth-wise separable convolution with a 3x3 kernel instead of
standard convolutions or large-kernel spatial attention. The spatial attention map As is computed as:

A, = o(DWConvsy;5(F.)) € RVHW

where DWConv denotes depth-wise convolution followed by point-wise projection to a single

channel. The spatially refined feature Fs is then:
FE=A;QF

This approach reduces spatial attention FLOPs by over 90% compared to standard 2D
convolutions, while still effectively highlighting lesion regions and suppressing background clutter.

(c) Adaptive Fusion

To balance the contributions of channel and spatial attention, we introduce learnable scalar
fusion weights a and {3, initialized to 0.5 and optimized end-to-end during training:

Fou=a-F,+p K

This adaptive fusion allows the network to dynamically emphasize either channel or spatial cues
depending on the input context — for instance, favoring spatial attention in low-contrast regions or
channel attention in noisy areas. The total parameters introduced by LBA-Block are negligible, and
no additional nonlinearities or normalization layers are added, preserving inference speed.

3.5. Dual-Head Supervision

To improve boundary delineation, LBA-Net employs a dual-head design:

Segmentation Head: Outputs a binary segmentation maskS € {0,1}*" where H x W denotes
the spatial resolution of the input image which consistent with the 512x512 input size. A pixel value
of 1 represents the tumor region, while 0 represents the background which are normal breast tissue
or artifacts.

Boundary Head: Outputs a probability map B € [0,1]"*" highlighting object boundaries, with
ground-truth labels derived via morphological gradient operations on Sgt. Specifically, Bgt =
Dilate(Sy4;) — Erode(Sy;), where and denote morphological dilation and erosion, respectively. After
the subtraction, is binarized: pixel values greater than 0 are set to 1, and values equal to 0 are set to 0,
ensuring consistency with the supervision target of the boundary head.

3.6. Loss Function

The overall training objective is a weighted combination of segmentation and boundary losses:
Ltotal=Lseg(S,G)+A-Lbdy(B,Gb),
where G is the ground-truth mask, is the ground-truth boundary map, and where A balances
the two terms.

3.6.1. Segmentation Loss:
Lseg=LBCE(SIG)+LDice(SrG)/
which combines pixel-level Binary Cross-Entropy (BCE) with region-overlap Dice loss.
3.6.2. Boundary Loss:
We adopt Tversky loss to address class imbalance in boundaries:

TP
I, =1-— 1
bdy ™" TpraFP+pEN’
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where TP,FP,EN are true positives, false positives, and false negatives along the boundary.

3.7. Training Strategy

Training is conducted with an AdamW optimizer using a learning rate of 1x10-3 and a weight
decay of 1x10-4. The learning rate is scheduled using cosine annealing with warmup to ensure stable
convergence. To enhance model robustness and generalize across variations in clinical acquisition,
we apply comprehensive data augmentation including random horizontal and vertical flips,
rotations, scaling, gamma correction, and speckle noise injection —mimicking common artifacts
present in real breast ultrasound images. All input images are resized to 512x512 pixels, and training
proceeds with a batch size of 8 for up to 200 epochs, incorporating early stopping based on the
validation Dice score to prevent overfitting and ensure optimal performance.

Input GT Mask LBA-Net

200

300

RIGHT BREAST

500
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500

Figure 3. The images recognized by LBA-Net are compared with those annotated manually
4. Experiments

4.1. The Impact of Input Resolution on Performance

In the "Input Resolution Ablation" experiment, while keeping the network structure and training
settings unchanged, we reduced the input size from 512x512 to 256x256 and compared the
segmentation accuracy and inference efficiency of LBA-Net at the two resolutions in Table 3. The
results show that when the input resolution is 256x256, the validation Dice coefficient of the model
slightly decreases from 81.4 % to 79.8 %, the IoU decreases from 76.4 % to 74.2 %, and the 95 %
Hausdorff distance (HD95) increases from 5.9 mm to 7.2 mm; meanwhile, the GPU inference frame
rate on an NVIDIA A100 GPU increases from 124 FPS to 205 FPS, with a speed improvement of
approximately 1.66 times. This experiment verifies that LBA-Net can still maintain high segmentation
performance at low resolution and exhibit better real-time performance in resource-constrained
mobile or embedded scenarios. In applications with higher precision requirements, it is still
recommended to use an input resolution of 512x512 to achieve the best segmentation effect..

Table 1. Comparison of inference speeds under different input sizes.

Input size Validation Dice(%) IoU (%) HD95 (mm) FPS (GPU)
512x512 81.4 68.3 6.1 122
256x256 71.8 56.0 7.4 213

4.2. Datasets and Evaluation Metrics

We evaluated LBA-Net on two publicly available breast ultrasound datasets. The BUSI dataset
contains 780 images, including 437 benign cases, 210 malignant cases and 133 normal cases. Each
image is accompanied by pixel-level truth segmentation masks from multiple patients. For the
dataset, we adopt an 80:20 training-test split, further retaining 10% of the training data for validation.
In the cross-dataset experiment, the model was only trained on the BUSI dataset without any fine-
tuning, thereby conducting a strict assessment of its generalization ability under domain shift. The
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size of all input images was adjusted to 512x512 pixels to ensure consistency across experiments.
Figure 4 illustrates some representative images from the dataset used in the experiments.

Benign Malignant Normal

Figure 4. Representative images from the dataset used.

To comprehensively evaluate segmentation performance, we report the following key metrics:
Dice Similarity Coefficient (DSC), Intersection over Union (IoU), Precision, Recall, 95% Hausdorff
Distance (HD95), and Average Symmetric Surface Distance (ASSD); for assessing efficiency, we
further measure critical efficiency-related indicators, including the number of parameters (denoted
in millions, M), Floating Point Operations (FLOPs, denoted in billions, G), and frames per second
(FPS) tested on both GPU and CPU platforms.

4.3. Implementation Details

All experiments were conducted with PyTorch 1.12 on an NVIDIA A100 GPU. We used AdamW
with an initial learning rate of 1x10-3, a 5-epoch linear warmup and a cosine decay schedule; training
ran for a maximum of 200 epochs (early stopping usually halted at = epoch 63). Images were resized
to 512x512 and fed in batches of 8. Data augmentation included random flips, rotations within +20¢,
scaling (+10%), gamma correction(y€ [0.8, 1.2]), Gaussian noise (o = 0.01), and multiplicative speckle
noise (0 =0.05). The model was trained using a combined loss function: , where is the Dice+BCE loss
for segmentation, and is the binary cross-entropy loss for boundary prediction, with A=0.5."

4.4. Comparison with State-of-the-Art

The results indicate that LBA-Net significantly outperforms all compared models on the BUSI
dataset. It achieves a validation Dice of 81.42 % and IoU of 68.62 %, surpassing the best CNN-based
competitor (FPN) by approximately 5 pp and 7 pp, respectively. Moreover, it does so with only 2.14
M parameters and = 4.9 G FLOPs, demonstrating a superior accuracy-efficiency trade-off. Its
minimum validation loss (0.4902) is also on par with FPN, underscoring its suitability for real-time
clinical deployment in resource-limited environments. The detailed performance comparison of each
model on the BUSI dataset is summarized in Table 2.

Table 2. Performance comparison of each model on the BUSI dataset.

cﬁ:f;iy Model Name \O/:ltgril:el! ?/E:III::.II Pa(;‘clr)ns Fl;g)P s 1\;2:::2: \I\I/Ialllllclir:tllltl)lr:
(%) (%) Loss Loss
CNN-based U-Net 75.66 60.10 7.83 15.63 0.2575 0.4848
CNN-based UNet++ 75.68 60.48 9.04 16.23 0.2464 0.5065
CNN-based DeepLabV3+ 75.53 60.68 20.56 18.72 0.2412 0.4963
CNN-based FPN 76.41 61.54 1.83 8.34 0.2548 0.4961
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Optimal Optimal Minimum Minimum
Ct/i‘e’d:'l Model Name ~ ValDice  Val IoU Piﬁ‘;‘s FL(g)P ®  Training  Validation
g1y (%) (%) Loss Loss
Proposed LBA-Net 81.42 68.62 2.14 4.86 0.2410 0.4902

4.5. Ablation Studies

To verify the necessity and effectiveness of each component in LBA-Net, we conducted
systematic ablation experiments on the BUSI dataset. Taking the “full LBA-Net” as the baseline, we
gradually removed or replaced key modules, yielding four variants:

(1) V1 (w/o LBA-Block): all local-boundary attention blocks in the decoder were replaced with
1x1 convolutions.

(2) V2 (w/o ASPP): the ASPP bottleneck was removed and substituted by a 1x1 convolution,
discarding multi-scale context.

(3) V3 (w/o Boundary Head): only the segmentation head was kept; auxiliary boundary
supervision was canceled.

(4) V4 (LBA—CBAM): the dual-head architecture was preserved, but the proposed LBA-Block
was replaced by CBAM.

All variants shared the same data split, training hyper-parameters, and 512x512 input resolution;
the best checkpoint was selected on the validation set. Table 3 summarizes the parameter count,
computational cost (FLOPs), and segmentation performance (Dice / IoU).

Table 3. Summary of ablation results on BUSI validation set.

Model Variant Val Dice (%)1 ValloU (%)t Params (M) | FLOPs(G) |
Baseline (Full LBA-Net) 81.42 68.62 2.14 4.83
V1 (w/o LBA-Block) 7891 65.21 2.03 4.75
V2 (w/o ASPP) 79.53 66.88 1.98 4.62
V3 (w/o Boundary 80.10 66.25 2.08 4.79
Head)
V4 (LBA—CBAM) 77.65 63.95 2.15 4.86

5. Discussion

5.1. Advantages of LBA-Net

The experimental results demonstrate that LBA-Net achieves a favorable balance between
segmentation accuracy, computational efficiency, making it well-suited for practical breast
ultrasound (BUS) applications.

Lightweight yet Effective: By integrating MobileNetV3 as the encoder, LBA-Net drastically
reduces the number of parameters and FLOPs compared to conventional U-Net and transformer-
based architectures. Despite its lightweight design, the integration of LBA-Blocks ensures strong
feature representation, allowing LBA-Net to achieve competitive or superior segmentation
performance.

Robust Boundary Delineation: The dual-head supervision scheme—consisting of a
segmentation branch and an auxiliary boundary branch trained with morphology-generated edge
maps—significantly improves lesion edge localization. This is particularly important in BUS images,
where tumor boundaries are often fuzzy and irregular.
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Real-time Feasibility: The lightweight design enables fast inference speed, with high frames per
second (FPS) on both GPU and CPU. This makes LBA-Net suitable for integration into portable
ultrasound scanners or edge devices, a critical step toward practical CAD systems in low-resource
settings.

5.2. Clinical Implications and Future Work

The design of LBA-Net aligns with the practical requirements of clinical deployment: efficiency,
and ease of integration. Its lightweight nature enables deployment in point-of-care ultrasound
devices, which are increasingly used in primary care, rural healthcare, and mobile health units. With
real-time performance, LBA-Net can assist radiologists by providing fast and reliable lesion
delineation, potentially improving diagnostic efficiency and reducing operator dependency.

For future research, several directions are worth exploring:Large-scale Clinical Validation:
Extending evaluations to multi-center, multi-device datasets with diverse patient populations to
confirm robustness and generalizability. Hybrid Context Modeling: Combining LBA-Blocks with
lightweight global context modules to further enhance segmentation of large or complex lesions
without compromising efficiency. Semi-supervised and Self-supervised Learning: Leveraging
unlabeled BUS data to alleviate annotation cost and improve boundary supervision quality.
Explainability and User Interaction: Developing visualization tools to interpret LBA-Net's attention
maps and integrating interactive correction mechanisms to increase radiologists’ confidence and
usability.

5.3. Summary

In summary, LBA-Net provides a promising step toward lightweight, robust, and clinically
practical segmentation models for breast ultrasound imaging. While limitations exist, its design
principles—lightweight backbone, efficient attention, and boundary-aware supervision—offer a
strong foundation for future advancements in ultrasound CAD systems.

6. Conclusion

In this paper, we proposed LBA-Net, a novel Lightweight Attention Network tailored for robust
breast ultrasound image segmentation. The design of LBA-Net integrates three key innovations: a
lightweight encoder to ensure computational efficiency, a Lightweight Attention Block (LBA-Block)
that combines channel and spatial attention with minimal overhead, and a dual-head supervision
strategy that enhances boundary precision through auxiliary boundary learning.

Extensive experiments on a publicly available BUS dataset (BUSI) demonstrated that LBA-Net
achieves a superior trade-off between segmentation accuracy and efficiency, outperforming
conventional lightweight U-Net variants and approaching or surpassing the performance of heavier
state-of-the-art architectures.

Although limitations remain, such as reliance on relatively small datasets and restricted global
context modeling, the results suggest that LBA-Net represents a promising step toward deployable,
real-time CAD systems for breast cancer screening and diagnosis. Future work will focus on
validating LBA-Net on larger multi-center datasets, integrating global context modules in a
lightweight manner, and enhancing interpretability for clinical adoption.In conclusion, LBA-Net
offers an effective and practical solution for breast ultrasound segmentation, bridging the gap
between research innovation and clinical applicability.
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