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Abstract- Context: Accurate segmentation of breast masses in mammographic 

images is a critical step for early breast cancer detection and effective clinical 

decision-making. However, this task remains challenging due to variability in mass 

appearance, low contrast with surrounding tissues, and complex anatomical 

structures. Objective: This study proposes a novel deep learning framework based 

on an attention-guided U-Net architecture, specifically designed for the 

segmentation of suspicious masses in mammograms. The primary objective is to 

investigate the impact of integrating attention gates into the U-Net structure and to 

evaluate how these mechanisms influence the accuracy and robustness of mass 

segmentation. Method: Attention gates are embedded within the skip connections 

and function by dynamically highlighting relevant features from the encoder while 

suppressing less informative regions. This selective focus enables the model to more 

accurately delineate the often subtle boundaries of breast masses. Results: The 

proposed model is evaluated on the publicly available INbreast mammography 

dataset, and its performance is compared against the baseline U-Net and other state-

of-the-art segmentation methods. Quantitative results demonstrate that the attention-

enhanced U-Net significantly outperforms its counterparts in segmentation 

accuracy, particularly in challenging cases involving dense breast tissue or ill-

defined masses. Conclusions: This study highlights the effectiveness of attention 

mechanisms in enhancing mammographic mass segmentation and represents a 

valuable step toward more intelligent and reliable Computer-Aided Diagnosis 

(CAD) systems for breast cancer. 

Keywords- Attention Gateway U-net, Breast Cancer, Mammography, 

Segmentation. 
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1. Introduction  

Breast cancer continues to be a major public health concern, ranking as the most commonly diagnosed cancer among 

women worldwide and representing a leading cause of cancer-related mortality. According to recent statistics from the 

World Health Organization (WHO) and the International Agency for Research on Cancer (IARC), the global incidence 

of breast cancer has been steadily increasing, with over 2.3 million new cases diagnosed annually [1]. Early and 

accurate detection remains the cornerstone of effective breast cancer management, significantly improving survival 

rates and enabling less aggressive treatment regimens. Mammography is widely recognized as the gold standard 

imaging technique for breast cancer screening due to its cost-effectiveness, non-invasiveness, and proven sensitivity in 

detecting early-stage lesions. Despite its advantages, mammographic image interpretation poses significant challenges, 

particularly in women with dense breast tissue, where overlapping anatomical structures can obscure masses and lead 

to diagnostic ambiguity [2]. Masses in mammograms can present with highly variable appearances in terms of size, 

shape, margin sharpness, and texture, making the accurate identification and segmentation of suspicious lesions a 

complex task even for experienced radiologists. Computer-Aided Diagnosis (CAD) systems have been developed to 

support radiologists and reduce diagnostic variability, with mass segmentation constituting a critical step in the CAD 

pipeline. Precise segmentation enables the delineation of tumor boundaries, facilitating the extraction of morphological 

and textural features essential for lesion characterization and classification. However, traditional segmentation methods 

such as region-growing, thresholding, active contour models, and level sets often lack robustness and generalization 

capability, especially in the presence of imaging artifacts, noise, and diverse lesion characteristics. The emergence of 

deep learning, particularly Convolutional Neural Networks (CNNs), has revolutionized the field of medical image 

analysis. CNN-based segmentation models have shown remarkable success across a variety of biomedical applications, 

offering automated, data-driven solutions that adaptively learn complex feature hierarchies from imaging data [3]. 

Among these models, the U-Net architecture has become a dominant approach in medical image segmentation due to 

its ability to preserve fine-grained spatial details through symmetric encoder–decoder structures and skip connections. 

However, a significant limitation of the traditional U-Net lies in its treatment of skip connections, which transfer all 

encoder features to the decoder without assessing their relevance. This can lead to the inclusion of redundant or 

misleading features, particularly problematic in mammography where the contrast between abnormal and normal tissue 

is often subtle. To address this issue, recent advances have introduced attention mechanisms into U-Net-based 

frameworks, enabling models to selectively focus on informative regions while suppressing irrelevant background 

[4][5][6]. 

In this work, we propose an attention-guided U-Net architecture for mass segmentation in mammography images, 

designed to overcome the limitations of standard segmentation approaches. Our method integrates spatial attention 

gates into the skip connections of the U-Net, enhancing the model’s ability to highlight salient regions associated with 

suspicious masses and attenuate non-relevant structures. These attention gates operate by leveraging contextual cues 

from deeper layers to modulate encoder features before fusing them with decoder representations, thereby refining the 

segmentation process. The contributions of this study are threefold: 

 We design a novel deep learning framework based on an attention-enhanced U-Net architecture, specifically 

tailored for the challenges of breast mass segmentation in mammograms. 

 We incorporate attention gates into the skip connections to dynamically weight feature importance, thereby 

improving boundary localization and segmentation accuracy in dense or low-contrast breast tissue. 

 We conduct a comprehensive evaluation of the proposed model on benchmark mammography datasets 

INbreast, demonstrating significant improvements over baseline U-Net and traditional segmentation 

approaches in terms of both quantitative metrics and visual accuracy. 
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This work aims not only to advance the state-of-the-art in automated breast mass segmentation but also to lay the 

groundwork for future integration into clinically viable CAD systems. By improving segmentation reliability and 

precision, our approach holds the potential to support radiologists in early cancer detection, risk assessment, and 

personalized treatment planning. The remainder of the paper is organized as follows: Section 2 reviews related work on 

breast mass detection and segmentation. Section 3 describes the proposed methodology, including the architectural 

design and attention mechanism. Section 4 presents the experimental setup, datasets, and evaluation metrics, followed 

by the results and a comparative analysis. Finally, Section 5 concludes the paper and outlines potential future 

directions. 

2. Related works 

Breast mass segmentation is a critical step in CAD systems for breast cancer. Numerous researchers have proposed a 

wide range of approaches, from traditional image processing to sophisticated hybrid models integrating deep learning, 

aiming to improve the accuracy and robustness of mass segmentation [7]. 

Early methods focused primarily on classical image processing techniques, such as thresholding, region-growing, and 

watershed segmentation. While these approaches laid the groundwork for computer-assisted breast imaging, they often 

suffered from sensitivity to noise, variability in mass appearance, and dependency on manual parameter tuning. A 

researcher [8] proposed a novel method based on texture gradient for segmenting the pectoral muscle, involving the 

Hough transform, polynomial modeling, and Euclidean distance regression. Although effective in many cases, this 

method struggled when the muscle had low contrast or small size. Similarly, [9]  introduced an automated technique 

combining a genetic algorithm, morphological selection, and polynomial curve fitting, achieving promising results on 

mini-MIAS, DDSM, and INBreast datasets but encountering difficulties in dense tissue regions and with complex mass 

boundaries. 

The integration of CNNs marked a significant advancement in mass segmentation. Architectures such as U-Net, which 

combine encoder-decoder structures with skip connections, became particularly influential. [10] developed a U-Net-based 

model enhanced with preprocessing and data augmentation, achieving high Dice scores and specificity on the DDSM dataset. 

However, the model's inability to encode object position and orientation limited its effectiveness, particularly on low-resolution 

images. While U-Net allowed for more precise localization even with limited data, further enhancements were needed to 

effectively manage complex structures and dense breast tissue. 

Other studies explored hybrid pipelines that integrate segmentation with classification. [11] proposed a method that 

extracts regions of interest (ROIs) using rough set theory, followed by the application of vector field convolution 

features combined with Random Forest classification. While accurate, the approach was computationally intensive and 

thus unsuitable for real-time clinical deployment. In [12], the authors addressed misalignment issues in mammograms 

through an atlas selection method based on clustering. This improved segmentation performance on the DDSM and 

mini-MIAS datasets but relied on prior image information, limiting its generalizability across diverse datasets. 

In parallel, [13] introduced a technique using active contour models and edge detection to segment both the pectoral 

muscle and breast boundary, achieving high Dice similarity scores. [14] employed a metaheuristic algorithm (EML) for 

automatic segmentation of suspicious regions, although the method's convergence time remained a limitation, 

particularly for large datasets or high-resolution images. 

Recognizing the challenges of classical methods, researchers began integrating attention mechanisms into deep 

learning architectures. [15] proposed an enhanced U-Net model incorporating attention gates, leading to significant 

improvements in segmentation accuracy on the DDSM dataset, albeit with increased computational demands.  [16]  
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introduced a method combining the Spiking Cortical Model (SCM) with an improved Chan-Vese algorithm, achieving 

precise boundary delineation and high specificity. 

Earlier traditional approaches relied heavily on handcrafted features, including wavelet coefficients, texture descriptors, 

and morphological characteristics (e.g., shape regularity and spiculated margins) to differentiate benign from malignant 

lesions [17][18]. However, these methods were limited by high computational cost and low feature expressiveness 

[19]. 

U-Net, introduced in [20], is particularly notable for its encoder–decoder structure with skip connections, which 

enables precise localization and contextual understanding even with limited training data. To further improve U-Net’s 

performance, attention mechanisms have been integrated, allowing the model to focus on relevant regions of the image. 

The Attention U-Net incorporates attention gates that suppress irrelevant regions in the input image while highlighting 

salient features relevant to the segmentation task. This modification has been shown to enhance accuracy across 

various medical image segmentation challenges. 

Recent studies have proposed various enhancements to the Attention U-Net architecture: 

 Adaptive Attention U-Net (AAU-Net): [21] introduced AAU-Net, which integrates a hybrid adaptive attention 

module comprising channel and spatial self-attention blocks. This design enables the network to capture more 

discriminative features under different receptive fields, improving segmentation performance on complex 

ultrasound images. 

 Explainable Attention-Based Models: A study published in Scientific Reports presented an Attention U-Net 

model for breast cancer segmentation using the BUSI dataset. The model achieved high accuracy in delineating 

tumor boundaries, demonstrating the efficacy of attention mechanisms in enhancing model interpretability and 

performance [6].  

 Attention-Enhanced U-Net: [22] proposed an Attention-Enhanced U-Net architecture that integrates attention 

blocks into the U-Net framework. This models like YOLOv5, YOLOv8 [23] [24] and Mask R-CNN [25] in 

breast cancer segmentation tasks [22].  

 Recurrent Attention U-Net: AlJabri et al. developed a Recurrent Attention U-Net model for the segmentation 

and quantification of breast arterial calcifications in synthesized model achieved a Dice similarity coefficient 

of 90.5% on a dataset of 510 images, outperforming other  

 2D mammograms. By incorporating recurrent mechanisms and attention modules, the network's ability to 

focus on relevant features across different layers was enhanced [26].  

 Dual Attention-Aided U-Net (DAU-Net): A novel segmentation method, DAU-Net, was designed to detect 

tumors in breast ultrasound images. This architecture employs dual attention mechanisms to improve the 

network's focus on pertinent regions, enhancing segmentation accuracy [5].  

These advancements underscore the importance of integrating attention mechanisms into deep learning architectures 

for medical image segmentation. While attention-enhanced networks have demonstrated superior performance in 

delineating complex structures like breast tumors, they also introduce additional computational demands, 

highlighting the ongoing need for optimization strategies to balance accuracy and efficiency. 

3. Materials and methodologies  

In this study, we propose a deep learning framework for the segmentation of breast masses in mammography images, 

employing an attention-enhanced U-Net architecture. Accurate segmentation of masses is a critical step in the early 

diagnosis and characterization of breast cancer, yet it remains a challenging task due to the low contrast between 

malignant regions and surrounding tissues, the variability in mass shapes and sizes, and the presence of dense breast 
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tissue. Our architecture addresses these challenges by leveraging a symmetric encoder–decoder design, enriched with 

attention mechanisms that selectively focus on clinically relevant mass regions. 

The encoder is responsible for extracting rich hierarchical features while gradually reducing the spatial resolution, 

capturing both contextual and textural patterns indicative of breast pathology. While skip connections help retain 

spatial information lost during down-sampling, they often carry redundant or irrelevant background features. To 

alleviate this, we incorporate attention gates into the skip pathways. These gates dynamically generate attention maps 

by integrating semantic information from the decoder with spatial features from the encoder, effectively filtering out 

noise and highlighting salient mass regions. This guided feature selection improves the network's ability to localize and 

segment masses, particularly in heterogeneous breast tissues. The proposed framework is highly suitable for use in 

clinical CAD systems, where accurate delineation of breast masses can significantly aid in cancer risk assessment and 

treatment planning. Moreover, the precise boundary localization achieved by the attention-guided network holds 

potential for downstream tasks such as malignancy classification and radiomic analysis. In summary, the proposed 

attention-enhanced U-Net architecture provides a robust and interpretable solution for mass segmentation in 

mammography, thereby contributing to the development of reliable automated diagnostic tools. 

3.1. Network architecture 

The proposed architecture consists of three primary components—Encoder Blocks, Decoder Blocks, and Attention 

Gates—as depicted in Figure 1. 

A. Encoder blocks 

Each encoder block is designed to capture increasingly abstract representations of the input mammogram. It consists of 

two consecutive convolutional layers with 3×3 kernels and ReLU activation, followed by a dropout layer to prevent 

overfitting. Optionally, a max pooling layer is applied to reduce spatial dimensions and capture broader contextual 

information. Each block outputs a down sampled feature map for deeper layers and a            . 

B. Decoder blocks 

The decoder blocks reconstruct the segmentation mask by sequentially up sampling the feature maps and refining them 

through convolutional layers. Each up sampled feature map is concatenated with its corresponding attended skip 

connection from the encoder. This fused representation is processed through a convolutional module similar in 

structure to the encoder, but without pooling, enabling the recovery of high-resolution segmentation masks that 

preserve both context and anatomical precision. 

C. Attention gates 

Attention gates play a crucial role in enhancing the focus of the model on relevant breast regions, particularly the 

masses. Each gate receives a gating signal from a deeper decoder layer and a skip connection from the encoder. These 

inputs are processed through convolutional layers, summed, and passed through a ReLU activation, followed by a 

sigmoid-activated convolutional layer to generate an attention map. The resulting map is then upsampled and applied 

to the original skip connection via element-wise multiplication, producing a filtered, context-aware feature map. This 

selective focus helps suppress normal tissue while emphasizing abnormal masses. 
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Figure 1. Architecture of proposed method. 

3.2. Overall pipeline 

The segmentation pipeline begins with the encoding of the input mammogram via a stack of encoder blocks that 

capture multi-scale contextual features while progressively reducing spatial dimensions. The bottleneck layer at the 

deepest point of the network represents the most abstracted semantic encoding of the input image. During decoding, 

each stage includes an Upsampling operation and a concatenation with the corresponding attended encoder features. 

This combination is processed by the decoder block to refine the segmentation. Finally, a 1×1 convolution with 

sigmoid activation is applied to generate the segmentation mask, delineating the breast mass with pixel-level precision. 

This attention-guided segmentation framework is particularly effective in distinguishing pathological tissue from 

surrounding structures in dense breast tissues, a known challenge in mammographic analysis. Furthermore, its ability to 

localize and segment masses with high accuracy lays the foundation for more comprehensive CADe/CADx systems 

that integrate detection, segmentation, and classification. Future extensions may include multi-view fusion using 

craniocaudal and mediolateral-oblique views, and comparative evaluations with conventional architectures to assess 

improvements in generalization and robustness. 

4. Experiments and results 

4.1. Dataset 

For the training and evaluation of our proposed attention-guided U-Net model, we utilized the INbreast dataset, a 

publicly available and high-quality mammographic database widely recognized in the medical imaging research 

community. The INbreast dataset consists of 410 full-field digital mammography (FFDM) images collected from 115 

different patients. Each case includes standard mammographic views: craniocaudal (CC) and mediolateral oblique 

(MLO). What distinguishes INbreast is its precise and detailed annotations, manually delineated by expert radiologists.  
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The dataset provides BI-RADS assessments, breast density categories, and contour-level ground truth annotations of 

masses and other lesion types, making it highly suitable for supervised segmentation tasks. In this study, we 

specifically selected the images annotated with mass lesions and corresponding binary masks. Due to its resolution, 

image clarity, and clinically relevant labeling, the INbreast dataset presents an ideal benchmark for evaluating mass 

segmentation models. Its diversity in breast density and lesion appearance allows robust testing of deep learning 

models under realistic diagnostic conditions. Prior to training, all images were preprocessed to normalize intensity 

values and resized to a consistent spatial resolution to meet the input requirements of our network [27]. 

4.2 Experimental setup and evaluation 

To comprehensively evaluate our proposed attention-guided U-Net architecture for breast mass segmentation, we 

established a systematic experimental framework. The model was developed using the Keras API with TensorFlow 

backend in Python and executed on Google Colab Pro, taking advantage of GPU acceleration to expedite training. We 

employed the INbreast dataset, known for its high-resolution full-field digital mammograms and expert-annotated mass 

contours. From this dataset, we extracted all cases containing mass lesions and their corresponding binary masks. The 

dataset was divided into 80% for training and 20% for validation, ensuring a balanced distribution across breast 

densities and mass types.  

To investigate the individual and combined effects of attention mechanisms and data augmentation on breast mass 

segmentation performance, a structured ablation study was conducted, comprising four experimental configurations. 

The first configuration, referred to as the Baseline U-Net, involved training the standard U-Net architecture on the 

original INbreast dataset without any form of attention integration or data augmentation. This setup served as a 

reference benchmark, providing a foundational understanding of the model’s performance under default conditions. In 

the second configuration, termed U-Net with Attention, spatial attention gates were incorporated into the skip 

connections of the U-Net. These mechanisms aimed to enhance the model's ability to focus on the most relevant 

regions of the input mammograms. No data augmentation was applied, which allowed for an isolated assessment of the 

contribution made by the attention components. The third experimental setup, U-Net with Data Augmentation, 

involved applying a variety of augmentation techniques—such as image rotation, horizontal flipping, zooming, 

intensity normalization, and elastic deformation—to significantly expand the diversity of the training dataset. The 

model in this configuration did not include attention modules, thereby enabling a focused evaluation of how augmented 

data influences segmentation performance. Finally, the fourth configuration, combined both attention mechanisms and 

data augmentation strategies. This model was designed to examine the potential synergistic benefits of combining 

spatial attention with enriched training diversity. It directly supports the central goal of this study: to explore the impact 

of attention gateway mechanisms in improving breast mass segmentation from mammography images. In addition to 

quantitative metrics, we performed qualitative analysis by superimposing predicted segmentation masks on the original 

mammograms. This visual inspection allowed us to assess boundary accuracy, anatomical coherence, and noise 

suppression across different experimental setups. 

4.3 Performance evaluation metrics 

To rigorously evaluate our proposed segmentation framework, we utilized a suite of performance metrics well-

established in medical image segmentation research: 

 

 Dice coefficient (Dice): This overlap-based metric, defined in Eq (1), quantifies the similarity between 

predicted and ground truth segmentation masks. A higher Dice score indicates more accurate segmentation, 

making it particularly useful in class-imbalanced datasets like mammograms. 
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Where X and Y denote the sets of predicted and ground truth pixels, respectively. 

 

 Precision: Precision, shown in Eq (2), measures the proportion of correctly identified positive pixels relative to 

all positive predictions. High precision is crucial in medical imaging, as false positives may result in 

unnecessary clinical follow-up. 

          
  

     
                                                                                                                                                                            

 

Where TP and FP are the true and false positives, respectively. 

 

 Loss function: We adopted a combination of binary cross-entropy and Dice loss to guide model training. 

While binary cross-entropy ensures convergence, the Dice loss component directly promotes accurate region 

overlap. 

 

Throughout training, we monitored these metrics on both training and validation sets. Visual plots of training loss, Dice 

score, and precision curves across epochs (illustrated in Figures X and Y) provide insight into model convergence and 

generalization capability. By integrating a robust evaluation protocol and exploring key architectural variations, this 

study validates the effectiveness of attention-gated U-Net in accurately segmenting breast masses from mammography 

images and lays the groundwork for future advancements in AI-assisted breast cancer diagnosis. 

4.4 Result and discussion 

The performance of the proposed segmentation framework was evaluated through a comprehensive ablation study 

designed to isolate and examine the individual and combined effects of attention gates (AG) and data augmentation 

(DA) in the context of breast mass segmentation from mammographic images. Table 1 summarizes the quantitative 

results obtained across four experimental configurations, providing insights into the contributions of each enhancement 

to segmentation quality. In the baseline configuration, where a standard U-Net was trained without data augmentation 

or attention mechanisms, the model achieved a Dice similarity coefficient of 62%, a precision of 65%, and a 

segmentation loss of 0.45.  

These results serve as a reference for traditional segmentation performance without architectural or training 

optimizations. When data augmentation was introduced to this baseline U-Net, a notable performance improvement 

was observed. The Dice score increased to 69%, precision improved to 73%, and loss decreased to 0.30.  

These gains highlight the effectiveness of data augmentation in enhancing model generalization and reducing 

overfitting by exposing the model to a more diverse set of training samples. Integrating attention gates into the U-Net 

architecture, without applying data augmentation, led to a significant improvement in segmentation accuracy. The 

model achieved a Dice score of 81%, precision of 85%, and a reduced loss of 0.20. These results illustrate the capacity 

of AG to refine feature representations by suppressing irrelevant or noisy information and directing the model’s focus 

toward the most salient anatomical regions associated with breast masses. The best performance was attained by 

combining both attention gates and data augmentation. This configuration yielded a Dice score of 85%, a precision of 

90%, and the lowest recorded segmentation loss of 0.14. These results reflect a synergistic effect, where AG enhances 

spatial attention and structural consistency, while DA increases robustness and adaptability to intra-class variations. 

The joint integration of these components demonstrates their complementary nature in improving segmentation quality. 
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A qualitative assessment of the segmentation outputs further confirms the quantitative findings. Visual inspection 

revealed that the inclusion of AG leads to more precise boundary delineation, particularly in regions with complex 

structures or low contrast. The baseline U-Net exhibited challenges in segmenting such areas, often resulting in over-

segmentation or fragmented mass contours. In contrast, the AG-enhanced models demonstrated greater spatial 

coherence and anatomical fidelity, which is essential for clinical interpretability. 

Table 1. Segmentation performance across experimental configurations. 

Experiment 
U-net  U-net +AG 

Without DA +DA Without DA + DA 

Dice 62% 69% 81% 85% 

Precision 65% 73% 85% 90% 

Loss  0.45 0.30 0.20 0.14 

     

  

 

 

 

 

 

Figure 2. Precision and loss curves for the baseline U-Net model without attention gates 

 

Figure 3. Precision and loss curves for the proposed U-Net model enhanced with attention gates. 
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Moreover, the performance gap between the baseline and the best-performing model—an increase of 20 percentage 

points in Dice and 25 in precision—underscores the critical role of attention mechanisms and data augmentation in 

achieving high-quality, reliable segmentation results.  

Importantly, the improved precision achieved with AG indicates a substantial reduction in false positives, a crucial 

factor in medical image analysis where diagnostic accuracy has direct clinical implications. In summary, the 

experimental findings validate the effectiveness of incorporating attention gates and data augmentation in U-Net-based 

architectures for breast mass segmentation. These components collectively enhance the model’s ability to generalize, 

localize, and delineate masses with high fidelity, contributing to more accurate and clinically meaningful outcomes. 

Figure 4 (qualitative results) further support these findings by showing that models equipped with AG produced 

segmentation maps that are much closer to the ground truth. The attention-enhanced model exhibited sharper boundary 

delineation and reduced noise, particularly in challenging areas such as overlapping bones and low-contrast regions. In 

contrast, the baseline U-Net tended to generate fragmented or blurred contours, failing to accurately capture finer 

anatomical details. Finally, the significant performance drop observed in the absence of both AG and DA highlights the 

necessity of integrating these components for achieving reliable and clinically applicable segmentation outcomes. 

Attention gates dynamically enhance spatial feature extraction, while data augmentation fortifies the model's resilience 

against variations in image acquisition, thereby producing segmentation outputs that are both accurate and consistent. 

When compared to state-of-the-art methods, the proposed U-Net with attention gates shows clear improvements over 

the baseline configuration but still falls short of surpassing the best performances reported in the literature. 

Nonetheless, the enhancement provided by the attention mechanism is evident, and the results suggest that with further 

experiments—such as applying advanced preprocessing steps, more extensive data augmentation, hyperparameter 

tuning, and evaluation on more diverse datasets—the proposed model has strong potential to reach or even exceed 

current state-of-the-art performances in medical image segmentation. 

 

Figure 4. Qualitative comparison of predicted segmentation masks against ground truth annotations. 
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5. Conclusions and future works 

In this study, we investigated the impact of integrating attention gates into a baseline U-Net architecture for medical 

image segmentation. Extensive quantitative and qualitative evaluations demonstrated that the attention-enhanced U-Net 

consistently outperformed the baseline configuration. 

The baseline U-Net model exhibited significant instability during training, characterized by large fluctuations in 

precision and a failure to achieve meaningful convergence. In contrast, the proposed model incorporating attention 

mechanisms demonstrated stable learning behavior, higher precision on the validation set, and a smoother loss curve, 

indicating improved generalization capability. 

Qualitative assessments further supported these findings. As illustrated in Figure 5, the attention-based U-Net 

generated segmentation masks that better preserved structural details, reduced noise more effectively, and achieved 

sharper boundary delineation compared to the fragmented and blurred outputs of the baseline model. 

Although the proposed model achieved substantial improvements over the baseline, it has not yet surpassed the best-

performing state-of-the-art methods reported in the literature. Nevertheless, the promising results indicate that the 

incorporation of attention mechanisms enhances the model's ability to focus on relevant anatomical features. 

We believe that with further refinements—such as incorporating more advanced preprocessing techniques, expanding 

the training datasets, optimizing hyperparameters, and conducting evaluations on additional benchmark datasets—the 

performance of the proposed approach could be further improved, potentially matching or even exceeding current 

state-of-the-art segmentation results. These findings not only validate the effectiveness of attention mechanisms in 

enhancing segmentation quality but also provide a solid foundation for future research aimed at advancing performance 

beyond existing benchmarks. 
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