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ABSTRACT 

This study proposes the Attention, Multi-scale, Enhanced, Dilated, Dual-head, Ensemble Network 

(AMEDDE-Net), a deeply supervised segmentation framework that integrates multi-scale feature 

extraction, enhanced attention mechanisms, dilated convolutions, dual-head prediction, and adaptive 

ensemble fusion to improve lesion-focused learning and boundary delineation. The model was evaluated 

using a publicly available Contrast-Enhanced Spectral Mammography (CESM) dataset and five-fold 

cross-validation. Extensive hyperparameter tuning, ablation studies, and comparisons with state-of-the-art 

convolutional and transformer-based models were conducted. The experimental results indicated that 

AMEDDE-Net achieved superior performance, with 97.25% accuracy, a Dice coefficient of 65.10%, an F1-

score of 65.10%, and a recall of 71.83%, outperforming conventional U-Net variants and the transformer-

based TransU-Net. Ablation analyses confirmed the importance of multi-scale attention and deep 

supervision, whereas qualitative results demonstrated improved boundary accuracy and reduced False 

Negatives. These findings highlight the potential of AMEDDE-Net as a reliable tool for automated breast 

cancer screening and clinical decision support.  

Keywords-cancer segmentation; digital mammography; deep supervision; multi-scale attention; deep learning; 

medical image analysis 

I. INTRODUCTION 

Breast cancer is the second leading cause of cancer-related 
mortality among women, imposing a substantial burden on the 
global healthcare system [1]. The early detection and precise 
segmentation of breast lesions are significant for improving 
clinical outcomes and reducing mortality rates [2]. Among the 

available imaging modalities, mammography is widely used for 
breast cancer screening due to its cost-effectiveness, broad 
accessibility, and well-established efficacy in facilitating early 
diagnosis [3]. However, manual lesion segmentation by 
radiologists remains time-consuming, prone to inter-observer 
variability, and expertise-dependent, highlighting the need for 
automated segmentation techniques [4]. Encoder–decoder 
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architectures, particularly the U-Net and its variants, have 
outperformed traditional approaches in tumor boundary 
delineation with computational efficiency [5-10]. Nevertheless, 
challenges persist, including the detection of subtle 
microcalcifications, handling diverse lesion morphologies and 
scales, and limited annotated mammography datasets [7]. 

Advances in Deep Learning (DL) have driven significant 
progress in breast cancer segmentation. For instance, U-Net 3+ 
with dense dilated convolution and MS-SSIM loss achieved a 
98.47% Dice score on mammography segmentation [11], 
whereas a refined mask R-CNN combining mammography and 
ultrasound modalities achieved a classification accuracy of 
99.20 % [12]. Transformer-based models have further 
enhanced global-contextual modeling in segmentation tasks. 
Trans U-Net and its variants improved segmentation accuracy 
for small and complex targets by combining transformer 
encoders with convolutional feature maps [13], whereas 
attention mechanisms integrating channel and spatial modules 
with CNN backbones enhanced lesion localization and 
interpretability [14]. Self-supervised transformer frameworks 
have also demonstrated performance gains of 5-7% over 
supervised CNN baselines across multiple breast imaging 
modalities [15, 16]. Multi-scale learning strategies and 
adversarial training frameworks have also been employed to 
address variability in lesion size, shape, and appearance [17, 
18], supporting downstream clinical tasks such as automated 
classification and CAD systems [19-22]. Ensemble and hybrid 

approaches have achieved competitive results, with 99.76% 
accuracy reported using an integrated DBN-GCN-SSAE model 
[23]. 

Despite these advances, accurate lesion segmentation in 
digital mammography is challenging due to variations in lesion 
size, morphology, and contrast against complex background 
tissues [20]. Most existing approaches address these challenges 
in isolation: Attention U-Net lacks multi-scale extraction and 
lesion-specific prediction; U-Net++ lacks explicit attention and 
deep supervision; and TransU-Net lacks lesion-targeted 
learning and adaptive fusion. 

To address these limitations, this study proposes the 
Attention, Multi-scale, Enhanced, Dilated, Dual-head, 
Ensemble Network (AMEDDE-Net), an enhanced U-Net-based 
segmentation framework validated on the Categorized Digital 
Database (CDD) for low-energy and subtracted Contrast-
Enhanced Spectral Mammography (CESM) images [24], a 
publicly available benchmark hosted by The Cancer Imaging 
Archive (TCIA) comprising 2,006 high-resolution CESM 
images from 326 patients [25]. A rigorous comparative 
evaluation was conducted by incorporating hyperparameter 
optimization and benchmarking against established 
segmentation models, contributing to the development of 
clinically viable automated breast cancer segmentation systems 
[26]. Table I summarizes the limitations that the proposed 
model addresses compared to previous models. 

TABLE I.  ARCHITECTURAL COMPARISON OF AMEDDE-NET WITH BASELINE MODELS 

Feature 
Attention U-

Net 
U-Net++ TransU-Net AMEDDE-Net (proposed) 

Attention 

mechanism 
Gate attention None Multi-head self-attention (ViT) Gate + Lesion-enhancement attention 

Multi-scale 

processing 
No Dense skip connections (nested) No Yes - 1×1, 3×3, 5×5, GMP branches 

Dilated 

convolutions 
No No No Yes (d=2, effective RF=5×5) 

Dual-head 

prediction 
No No No Yes - main + lesion-specific head 

Deep supervision No Partial (multi-output) No Yes - 3 auxiliary supervision levels 

Adaptive 

ensemble fusion 
No No No Yes - weighted α-fusion (α = 0.6) 

Global context No No Yes (Transformer patch tokens) Yes (Global Max Pooling branch) 

Lesion-specific 

enhancement 
No No No Yes - Esmall(x) grouped conv module 

Training 

paradigm 

Supervised, 

single loss 
Supervised, multi-scale loss Supervised, patch-based 

Supervised, multi-level deep supervision + 

ensemble 

 

II. THE PROPOSED METHOD 

Automated breast lesion segmentation in mammography is 
challenging because of feature suppression, insufficient multi-
scale representation, and information loss during network 
propagation. To deal with these challenges, the AMEDDE-Net 
framework is proposed in this study, and its architecture is 
illustrated in Figure 1. 

A. Preprocessing 

Preprocessing is applied to standardize the input data, 
enhance image quality, and facilitate stable model training. The 
dataset consists of CESM images paired with corresponding 
binary tumor masks. All images and masks were resized to 256 
× 256 pixels using bilinear interpolation to ensure a uniform 
spatial resolution. Pixel intensities and binary masks were 
normalized to [0, 1] by dividing by 255, and masks were 
expanded along the channel dimension for compatibility with 
the network input. 
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Fig. 1.  AMEDDE-Net architecture. 

After normalization, the dataset was split into training and 
testing sets at a 90:10 ratio with a fixed random seed for 
reproducibility, standardizing the data and reducing intensity 
variance for stable model convergence. 

B. The AMEDDE-Net Architecture 

The proposed architecture combines enhanced attention, 
multi-scale feature processing, dilated convolutions, dual-head 
prediction, deep supervision, and adaptive ensemble strategies 
to achieve accurate and robust breast lesion segmentation. 

To improve mathematical clarity, all variables used in the 
equations throughout this section were defined. Let x denote 
the input feature map, g the gating signal, a the ensemble 
weight, k the kernel size, and d the dilation rate. 

1) Enhanced Attention 

The enhanced attention block emphasizes lesion-relevant 
features that are often suppressed in standard encoder-decoder 
architectures by combining gate signals from the decoder with 
skip connection features from the encoder, which are processed 
through 1×1 convolutions and batch normalization before 
additive fusion. 

The transformed features are then fused additively, 
activated using ReLU, and projected into attention coefficients 
through a final convolution and sigmoid activation: 

� = � �Conv�×� �ReLU�	
. g + 	� . �����  (1) 

where g is the gate signal from the decoder, ��  is the skip-
connection feature map from the encoder, and 	
 and 	�  are 

learnable 1×1 convolutional weight matrices. 

As shown in Figure 2, the attention coefficients ψ, ranging 
between 0 and 1, generate a spatial importance map that 
highlights relevant regions in the feature space. To further 
enhance the detection of small and subtle lesions, a lesion-
specific enhancement component ���������  is incorporated. 
This module employs grouped convolutions to capture fine-
grained spatial patterns: 

��������� = � �Conv�×� �ReLU �Conv�×��
���� !"#������$ (2) 

where G is the number of channel groups, set to G = 4 in this 
implementation, enabling fine-grained spatial pattern capture 
with reduced parameter overhead. 



Engineering, Technology & Applied Science Research Vol. 16, No. 3, 2026, 36103-36110 36106  
 

www.etasr.com Titisari et al.: AMEDDE-Net: A Deeply Supervised Multi-Scale Attention Network for Breast Cancer … 

 

The final enhanced feature map is obtained through 
element-wise modulation of the input features with the lesion 
enhancement output: �% = �� ⊙ ����������    (3) 

where ⊙ denotes element-wise multiplication, and ��������� ∈ 
[0,1] is the lesion enhancement coefficient map. 

 

 

Fig. 2.  Enhanced attention block architecture. 

This dual-enhancement mechanism ensures that lesion 
features are both explicitly amplified and adaptively weighted, 
improving sensitivity to small lesions while maintaining 
computational efficiency. 

2) Multi-Scale Feature Processing 

To address scale variability in mammography lesions, the 
multi-scale block captures contextual information at multiple 
spatial scales using four parallel branches: a 1×1 convolution 
for channel projection, 3×3 and 5×5 convolutions for fine and 
medium-scale extraction, and global max pooling for broader 
contextual awareness, as depicted in Figure 3. 

 

 

Fig. 3.  Multi-scale block architecture. 

The branch outputs are concatenated into a rich multi-scale 
representation, enabling simultaneous extraction of fine details 
and broader contextual cues without requiring image pyramids 
or multiple network passes: (���)* = Concat�+�, +-, +�, +.�   (4) 

3) Dilated Convolutions 

Dilated convolutions expand the receptive field without 
increasing the parameter count or reducing the spatial 
resolution, thereby preserving lesion boundaries and capturing 
broader contextual information. 

When / = 1, the operation reduces to standard convolution. 
Increasing / enlarges the receptive field while maintaining 
computational efficiency. The effective receptive field is given 
by:  0( 11 2)*3 = 4 + �4 − 1��/ − 1�  (5) 

where k represents the kernel size, and d is the dilation rate. 
This linear scaling of the receptive field with the dilation rate 
efficiently captures multi-scale contextual information. In 
AMEDDE-Net, a dilation rate of d = 2 with 3×3 kernels results 
in an effective receptive field of 5×5, verified as 0( = 3 +�3 − 1��2 − 1� = 5  pixels, while maintaining parameter 
efficiency. The dilated convolution output is followed by batch 
normalization and ReLU activation:  (!*��) ! = ReLU�BN�( ∗! <!��  (6) 

This design enables the network to integrate a broader 
spatial context while preserving fine-grained lesion details and 
improving discrimination between malignant lesions and 
surrounding benign tissues. 

4)  Dual-Head Architecture 

The dual-head architecture is designed to tackle the trade-
off between general tissue segmentation and precise lesion 
detection, which often requires different feature 
representations. Instead of relying on a single output branch, 
the network employs two specialized prediction heads to 
optimize both tasks simultaneously. 

The main head generates general segmentation predictions 
directly from the final decoder features using a 1×1 
convolution, as defined in (7). In contrast, the lesion head 
incorporates additional spatial refinement through two 
sequential 3×3 convolutional layers with batch normalization 
and ReLU activation, as presented in (8), thereby enabling 
enhanced detection of small or subtle pathological structures. 

=��*> = Conv�×��?��    (7) 

=����� =
Conv�×�  @ReLU ABN �Conv�×� �ReLU �BN�Conv�×��?�����$BC(8) 

Both heads produce probability maps via sigmoid 
activation, and their outputs are fused through a weighted 
ensemble formulation, where α = 0.6 balances global 
segmentation accuracy and lesion sensitivity.  D1*>�� = E ⋅ D��*> + �1 − E� ⋅ D�����  (9) 

The main head emphasizes efficiency and general feature 
representation, whereas the lesion head focuses on fine-grained 
spatial detail. This complementary design improves the 
detection of small lesions while maintaining overall 
segmentation performance without requiring separate models 
or training stages. 

5) Deep Supervision 

Deep supervision is employed to improve gradient 
propagation and encourage intermediate decoder layers to learn 
discriminative representations. In the AMEDDE-Net, auxiliary 
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prediction branches are attached to multiple decoder stages, 
converting intermediate feature maps into segmentation outputs 
using 1×1 convolutions. These outputs are upsampled to the 
original image size and combined into the overall deep 
supervision loss: ℒHI = J� ⋅ ℒ�D!  ���� , K� + J- ⋅ ℒ�D!  �-�� , K� + J� ⋅ℒ�D!  ���� , K�      (10) 

where the weights are set as w1 = 0.5, w2 = 0.3, and w3 = 0.2, 
assigning higher importance to shallower decoder outputs that 
preserve finer spatial detail. 

This multilevel supervision stabilizes training, accelerates 
convergence, and improves segmentation accuracy by 
enforcing meaningful feature learning across the decoder 
hierarchy. 

III. RESULTS AND DISCUSSION 

A. Dataset 

This study employed the CDD-CESM dataset [24, 25], 
comprises of 2,006 high-resolution mammographic images 
(average resolution: 2,355×1,315 pixels) from 326 female 
patients aged 18-90 years, acquired at the National Cancer 
Institute, Cairo University, Egypt. It includes 310 masses, 48 
architectural distortions, 222 asymmetries, 238 calcifications, 
334 mass enhancements, 184 non-mass enhancements, and 751 
normal images. Each case includes paired low-energy and 
subtracted CESM images in the CC and MLO views, with 
ACR BI-RADS 2013 annotations and expert-annotated binary 
segmentation masks as the ground truth. 

The heterogeneous pathological patterns and multi-view 
paired imaging make CDD-CESM a suitable benchmark for 
evaluating DL models for breast cancer lesion segmentation. Its 
adoption is confirmed by recent studies. For example, authors 
in [27], who applied Swin Transformer and ConvNeXtV2 for 
ROI-stratified classification. Additionally, authors in [28] 
evaluated panoptic segmentation using a diffusion model, 
while in [29] explainable CNN architectures were assessed for 
binary lesion classification. 

B. Experimental Setup 

To address the limited availability of annotated data, an 
Albumentations-based augmentation pipeline incorporating 

geometric transformations, elastic deformations, intensity 
variations, and contrast enhancement was applied to improve 
model generalization. The proposed AMEDDE-Net was 
evaluated against established baselines, including U-Net++, 
R2U-Net, Attention U-Net, V-Net, and TransU-Net, all of 
which were trained under identical experimental conditions to 
ensure a fair comparison. 

The evaluation was conducted at the pixel level on the test 
set (10% of the dataset, comprising 100 mammographic images 
resized to 512×512 pixels), resulting in a total of 26,214,400 
pixels evaluated. Standardized metrics were utilized, namely 
the Dice coefficient, precision, recall, F1-score, and 
Intersection over Union (IoU), with IoU prioritized owing to its 
clinical relevance in measuring spatial agreement between 
predicted segmentations and expert-annotated lesion regions. 
This evaluation protocol allows assessing the proposed 
architecture and clarifies the strengths and limitations of 
commonly used segmentation models for CESM breast cancer 
imaging. 

C. Parameter Tuning and Training Configuration 

The optimal training configuration for the AMEDDE-Net 
was identified through hyperparameter tuning using random 
search across learning rates, batch sizes, and optimizers. As 
presented in Table II, Configuration 2 achieved optimum 
performance with an IoU of 38.01% and a Dice coefficient of 
54.04%, using the AdamW optimizer with a Learning Rate 
(LR) of 0.0005 and batch size of 32, yielding high specificity 
(93.02%) and accuracy (89.91%). 

D. AMEDDE-Net Performance Evaluation 

As shown in Table III, the five-fold cross-validation results 
demonstrated the efficiency of the AMEDDE-Net, with a mean 
Dice coefficient ranging from 28.80% to 33.66% and IoU 
ranging from 19.46% to 23.65% across all folds. The 
sensitivity remained consistently high (89.91%-96.79%), 
confirming a strong capability to identify malignant regions, 
whereas the specificity varied between 57.28% and 71.92%, 
reflecting a deliberate emphasis on sensitivity to minimize 
False Negatives in clinical screening scenarios. The relatively 
stable mean performance across folds confirms that the model 
generalizes consistently, validating the effectiveness employed 
to prevent data leakage. 

TABLE II.  TOP-5 HYPERPARAMETER RESULT 

No LR Batch Opt IoU Dice F1 Precision Recall Specificity Accuracy 

1 0.0001 32 AdamW 37.84 54.08 54.08 47.36 63.22 92.39 89.58 

2 0.0005 32 AdamW 38.01 54.04 54.04 48.91 60.99 93.02 89.91 

3 0.0001 32 AdamW 36.83 52.82 52.82 47.08 60.26 92.68 89.56 

4 0.00001 8 Adam 33.27 48.51 48.51 38.89 68.54 88.27 86.32 

5 0.00001 16 Adam 30.52 46.39 46.39 34.13 73.13 84.83 83.72 

TABLE III.  PERFORMANCE OF THE PROPOSED SEGMENTATION MODEL EVALUATED USING FIVE-FOLD CROSS-VALIDATION 

Fold Dice mean Dice std dev IoU mean IoU std dev Sensitivity mean Sensitivity std dev Specificity mean Specificity std dev 

1 30.303 26.180 21.077 21.061 93.757 13.275 69.476 12.243 

2 33.662 26.601 23.658 21.694 89.906 17.175 71.924 12.986 

3 28.808 24.084 19.457 18.865 92.335 15.439 65.659 11.856 

4 29.120 25.757 20.117 20.659 96.786 7.381 57.280 15.158 

5 31.855 26.257 22.211 21.143 95.003 11.562 63.239 12.116 
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E. Ablation Studies 

Table IV summarizes the ablation results assessing the 
contribution of each component. The full enhanced model 
achieved the highest mean Dice of 50.4 (+26.47%, p = 0.0012, 
Cohen's d = 3.341), confirming the effectiveness of jointly 
integrating all components. Core architectural enhancements 
alone yielded significant gains (mean Dice = 46.3, +16.36%, p 
= 0.0026, Cohen's d = 1.674), whereas isolated modules 

presented limited or nonsignificant improvements - deep 
supervision only (p = 0.8320) and enhanced postprocessing (p 
= 0.6292) did not reach significance. The full enhanced model 
also exhibited the lowest coefficient of variation (3.820%), and 
multi-scale blocks in isolation yielded significant gains (p = 
0.0024, Cohen's d = 1.024), collectively confirming that the 
performance gains of AMEDDE-Net arise from cohesive 
architectural integration rather than any single module. 

TABLE IV.  RESULTS OF ABLATION EXPERIMENTS 

Model component Mean_Dice 95%_CI CV_% vs_Baseline p-value Significant Effect_size 

Full enhanced model 50.4 [48.7, 51.7] 3.820 +26.47% 0.0012 Significant 3.341 (Large) 

Full model - multi-scale 50.3 [48.4, 51.9] 4.400 +26.39% 0.0006 Significant 3.236 (Large) 

Enhanced attention only 41.7 [39.3, 43.6] 6.400 +4.62% 0.0952 Not Significant 0.539 (Medium) 

Architecture components 46.3 [43.4, 49.1] 8.100 +16.36% 0.0026 Significant 1.674 (Large) 

Deep supervision only 39.5 [34.6, 43.2] 14.520 -0.94% 0.8320 Not Significant -0.076 (Negligible) 

Enhanced postprocessing 40.7 [35.6, 44.4] 14.530 +2.16% 0.6292 Not Significant 0.170 (Negligible) 

Small lesion head only 40.8 [37.6, 43.8] 9.590 +2.48% 0.7215 Not Significant 0.249 (Small) 

Enhanced preprocessing 45.3 [41.8, 47.4] 8.360 +13.71% 0.0625 Not Significant 1.398 (Large) 

Multi-scale blocks only 44.1 [40.8, 47.4] 9.680 +10.66% 0.0024 Significant 1.024 (Large) 

 

F. Performance Comparison 

Table V presents a comparative evaluation of seven DL 
architectures for breast cancer lesion segmentation. AMEDDE-
Net achieved an optimum overall performance, attaining 
97.25% accuracy, a Dice of 65.10%, a recall of 71.83%, and an 
F1-score of 65.10%, indicating strong lesion localization 
capability. Conventional CNN-based models, such as U-Net 
and V-Net, demonstrated stable IoU scores of 53.51% and 
52.75%, respectively, whereas TransU-Net achieved a Dice of 
44.72%, a recall of 50.99%, and an F1-score of 40.41%. 
AMEDDE-Net consistently outperformed TransU-Net, with 
improvements of 20.38% in Dice, 20.84% in recall, 24.69% in 
F1-score, and 8.19% in accuracy, alongside a lower training 
loss (34.18 versus 31.77), indicating more stable convergence. 

The mean IoU of 54.85% should be interpreted in the 
context of the CDD-CESM dataset's inherent difficulty, which 
includes subtle lesion types such as asymmetries and non-mass 
enhancements, alongside 751 normal images, evaluated under 
strict patient-level five-fold cross-validation to prevent data 
leakage. While moderate in absolute terms, AMEDDE-Net 
exhibited the highest IoU among all seven evaluated models 
and attained a recall of 71.83%, the clinically most critical 
metric for minimizing False Negatives in early breast cancer 
screening. 

In contrast, U-Net++ and R2U-Net showed limited 
sensitivity with recall rates of 1.87% and 36.35%, and IoU of 

45.58% and 14.77%, respectively, thereby reducing their 
clinical applicability. The superior performance of AMEDDE-
Net reflects its integrated design, which combines multi-scale 
feature extraction, attention mechanisms, and deep supervision 
into a unified lesion-focused framework. 

Figure 4 illustrates a qualitative comparison of four 
mammography cases. The AMEDDE-Net achieved the highest 
average IoU of 83.58% with consistent results (76.3%, 78.4%, 
84.5%, 92.7%), whereas the other models presented notable 
limitations: U-Net under-segmented complex masses (53.73%), 
U-Net++ performed poorly on simple structures (48.53%), 
R2U-Net lacked robustness across lesion types, and V-Net 
failed in multi-region segmentation (50.55%).  

The wide IoU range across models (48.53%-92.7%) 
highlights the strong influence of the architectural design on 
segmentation reliability. The consistently superior performance 
of AMEDDE-Net across lesion complexities confirms its 
suitability as a reliable clinical decision-support tool for 
accurate lesion delineation in mammography screening. 

To further validate the reported metrics, a pixel-level 
confusion matrix was calculated for the 100-image test set, 
totaling 26,214,400 pixels, as depicted in Figure 5. The model 
achieved 785,629 True Positives and 24,708,129 True 
Negatives. 

TABLE V.  QUANTITATIVE COMPARISON OF SEGMENTATION PERFORMANCE ACROSS-BASELINE, CNN-BASED, TRANSFORMER-
BASED, AND PROPOSED MODELS USING STANDARD EVALUATION METRICS 

Method Loss Accuracy Dice Coefficient Mean IoU Precision Recall F1-score 

U-Net++ 12.49 94.31 37.18 45.58 6.00 1.87 2.18 

U-Net 12.40 94.24 40.34 53.51 50.30 21.50 23.01 

R2U-Net 14.77 93.12 36.35 14.77 93.12 36.35 25.05 

Attention U-Net 12.61 94.13 40.30 50.17 36.56 11.02 13.73 

V-Net 10.67 94.94 44.00 52.75 41.46 25.37 24.17 

TransU-Net 31.77 89.06 44.72 28.61 43.91 50.99 40.41 

Proposed 

AMEDDE-Net 
34.18 97.25 65.10 54.85 65.57 71.83 65.10 
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Fig. 4.  Visual comparative analysis of segmentation performance across 

AMEDDE-Net and five other DL methods for four mammography cases with 

varying complexities. 

 

Fig. 5.  Pixel-level confusion matrix for the AMEDDE-Net model. 

IV. CONCLUSION 

This study proposed the Attention, Multi-scale, Enhanced, 
Dilated, Dual-head, Ensemble Network (AMEDDE-Net), a 
deeply supervised multi-scale attention network for automated 
breast cancer lesion segmentation in digital mammography. 
The framework jointly integrated gate-guided attention, multi-
scale feature extraction, dilated convolutions, dual-head 
prediction, deep supervision, and adaptive ensemble fusion. 
Among seven evaluated architectures, AMEDDE-Net achieved 
the best performance on the CDD-CESM dataset, attaining 
97.25% accuracy, a Dice of 65.10%, and a recall of 71.83%, 
consistently outperforming both CNN-based and transformer-
based models, including TransU-Net. 

Ablation studies confirmed that performance gains arise 
from cohesive architectural integration (p = 0.0012, Cohen's d 
= 3.341) rather than any single module. The high recall of 
71.83% was clinically significant, as minimizing False 
Negatives is critical in early breast cancer screening. The mean 
Intersection over Union (IoU) of 54.85%, while moderate in 
absolute terms, represented the highest among all evaluated 
models and reflects the inherent difficulty of the CDD-CESM 
dataset evaluated under strict patient-level cross-validation. 

However, the model was validated on a single-institution 
dataset and operated on 2-D mammographic images without 
real-time deployment evaluation. Future work will pursue 
multi-institutional validation, extension to 3-D tomosynthesis, 
and lightweight architecture optimization for clinical 
deployment. Integration with explainability mechanisms and 
radiologist feedback loops will also be explored to support 
clinical adoption. 
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