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Abstract. Breast cancer is the most commonly diagnosed cancer among
women worldwide, with over 2.26 million new cases reported in 2020
according to the World Health Organization. Early detection through
mammographic screening significantly improves survival rates, yet man-
ual interpretation remains time-consuming and error-prone. In this work,
we present a systematic evaluation of deep learning approaches for breast
lesion segmentation and detection across three distinct experimental se-
tups. We investigate three diverse architectures—a Dense Spatial U-Net
(DSU-Net), a VGG16-U-Net leveraging transfer learning, and a Faster R~
CNN detection model—evaluating each on specific configurations of the
INbreast, MIAS, and DMID datasets. Rather than comparing these mod-
els under identical conditions, each experiment explores how different ar-
chitectural strengths interact with varied data environments. DSU-Net
evaluates the impact of dense connectivity and spatial attention, VGG16-
U-Net assesses the robustness of pretrained representations on combined
datasets, and Faster R-CNN highlights the important role of detection-
based localization. Results indicate that while DSU-Net achieves strong
segmentation under consistent annotations, cross-dataset heterogeneity
remains a major challenge. Conversely, VGG16-U-Net proves robust un-
der such heterogeneity, achieving 63% IoU, and Faster R-CNN highlights
the complementary value of regional detection. These findings emphasize
that annotation-protocol alignment is as critical as architectural design
for effective multi-source medical image analysis.
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1 Introduction

Breast cancer remains the leading cause of malignancy-related mortality among
women globally. According to GLOBOCAN 2020 estimates, approximately 2.26
million new breast cancer cases were diagnosed worldwide, surpassing lung can-
cer for the first time as the most frequently diagnosed malignancy [I]. In Ro-
mania, breast cancer accounted for 26.9% of all new female cancer diagnoses
in 2020 (12,085 cases), and was responsible for 3,918 deaths that year [2]. The
prognosis is strongly stage-dependent: women diagnosed at an early stage have
a cumulative survival probability of approximately 96% within the European
Union, whereas late-stage diagnosis reduces this to roughly 38% [3].

Mammography is the gold-standard imaging modality for population-level
breast cancer screening. However, radiological interpretation of mammograms is
inherently challenging due to the subtle appearance of early lesions, substantial
inter-reader variability, and the high throughput required in screening programs.
Computer-aided detection and computer-aided diagnosis systems have been de-
veloped to assist radiologists, and recent advances in deep learning, particularly
convolutional neural networks, have dramatically improved the accuracy of au-
tomated mammographic analysis [4/5].

Within the spectrum of mammographic analysis tasks, semantic segmen-
tation, the pixel-level delineation of lesion boundaries, is of particular clinical
importance. Unlike bounding-box detection, segmentation provides precise spa-
tial information about lesion shape, margins, and extent, which are key factors
in the BI-RADS assessment and subsequent clinical decision-making. Despite
its importance, breast lesion segmentation remains a challenging problem due
to the low contrast between lesions and surrounding dense glandular tissue,
the diversity of lesion morphologies (masses, calcifications, architectural distor-
tions), and the limited availability of pixel-level annotations in publicly avail-
able datasets [6]. To navigate these challenges, we present a systematic evalu-
ation of diverse deep learning architectures, analyzing how different structural
approaches interact with heterogeneous mammographic datasets. Rather than
proposing a single model under uniform conditions, we investigate how specific
architectural strengths address the complex realities of varying data sources and
annotation protocols.

In this paper, we make the following contributions:

— We evaluate DSU-Net (Dense Spatial U-Net) to analyze the impact of
DenseNet-style bottlenecks and spatial attention gates on segmentation per-
formance under specific single and multi-dataset conditions (MIAS and IN-
breast).

— We investigate the robustness of transfer learning by evaluating a VGG16-
U-Net on a diverse, combined dataset (INbreast + DMID), assessing the
generalization capabilities of pretrained representations across different im-
age distributions.

— We explore bounding-box localization using a Faster R-CNN architecture
on the INbreast dataset, highlighting the complementary clinical value of
detection-based models alongside pixel-level segmentation.



DSU-Net for Mammographic Lesion Segmentation 3

The two central research questions driving this work are:

— RQ1: How do distinctly different architectural paradigms—mnamely a cus-
tom dense-attention segmentation network, a pretrained transfer learning
model, and a two-stage object detector—perform in identifying and delin-
eating breast lesions?

— RQ2: How does the inherent heterogeneity of combining different mammo-
graphic datasets impact model generalization compared to isolated, single-
dataset training environments?

2 Related Work

2.1 Mammographic Datasets for Segmentation

Several publicly available mammographic databases have been widely adopted
for breast lesion segmentation research.

INbreast [7] is a full-field digital mammography (FFDM) database acquired
at Hospital de Sao Joao, Porto, Portugal. It contains 410 mammographic images
with precise radiologist-provided annotations in XML /Plist format, including
both polygon contours for masses (annotation type 15) and point annotations
for calcifications (annotation type 19). The high resolution and clinical-grade
annotations make INbreast a reference benchmark for segmentation tasks.

MIAS (Mammographic Image Analysis Society) [8] is one of the earliest
publicly available mammographic databases, containing 322 digitized film mam-
mograms. Annotations are provided as center coordinates and radii of circles
enclosing abnormalities. While the image quality is lower than modern digital
datasets, MIAS remains widely used due to its accessibility and the diversity of
lesion types represented.

CBIS-DDSM (Curated Breast Imaging Subset of the Digital Database for
Screening Mammography) [9] is an updated, standardized version of the orig-
inal DDSM database, containing decompressed DICOM images with curated
ROI segmentation masks and pathological diagnoses. It provides a large-scale
collection suitable for both classification and segmentation tasks.

DMID (DDSM Mammography Image Dataset) is a curated breast imaging
subset derived from DDSM, providing color-coded TIF overlay masks where
green and red regions indicate lesion areas [20].

Other notable datasets include BancoWeb LAPIMO [I8] and the recently
introduced VinDr-Mammo [19], though these are less commonly used for seg-
mentation benchmarking. The primary limitation of these datasets for semantic
segmentation tasks lies in the granularity of their annotations. For instance,
VinDr-Mammo provides annotations in the form of bounding boxes rather than
precise pixel-level masks; while sufficient for object detection, bounding boxes in-
clude significant amounts of healthy tissue, making them unsuitable for training
models that require exact lesion boundary delineation. Similarly, other large-
scale databases often provide only image-level labels (e.g., presence or absence
of malignancy) or BI-RADS scores, lacking the spatial metadata necessary for
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pixel-wise supervision. Consequently, researchers continue to rely on smaller but
more precisely annotated datasets like INbreast for evaluating segmentation-
specific architectures.

2.2 Deep Learning Approaches to Mammographic Segmentation

The U-Net architecture [I0] and its variants have become the dominant paradigm
for medical image segmentation. In the context of mammography, several notable
approaches have been proposed.

Ravitha Rajalakshmi et al. [I2] proposed a deeply supervised U-Net (DS U-
Net) coupled with dense conditional random fields (CRFs) for whole-mammogram
lesion segmentation, achieving Dice scores of 79.1% on INbreast and 81.8% on
CBIS-DDSM.

Baccouche et al. [6] introduced Connected-UNets, which cascades two U-
Net architectures with additional modified skip connections and Atrous Spatial
Pyramid Pooling. Evaluated on CBIS-DDSM, INbreast, and a private dataset,
they achieved Dice scores of 89.52%, 95.28%, and 95.88%, and IoU scores of
80.02%, 91.03%, and 92.27%, respectively.

Elkorany and Elsharkawy [I3] proposed a deep U-Net framework for mammo-
graphic abnormality detection incorporating Li thresholding, CLAHE enhance-
ment, and median filtering as preprocessing. They reported average Dice scores
of 85.61% on INbreast and 87.98% on CBIS-DDSM.

Ahmad et al. [14] developed a comprehensive CAD system combining YOLO-
V7 for detection, Associated-ResUNet for segmentation, and BreastNet-SVM for
classification, achieving a segmentation Dice score of 95.89% on CBIS-DDSM.

More recently, attention mechanisms and transformer-based architectures
have been explored. The Hybrid Transformer U-Net (HTU-Net) [16] integrates
channel and spatial self-attention with convolutional layers, achieving state-
of-the-art results across CBIS-DDSM and INbreast. Similarly, attention-based
U-Net variants incorporating DenseNet encoders have shown improved feature
propagation and segmentation accuracy on breast ultrasound and mammogra-
phy tasks [I7].

3 Proposed Approaches

Although our work may have lacked resources such as storage and training power,
we have managed to create a pipeline in which our architecture is capable of pro-
cessing data from the various datasets used in other works and in the literature,
while producing increasingly favorable results.

a) DSU-Net Architecture

The proposed Dense Spatial U-Net (DSU-Net) is built within a U-Net encoder-
decoder framework and combines three components: a convolutional encoder,
a dense bottleneck, and an attention-gated decoder. The encoder contains four
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downsampling levels with 3 x 3 convolutional blocks, Batch Normalization, ReLU
activation, and max-pooling. The number of channels increases from 64 to 512,
while the spatial resolution is reduced from 256 x 256 to 16 x 16. This four-
level design preserves enough spatial detail for small lesions while still providing
sufficient contextual information for larger masses.

Instead of a standard bottleneck, DSU-Net uses a DenseNet-inspired dense
block with six composite layers and growth rate k = 32. Each layer applies
Batch Normalization, ReLU activation, a 1 x 1 bottleneck convolution, followed
by another Batch Normalization, ReLU activation, and a 3 x 3 convolution. The
dense connectivity pattern is defined as:

x; = Hi([x0,%X1,.-.,X;-1]) (1)

where x; is the output of layer I, H; is the composite transformation, and [-]
denotes channel-wise concatenation. With 512 input channels and six layers of
growth rate 32, the bottleneck output contains 512 4+ 6 x 32 = 704 channels.
This improves feature reuse and gradient flow while maintaining a moderate
parameter count.

The decoder restores spatial resolution through transposed convolutions and
uses spatial attention gates before concatenating encoder skip connections. The
attention coefficient is computed as:

a =0 (¢ (ReLU (Wy(g) + Ws(x)))) (2)

where g is the decoder gating signal, x is the encoder feature map, W, and W,
are learned 1 x 1 convolutions, ¥ is a 1 x 1 convolution, and o is the sigmoid
activation. The attended skip feature is:

X=x0«a (3)

This mechanism suppresses irrelevant background tissue and emphasizes lesion-
relevant regions before reconstruction. The final layer is a 1 x 1 convolution that
produces a binary segmentation mask at 256 x 256 resolution. DSU-Net contains
approximately 17.26 million trainable parameters.

Training uses a hybrid loss function:

L=0.5"Lpice + 0.3 Lrocar + 0.2 LBCE (4)

where Dice loss addresses class imbalance, Focal loss emphasizes hard pixels
such as lesion boundaries, and BCE provides stable pixel-wise gradients. The
individual components are:

2/PNT|+e¢ _
Lpice=1————""—"— =105 5
Dice Pl +T[+e © (5)
EFocal - —Oé(l - pt)’y 1Og(pt)a o = 17 Y= 2 (6>

N
Lncn =~ O tslog(p) + (1 — t) log(1 — p.)] (™
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b) Faster R-CNN Architecture

Faster R-CNN is used as a detection-based baseline for lesion localization. The
model follows the standard two-stage design introduced by Ren et al. [25], con-
sisting of a convolutional backbone, a Region Proposal Network (RPN), and a de-
tection head for classification and bounding-box regression. We use a ResNet-50
with FPN backbone, initialized from MS-COCO pretrained weights. The original
classification head is replaced with a new predictor for three classes: background,
mass, and calcification. All parameters remain trainable during fine-tuning, al-
lowing the model to adapt to mammographic DICOM images.

c¢) VGG16-U-Net Architecture

We also implement a VGG16-U-Net baseline using an ImageNet-pretrained VGG-
16 encoder and a standard U-Net decoder. A 1 x 1 convolution adapts grayscale
mammograms to the three-channel input expected by VGG-16. Skip connec-
tions are extracted from the standard VGG blocks, from blockl_conv2 to
block5_conv3. Unlike DSU-Net, this baseline uses a deeper five-level encoder, a
conventional convolutional bottleneck at 8 x 8 resolution, and no spatial attention
gates. Its loss function is the standard combination:

ﬁbaseline = EBCE + EDice (8)

This model is used to evaluate whether pretrained representations are more
robust than a from-scratch dense-attention design under heterogeneous dataset
conditions.

Experimental setup

To prepare the data for these architectures, all datasets follow a unified pre-
processing pipeline. INbreast images are read from DICOM files using pydicom,
while MIAS images are loaded as grayscale images. Pixel intensities are normal-
ized to [0, 1] using min-max normalization:

I— Irnin
Inorrn = 5 7 (9)

Imax - Imin

Images are automatically flipped when necessary to ensure a consistent breast-
facing-left orientation, and CLAHE is applied with clip limit 2.0 and tile grid
size (8, 8) to improve local contrast. INbreast masks are generated from polygon
and point annotations, while MIAS masks are generated as circular masks from
the provided center-radius annotations. All images and masks are resized to
256 x 256, using nearest-neighbor interpolation for masks.

Data augmentations have also been applied to the datasets. These include
random horizontal and vertical flips, small rotations, elastic deformation, bright-
ness and contrast adjustment, and Gaussian noise. Validation data receives only
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resizing and intensity normalization using ImageNet statistics. All train, val-
idation, and test splits are generated using Scikit-Learn’s train_test_split
utility.

Following this preprocessing phase, the experimental setup evaluates the
models under four configurations:

Experiment A: MIAS only DSU-Net is trained on 115 annotated MIAS mam-
mograms with synthetic circular masks, split 80/10/10 into training, valida-
tion, and test sets.

Experiment B: INbreast only DSU-Net and Faster R-CNN are trained on
curated INbreast image-mask pairs containing mass and calcification anno-
tations, also split 80,/10/10.

Experiment C: INbreast + MIAS The two datasets are merged to test whether
heterogeneous training data improves segmentation generalization.

Experiment D: INbreast + DMID VGG16-U-Net is trained on a curated
combined dataset of 374 images, split into 299 training, 37 validation, and
38 test images.

Segmentation performance is evaluated using Dice coefficient and Intersection
over Union (IoU):

. 2|PNT|
Dice = ——— (10)
|P|+ [T
IOU:\PmT|_ |PNT| (1)

|[PUT| |P|+|T|—|PNT)|

where P is the predicted binary mask and 7" is the ground truth mask. Specifi-
cally, |P N T| represents the accurately segmented lesion pixels (true positives).
Visually, if one imagines overlaying the predicted shape directly onto the ground
truth, the intersection represents their perfectly shared region, whereas the
union encompasses their total combined area. Both metrics quantify this spa-
tial overlap: the Dice coefficient evaluates the average agreement between the
masks, while IoU penalizes under- and over-segmentation more severely, offering
a stricter assessment of boundary accuracy.

4 Experimental Results

Experiment A: DSU-Net on MIAS Only Training on the MIAS dataset
alone presents challenges due to the small dataset size (115 annotated images)
and the synthetic nature of the circular masks, which do not capture the true
lesion morphology. The model converges but achieves limited segmentation preci-
sion, as the circular ground truth masks are inherently imprecise approximations
of actual lesion boundaries.

Key observations from this experiment: the model successfully learns to lo-
calize breast lesions in the general region, but the predicted masks tend to be
circular or overly smooth, reflecting the bias of the training annotations. Fine
boundary delineation is limited.
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Original Image Ground Truth Prediction

Fig. 1. Example of a predicted mask compared to it’s correct shape.

Table 1. DSU-Net segmentation results on MIAS only (Experiment A).

Metric Validation Test
Dice Coefficient 0.7512  0.7345
IoU Score 0.6214  0.6054
Training samples 92
Validation / Test samples 12 /11

Experiment B.1: DSU-Net on INbreast Only INbreast provides pixel-
level polygon annotations of substantially higher quality than MIAS. Training
on INbreast yields more precise segmentation masks, particularly for mass-type
lesions that have well-defined contours.

Table 2. DSU-Net segmentation results on INbreast only.

Metric Validation Test
Dice Coefficient 0.8842  0.8712
ToU Score 0.7915 0.7842
Training samples 84
Validation / Test samples 11 /10

The model achieves better boundary delineation compared to Experiment A,
particularly for larger masses. However, the small training set leads to overfitting
tendencies, mitigated partially by the augmentation pipeline and early stopping.

Experiment B.2: Faster R-CNN on INbreast Only Model performance
was assessed on the held-out validation set using Intersection-over-Union (IoU)
based metrics. A predicted bounding box was considered a true positive if its IoU
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with at least one ground-truth box exceeded the specified threshold. We com-
puted precision, recall and F1-score through a matching procedure that prevents
multiple predictions from being credited to the same ground-truth annotation.

An experiment with a simpler training configuration presented in table
yielded an ToU accuracy of 12.3% at a threshold of 0.5, indicating that the model
had not yet converged and highlighting the need for a more carefully designed
training strategy.

Table 3. Training configuration for Faster R-CNN on the INbreast dataset.

Hyperparameter Value
Epochs 5
Optimiser SGD
Learning Rate 5x 1073
Momentum 0.9
Weight Decay 5% 107*

IoU Accuracy (1 =0.5) 12.3%

Experiment C: DSU-Net on INbreast + MIAS (Combined) The next
approach merged the strengths of both sources: the precise annotations of IN-
breast and the additional volume and diversity of MIAS. Despite the hetero-
geneity in image acquisition (digital vs. digitized film) and annotation quality
(polygons vs. circles), the unified preprocessing pipeline (CLAHE, normaliza-
tion, orientation correction) brings both sources into a compatible representa-
tion. However, this pipeline did not eliminate the domain gap problem, thus
leading to the following results:

Table 4. DSU-Net segmentation results on combined INbreast + MIAS (Experiment

C).
Metric Value
Dice Coefficient 0.1570
ToU Score 0.1127
Loss 0.6169

The conclusion is that pre-processing cannot resolve domain-level and annotation-
level conflicts. While the unified pipeline normalizes intensity distributions and
orientations, it cannot reconcile the structural difference between FFDM and
digitized film acquisition, nor harmonize the semantic inconsistency between
precise polygonal (INbreast) and approximate circular (MIAS) annotations. The
resulting supervision signal presents contradictory boundary cues for morpho-
logically similar lesions, destabilizing DSU-Net’s distribution-based uncertainty
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estimation and causing the model to suppress confident predictions. This finding
underscores that dataset harmonization for medical image segmentation requires
annotation-protocol alignment, not merely intensity normalization, as a prereq-
uisite for effective multi-source training.

Experiment D: VGG on INbreast and DMID dataset Building on the
limitations observed with DSU-Net on the combined INbreast-MIAS dataset, we
investigated whether a transfer learning approach based on a VGG backbone can
better handle cross-dataset heterogeneity. Unlike DSU-Net’s uncertainty-guided
mechanism, which proved sensitive to inconsistent supervision signals, VGG’s
pretrained convolutional features offer a more stable representational founda-
tion, potentially mitigating the impact of annotation-protocol mismatches be-
tween INbreast’s polygonal contours and DMID’s annotation conventions. This
experiment therefore serves as a comparative baseline to assess whether lever-
aging ImageNet-pretrained features provides a more robust starting point for
multi-source mammographic lesion segmentation than training an uncertainty-
aware architecture from scratch on heterogeneous data. This led to a model with
an IoU Accuracy = 63%

1. Input image 2. Ground truth 3. Model’s output

Fig. 2. Results of VGG16 with DMID and INbreast.

Table 5. Architectural comparison on the INbreast dataset.

Model Task IoU (%) Parameters
VGG16-U-Net (baseline) Segmentation — 63.0 ~25M
DSU-Net (ours) Segmentation 11.27 ~17.3M

Faster R-CNN' Detection 12.3 ~41.8M
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5 Analysis and Discussion

The experimental configurations reveal a clear pattern regarding the impact of
architecture choice, training data, and task formulation on segmentation and
detection quality.

MIAS-only training suffers from two compounding limitations: (a) a small
annotated set (~115 images) and (b) imprecise synthetic circular masks that do
not capture the true morphological diversity of breast lesions. The model learns
a general “detect-and-circle” strategy rather than precise boundary delineation.

INbreast-only training benefits from clinically precise polygon annota-
tions, enabling the model to learn accurate lesion boundaries. However, the small
dataset size (~105 curated pairs) limits the model’s exposure to the full spectrum
of lesion appearances and tissue backgrounds, leading to overfitting tendencies.

Combined training (DSU-Net, Experiment C) increases both the vol-
ume and diversity of training data. However, the heterogeneity of imaging sources
and annotation styles introduced contradictory supervision signals that desta-
bilized DSU-Net’s uncertainty-guided mechanism, yielding near-failure segmen-
tation performance (IoU: 0.1127, Dice: 0.1570). This demonstrates that dataset
volume alone is insufficient when annotation protocols are semantically incon-
sistent.

Transfer learning with VGG16-U-Net (Experiment D) directly ad-
dressed this limitation. By leveraging ImageNet-pretrained convolutional fea-
tures as a stable representational backbone, the model proved significantly more
robust to cross-dataset heterogeneity, achieving an IoU of 63% on the combined
INbreast-DMID dataset. Unlike DSU-Net’s uncertainty estimation, which col-
lapsed under contradictory boundary cues, VGG’s pretrained low- and mid-level
features provided a domain-agnostic foundation that partially compensated for
annotation-protocol mismatches. This confirms that transfer learning is a more
effective strategy than training uncertainty-aware architectures from scratch
when training data is heterogeneous.

Detection with Faster R-CNN (Experiment B.2) approached the prob-
lem from a fundamentally different angle localizing lesions via bounding boxes
rather than delineating precise boundaries. The preliminary configuration achieved
only 12.3% IoU accuracy at 7 = 0.5, reflecting insufficient training (5 epochs,
suboptimal hyperparameters) rather than an inherent architectural limitation.
Faster R-CNN’s two-stage proposal mechanism is well-suited for lesion localiza-
tion in high-resolution mammograms, but its ~41.8M parameter count demands
longer convergence times and more carefully tuned learning rate schedules. These
results indicate that detection-based approaches require substantially more train-
ing investment to be competitive with segmentation models on this task.

The dense block bottleneck provides three key advantages: (1) feature
reuse: each layer has direct access to all preceding feature maps; (2) improved gra-
dient flow: short connection paths facilitate backpropagation for subtle mammo-
graphic gradients; (3) parameter efficiency: the growth-rate mechanism (k = 32)
results in 17.3M parameters compared to ~25M for VGG16-U-Net and ~41.8M
for Faster R-CNN.
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The spatial attention gates suppress irrelevant features (e.g., dense glan-
dular tissue, pectoral muscle, scanner artifacts) before concatenation with skip
connections, reducing false positive activations. However, as demonstrated in
Experiment C, this mechanism is only effective when the supervision signal is
consistent.

Visual comparison reveals that the MIAS-only model produces overly
rounded predictions; the INbreast-only model achieves more accurate bound-
ary delineation but struggles with small calcifications; the combined DSU-Net
fails to produce confident predictions due to domain conflict; and the VGG16-U-
Net baseline produces the most practically useful outputs, trading architectural
sophistication for representational stability through pretraining.

Several limitations should be acknowledged. The small scale of both IN-
breast and MIAS constrains model capacity and generalization. Synthetic circu-
lar masks in MTAS introduce annotation noise. Resizing to 256 x 256 causes loss
of fine structural detail, particularly for small calcifications. The Faster R-CNN
experiment was constrained by computational budget and would benefit from
extended training. Direct comparison with published results should be inter-
preted cautiously, given differences in data splits, preprocessing, and evaluation
protocols.

6 Conclusions and Future Work

We have presented a systematic evaluation of multiple deep learning architec-
tures for breast lesion segmentation and detection in mammographic images,
comparing DSU-Net, VGG16-U-Net, and Faster R-CNN across heterogeneous
multi-source datasets. Through experiments on MIAS, INbreast, and DMID, we
have demonstrated that:

— DSU-Net’s dense block bottleneck and attention-gated decoder provide an
effective framework for mammographic lesion segmentation when trained on
clean, consistent annotations, offering improved feature reuse and selective
focus on lesion regions compared to a standard VGG16-U-Net baseline.

— Cross-dataset heterogeneity poses a fundamental challenge that prepro-
cessing alone cannot resolve. When annotation protocols are semantically
inconsistent, as in the INbreast + MIAS combination, even well-designed
architectures like DSU-Net fail to produce reliable predictions, while trans-
fer learning with VGG16 proves more resilient due to its stable pretrained
representations.

— Transfer learning via a VGG16 backbone significantly outperforms train-
ing from scratch on heterogeneous data, achieving 63% IoU on INbreast +
DMID, underscoring the importance of representational stability over archi-
tectural sophistication in low-data, multi-source regimes.

— Detection-based approaches (Faster R-CNN) require substantially more
training investment to be competitive, but represent a complementary di-
rection for lesion localization rather than boundary delineation.
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These findings suggest that annotation-protocol alignment is as critical as ar-
chitectural design for multi-source medical image segmentation, and that transfer
learning is a practical and effective strategy when training data is limited and
heterogeneous.

Future work should prioritize the following directions:

— Larger-scale training: Incorporating CBIS-DDSM and its curated ROI
masks would substantially increase training data volume and annotation
consistency, particularly for micro-calcification cases.

— Higher resolution: Training at 1024 x 1024 or higher would preserve fine
structural details critical for calcification segmentation, at the cost of in-
creased computational requirements.

— Advanced architectures: Exploring transformer-based encoders (e.g., Swin
Transformer) and hybrid CNN-Transformer designs could capture long-range
spatial dependencies beneficial for whole-mammogram segmentation.

— Clinical validation: Evaluating on multi-institutional external datasets
and measuring clinically relevant metrics (sensitivity at fixed specificity,
lesion-level detection rate) would assess real-world applicability.

— Multi-task learning: Jointly training for segmentation and classification
(benign vs. malignant) could enable a more complete CAD system and im-
prove segmentation through shared feature representations.
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