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Abstract. Microcalcifications are among the first signs of breast cancer
and early detection can completely change the course of treatment and
recovery of a patient. However, they are extremely small, often only a
few pixels, and very hard to detect against dense breast tissue, so they
are easily overlooked during routine checks, and such human mistakes
can delay diagnosis and treatment. Automatically localizing them is very
difficult, given the severe tumor to background imbalance. We propose a
unified multi-stage framework for automated microcalcification analysis
that combines semantic segmentation, patch level false-positive suppres-
sion, detection based false-negative recovery, and image-level BI-RADS
assessment within a single workflow. We further investigate the impact
of different segmentation architectures, domain-specific foundation model
initialization, and detection strategies on the overall pipeline performance.
Our results on the INbreast dataset show that the proposed multi-stage
design reduces both false positives and missed lesions, substantially in-
creasing the proportion of lesions the complete pipeline recovers, while
pixel-level segmentation remains on par with strong domain-pretrained
baselines.
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1 Introduction

Breast cancer is one of the leading causes of cancer-related mortality among
women [1]. The treatments that we currently have available seem to be very
efficient when they are applied in the early stages of the developing cancer [2].
Therefore, it is very important to be able to detect breast cancer as fast as
possible with convenient and accessible tools [3]. In some parts of the world,
screening is exceptionally hard to access, therefore, developing a medical tool
based on an automated artificial intelligence system would be highly valuable [4].

Moreover, a comprehensive survey on deep learning techniques for the detec-
tion and classification of mammography abnormalities [5] highlights two critical
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weaknesses in current approaches. First, these methods tend not to materialize in
clinical practice due to a lack of standardized information, specifically, the failure
to include standard clinical terminology and metrics used by medical specialists,
such as the Breast Imaging-Reporting and Data System (BI-RADS) score. Sec-
ond, existing solutions rarely focus on discovering precursor abnormalities. While
automatically detecting large tumor masses is beneficial, it is not as thorough or
time-consuming a task as finding microcalcifications.

Microcalcifications are tiny deposits of calcium which can easily be missed on
a mammogram [6]. While the presence of microcalcifications is not a definitive
sign of carcinoma and it depends heavily on the morphology and dispersion of
the calcium deposits, they remain among the most critical radiologic indicators
of early-stage, non-palpable breast malignancies. Roughly 30% to 50% of non-
palpable breast cancers are caught purely because these tiny spots appear on
a mammogram [7]. Microcalcifications most commonly signal specific types of
pre-invading and early invasive breast cancers, notably Ductal Carcinoma In Situ,
Invasive Ductal Carcinoma and Lobular Carcinoma In Situ [8,9].

There are two major challenges to this task. The first is data scarcity and
privacy constraints, a common problem for most medical imaging tasks. The
second is extreme class imbalance. Because the INbreast dataset is currently the
only public dataset providing precise, semantic pixel-level segmentation masks
for individual microcalcifications, it was chosen for conducting our experiments.

In this paper, we propose a pipeline to find most microcalcifications, either by
doing pixel wise semantic segmentation or by determining a bounding box localiza-
tion. Finally we also assign a BI-RADS score to each. The purpose of this system
is to find all microcalcifications, without having too many false-positives (FP), a
common problem for a task based on limited medical datasets with small regions
of interest. The main contributions of this work are summarized as follows: We
introduce a multi-stage mammography analysis pipeline that combines segmen-
tation, false-positive filtering, false-negative recovery, and BI-RADS prediction
for comprehensive microcalcification assessment. We systematically investigate
the contribution of each stage and quantify how segmentation, classification, and
detection interact to improve the overall clinical performance.

2 Related Work

A review of current literature shows a significant gap between research develop-
ment and the actual adoption of such a technique in hospitals. In many approaches,
segmentation is utilized not as the final objective, but rather as an intermediate
step to facilitate some other tasks. For instance, the DeepMiCa framework [10]
leverages semantic segmentation on the INbreast dataset to generate refined
pixel-wise masks for the Curated Breast Imaging Subset of Digital Database
for Screening Mammography (CBIS-DDSM) dataset. Their ultimate goal is to
improve patch-level classification of benign and malignant regions, thereby re-
ducing the need for unnecessary biopsies. Improved segmentation directly drives
the performance of their final clinical scope. Similarly, the work in [11] uses
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segmentation primarily to eliminate artifacts from mammograms. Another critical
challenge in this domain is preserving the structural integrity of extremely small
anomalies during preprocessing. The work in [12| addresses this by proposing a
Fully Convolutional Network (FCN) designed to process mammograms at their
native, high-resolution scale. They show that down-sizing mammograms can lead
to the loss of actual tumor pixels due to the scale of the microcalcifications. Un-
fortunately they don’t report segmentation specific metrics like IoU or Dice score.
Overall, there are few semantic segmentation studies on microcalcifications, as
mentioned in this review [4]. Something very useful for our problem was the work
in [13] that introduces Mammo-CLIP, a domain specific foundation model that we
can use to initialize an EfficientNet-B5 encoder, which gave our base segmentation
model an improvement over ImageNet weights initialization. Furthermore, its ap-
proach to overcoming data scarcity through large-scale mammogram-report pairs
aligns perfectly with our pipeline’s purpose of maximizing performance on small,
highly imbalanced medical datasets. Mammo-CLIP was trained on digitalized
mammograms just like our data, unfortunately there are no segmentation masks
associated with that dataset.

3 Methodology

3.1 Pipeline

In Fig. 1 we can see the workflow of our proposed pipeline. The input mammo-
grams are split in patches and fed to the classification and base segmentation
network. Patches containing masks are forwarded directly, while empty patches
are routed to the detection module for recovery of FN patches. The resulting
masks and bounding boxes are unified with a global BI-RADS prediction.

SEGMENTATION - o
PATCH SPLITTING & CLASSIFICATION UNIFIED PATCH RESULT

INTEGRATED PIPELINE
INPUT MAMMOGRAPHY RESULT

DETECTION
(FN RECOVERY)

GLOBAL IMAGE-LEVEL
CLASSIFICATION

FINAL BI-RADS SCORE: 4b

FINAL BI-RADS
(WHOLE IMAGE)

Fig. 1. Visual representation of our pipeline.
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3.2 Datasets

INbreast We conducted our experiments on the INbreast dataset [14], which
comprises a total of 410 mammograms, 313 of which contain calcifications. IN-
breast is particularly valuable for this task because it offers pixel-level annotations
for microcalcifications and a BI-RADS score for each image. To our knowledge,
it is the only public dataset of its kind (digital mammograms with pixel level mi-
crocalcifications annotations), similar repositories, such as the Weizmann/Sheba
Medical Center dataset [12]|, have not been publicly released. The BI-RADS
score directly correlates with potential malignancy. From a score of 4 and above,
findings are clinically considered suspicious. In our dataset, 85% of images with a
BI-RADS score > 4 contain microcalcifications, while only 15% contain mass-only
tumors. Before splitting the image into patches, we removed the black background
from the sides of the breast tissue, and then we padded the image until it reached
sizes divisible by the size of the 256 x 256 patch. Image interpolation during
resizing can erase small microcalcifications, so we avoid it.

CBIS-DDSM Because the INbreast dataset is limited we used the CBIS-
DDSM [15] as a pre-training dataset. CBIS-DDSM consists of digitized screen-
film mammograms and provides coarse, cluster-level annotations instead of the
pixel-level microcalcification contours available in INbreast. It therefore differs
from INbreast both in acquisition modality and in annotation granularity. Images
and masks were passed through the same preprocessing stages as for INbreast.

3.3 Classification Models

BI-RADS Classification Model Due to the extreme class imbalance, models
face severe rates of both false-negatives and false-positives. To address this, we use
a classification model as a mechanism to determine whether to apply the segmen-
tation model or the detection model. Beyond localizing the microcalcifications,
we want to predict the associated BI-RADS score to bridge the communication
gap between deep learning specialists and medical professionals highlighted by
prior work [5].

We evaluated several architectures, including ResNet50 [16], EfficientNet [17],
and InceptionV3 [18], training them with loss functions tailored for medical data.
The combination of a ResNet50 backbone with Focal Loss outperformed all other
configurations and we can see detailed results in Table 1.

Table 1. Classification report metrics of our best ResNet50 model.

Metric 1 2 3 4a 4b 4c 5 6 Acc. Macro W. Avg

Precision 0.91 0.92 1.00 1.00 1.00 0.94 0.98 1.00 - 0.97 0.94
Recall 0.88 0.99 0.83 1.00 0.88 0.77 0.90 1.00 - 0.90 0.94
Fl-score 0.89 0.95 0.90 1.00 0.93 0.85 0.94 1.00 0.94 0.93 0.94
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False-Positive Gatekeeper Classification Model For the gatekeeper against
false-positives, we utilize an auxiliary segmentation patch-classifier to determine
if an image patch consists of healthy tissue or a calcification. We conducted
extended experiments with different augmentation techniques, CLAHE, patch
sizes, balanced data, unbalanced data. The most important choice here proved
to be the model. We used MedCLIP [19] and ResNet50 as before, but in this
case MedCLIP obtained better results than ResNet50. The detailed results are
available in Table 2 and we are particularly interested in class 1, which represents
microcalcifications.

Table 2. Classification report: 0-healthy tissue, 1-microcalcification, 2-mass

Model Metric 0 1 2 Acc. Macro W. Avg
MedCLIP, Precision 0.86 0.94 0.85 — 0.88 0.91
CLAHE, Recall 0.92 092 0.54 - 0.79 0.91
Patches w/ calc. Fl-score 0.89 0.93 0.66 0.91 0.83 0.91

3.4 Detection

For detection we trained two detectors on the same 256 x 256 patches, using
cluster-level bounding boxes obtained from the ground truth segmentation masks:
a RetinaNet [20] with an EfficientNet-B5 backbone initialized from Mammo-
CLIP and a YOLOv11 Medium [21] initialized from its COCO pretrained weights.
RetinaNet performs better and this is likely attributed to its focal loss, which is
designed for exactly the extreme background imbalance and dense, small targets
that characterize microcalcifications, and because its EfficientNet backbone lets
us reuse the same Mammo-CLIP encoder as our segmentation models.

3.5 Segmentation

We tried to modify the existing AttentionUNet [22] to utilize a dual-encoder
design to process at the same time a high-resolution central patch for fine
details and a 3 x 3 grid of neighboring patches meant to capture surrounding
tissue context. These two streams are merged at the bottleneck via a learned
channel gate, ensuring the broader spatial context modulates the micro-level
features without diluting them. Finally, an attention-gated decoder filters the skip
connections to accurately pinpoint the tiny microcalcifications while effectively
ignoring background artifacts. These changes were motivated by the fact that we
split our mammograms into patches and we tried to keep the context of each.
This is the only configuration trained from scratch, as no pretrained encoder
is directly compatible with its 9-channel input. The comparison against the
remaining models therefore confounds architecture with initialization, and we
report it as a negative result.
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For training our models we split the data in the following way: 80% for
training, 10% for validation and 10% for testing. To prevent data leakage across
sets, we ensured that all patches from a given mammogram remain within a single
fold. The network was trained using a compound objective function, specifically
the DiceBCELoss function which combines two distinct metrics to evaluate the
model’s predictions (1). We evaluated all models with 5-fold cross-validation.

2 EIJ\L1 piyi +1
PORRFIED DARETE D
(1)
We used Adam optimizer (learning rate 1 x 10~%, batch size 8) and twice as
many negative patches as positive ones. Data augmentation included geometric
manipulations (flips and 90° rotations coupled with a matching permutation of
neighbor channels) and mild intensity jitter. Training ran for up to 300 epochs
with an early stopping patience of 20 epochs based on validation foreground Dice.
For the EfficientNet-based models (ImageNet and Mammo-CLIP-initialized U-
Net, Attention-U-Net, and SegFormer [23]), grayscale patches were replicated to
three channels and normalized with ImageNet statistics to match the pretrained
encoder. We minimized the compound loss objective with the AdamW optimizer
(weight decay 1 x 10~*) using discriminative learning rates—1 x 10=* for the
decoder and 1 x 1075 for the pretrained encoder, which was frozen for the first 3
epochs so the decoder could adapt before the pretrained weights were updated.

N
Lrotar = — Z [yilog(pi) + (1 — yi) log(1 — pi)] + 1 —
i—1

1
N

Pre-training on CBIS-DDSM To overcome the severe limitations of training
on a small dataset, we tried to pre-train the network on the CBIS-DDSM dataset.
The pre-training stage focuses heavily on calcification localization, while fine
boundary delineation is supposed to be left for the fine-tuning stage on INbreast.
The best model weights from pre-training were used to initialize the INbreast
model, which was fine-tuned with frozen encoders for a 5-epoch warm-up, followed
by full-network optimization.

4 Results

We evaluated eight segmentation configurations (IDs 1-8 as we can see in Table 3).
Model 1 is a custom Dual Encoder Attention U-Net trained from scratch using a
9-channel input. Models 2 (ResNet-50) and 3 (EfficientNet-B5) serve as generic
U-Net baselines initialized with ImageNet weights. To assess domain-specific
initialization, Models 4, 6, and 7 employ an EfficientNet-B5 backbone initialized
with Mammo-CLIP weights, paired with standard U-Net, Attention U-Net,
and SegFormer decoders, respectively. Model 5 extends Model 4 via a two-stage
pretraining approach (Mammo-CLIP — CBIS-DDSM). Finally, Model 8 evaluates
a cascade approach using RetinaNet bounding boxes to prompt a fine-tuned
MedSAM [24]. Mammo-CLIP initialization gives the best segmentation score
of 0.695, ahead of the ImageNet EfficientNet-U-Net 0.673 and ahead of the
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context model trained from scratch 0.559. This gap reflects the dominance of
pretraining rather than a deficiency of the dual-encoder design itself (Sect. 3.5).
The classification gate adds ~ 0.11-0.21 Dice by filtering FPs, and the RetinaNet
rescue consistently outperforms YOLOv11l. We made an analysis about FP
catching, of 45 FP patches the classifier suppressed 43 (95.6%), but it wrongly
removed 10 of 116 true lesion patches. For FN rescue the detection found a total
of 345/403 (=~ 86%), including 42 lesions detected but never segmented. We can
see our results in Table 3. Segmentation is evaluated using Dice score. Patches
that reach the false negative rescue phase are evaluated using mAP@50. In Fig. 2
we can observe how the different models integrated in the pipeline performed.

Table 3. Performance metrics across the pipeline stages. (a) Segmentation Dice scores
for the base segmentation models and after the classification gatekeeper. (b) Standalone
detection performance (mAP@50) for the rescue models.

(a) Segmentation (Dice) (b) Detection (mAP@50)

ID Model Base + Classifier RetinaNet YOLOv11
1 DualEncoderUNet (ours) 0.5590 £ 0.0210 0.7657 0.7641 0.4426

2 U-Net (ResNet-50, ImageNet) 0.6521 £ 0.0254 0.7824 0.7794 0.3676

3 EfficientNet-B5 U-Net (ImageNet) 0.6728 £+ 0.0243 0.7967 0.7834 0.4066

4 Mammo-CLIP U-Net (EfficientNet-B5) 0.6950 + 0.0253 0.8165 0.7770 0.4046

5 Mammo-CLIP — CBIS — INbreast 0.6832 £ 0.0297 0.8143 0.7227 0.3254

6 Mammo-CLIP Attention-U-Net 0.6880 £ 0.0259 0.8303 0.8018 0.4478

7 Mammo-CLIP SegFormer-MLP 0.6738 £ 0.0329 0.7920 0.8195 0.5035

8 MedSAM cascade (RetinaNet boxes)  0.6406 £ 0.0244 0.7954 0.4154 0.1987

MC-GenRef [25] (SoTA) 0.80 -

Domain gap analysis. In the base segmentation stage, the two-stage model
(ID 5) reaches 0.6832 against 0.6950 for direct Mammo-CLIP initialization (ID
4). The difference is less than the fold-to-fold variability of either configura-
tion (£0.0297 and £0.0253). Rather than a degradation, this indicates that
the additional pretraining stage did not produce measurable benefit, for which
we identified three likely causes. First, the annotation granularity: cluster-level
regions reward coarse blob localization, whereas the target task requires pixel-
precise delineation of individual deposits, so the decoder is pretrained towards an
objective that partially conflicts with the downstream one. Second, the non-linear
film response and digitization noise of screen-film acquisitions differ from full-field
digital images precisely in the high-frequency band where microcalcifications
reside. Third, redundancy rather than mismatch may also contribute: the encoder
already carries Mammo-CLIP weights learned in-domain on digital mammograms,
so a second pretraining stage on out-of-domain data can mainly overwrite repre-
sentations that were already well matched to the target distribution. Consistent
with this reading, the two-stage model converges faster but does not generalize
better, suggesting that a pretext task decoupled from mask granularity (con-
trastive or reconstruction-based) would be a more productive use of CBIS-DDSM
than supervised segmentation.
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Fig. 2. Full mammogram view (left) and two corresponding zoomed regions of interest
demonstrating different model predictions, ID for model from left to right 6, 7. The
rightmost image is showcasing an example where our segmentation identifies most, but
not all, microcalcifications.

5 Conclusions and Future Work

We presented an integrated framework for microcalcification segmentation and
classification, demonstrating that pipeline success relies heavily on auxiliary
stages and transfer learning rather than architectural complexity. Domain-specific
pretraining (Mammo-CLIP) outperformed generic ImageNet weights and models
trained from scratch, while decoder choice proved marginal. At the lesion level,
the auxiliary stages dominate: a classification gatekeeper substantially reduced
false positives, and a RetinaNet detector recovered lesions the segmentation
branch had missed, bringing all architectures to comparable coverage. Moreover,
our solution also provides a BI-RADS score.

Limitations. The full pipeline is validated on INbreast alone. It remains,
to our knowledge, the only public dataset with pixel-level masks for individual
microcalcifications, but with 313 calcification-bearing images it is small, and in
the absence of an external test set the values reported here are indicative rather
than generalization estimates. Our splits are also constructed at image level, so
multiple views of the same breast may fall in different folds. The gatekeeper
trades sensitivity for specificity, discarding 8.6% of true lesion patches, which
is tolerable here only because the detection branch recovers part of them; the
operating point would require explicit tuning before clinical use.

Future work will evaluate our framework using patient-level splits on larger,
multi-source datasets with explicit histopathological outcomes. We will also
explore pretext tasks for CBIS-DDSM that are decoupled from annotation gran-
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ularity, in order to make cross-domain pretraining beneficial rather than neutral.
We further plan to inflate the pretrained stem convolution to the required number
of input channels, which would allow the spatial context design to be evalu-
ated independently of initialization. Finally, we aim to investigate multimodal
foundation models like MedCLIP-SAMv2 and interactive prompting methods
like point-wise annotations to develop a human-in-the-loop system. Providing
specialists with this level of interactive control is critical for clinical adoption.
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