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Abstract. Breast ultrasound lesion segmentation is challenging due to
speckle noise, acoustic artifacts, and high variability in lesion appearance.
Although deep learning methods achieve strong performance on bench-
mark datasets, evaluation is often dominated by overlap-based metrics
that may not fully reflect clinically relevant segmentation quality. In this
work, we study the effect of training strategy on segmentation perfor-
mance and reliability under progressive speckle corruption. We com-
pare standard supervised training with fixed augmentation against a
curriculum that gradually introduces spatially correlated multiplicative
speckle noise during optimization. Experiments are conducted on the
PRECISE/PACE breast ultrasound dataset using U-Net, Attention U-
Net, TransUNet, and SegFormer-B0. Evaluation includes overlap-based
metrics, boundary-sensitive measures, lesion-level analysis, uncertainty
estimation with Monte Carlo dropout, and calibration assessment. Pro-
gressive speckle corruption improves Dice across architectures, with the
best performance achieved by Attention U-Net (0.8099). However, it re-
duces IoU and Surface Dice and generally increases HD95. It also leads
to higher failure rates and over-segmentation, particularly in malignant
and normal cases. In contrast, standard training yields better boundary
accuracy, improved calibration, and more reliable uncertainty estimates.
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The findings highlight the need for multi-metric evaluation beyond over-
lap measures when developing segmentation models for artifact-prone
ultrasound imaging.

Keywords: Breast Ultrasound · Lesion Segmentation; · Deep Learning
· Curriculum Learning · Predictive Uncertainty.

1 Introduction

Breast ultrasonography is a widely used imaging modality for lesion detection
and characterization due to its accessibility, portability, and lack of ionizing ra-
diation [4,19,16,10]. In clinical workflows, it supports not only detection but also
lesion characterization, treatment monitoring, and image-guided interventions

Despite its clinical utility, automated analysis of breast ultrasound remains
challenging. Image formation is affected by speckle noise, acoustic shadowing,
attenuation artifacts, and operator-dependent variability, often resulting in low
contrast and poorly defined lesion boundaries [9,21,12,24]. These factors make
accurate lesion delineation difficult, and can directly impact clinically relevant
measurements derived from segmentation outputs [12,24,20].

Deep learning methods, including convolutional, attention, and transformer-
based architectures, have significantly advanced medical image segmentation
[18,15,3,22,2,8]. In breast ultrasound, recent approaches have improved lesion lo-
calization through enhanced feature modelling and hybrid representations [2,17].
However, evaluation remains dominated by overlap-based metrics such as Dice
and IoU, which do not fully capture boundary accuracy, robustness under degra-
dation, or predictive reliability [11,23]. Consequently, improvements in bench-
mark scores may not reflect clinically meaningful performance gains.

This limitation is particularly critical in ultrasound imaging, where lesion
appearance is highly sensitive to speckle and other acquisition artifacts. While
standard training relies on fixed or randomly sampled augmentations, it does
not control exposure to progressively increasing degradation. Curriculum learn-
ing offers an alternative by gradually increasing task difficulty during training,
improving robustness under distribution shift [1,13]. However, its application to
progressive speckle corruption in breast ultrasound segmentation remains un-
derexplored, particularly in relation to model reliability and uncertainty.

Reliable deployment of segmentation systems also requires uncertainty-aware
predictions. Monte Carlo dropout enables approximate Bayesian inference by
performing stochastic forward passes at test time [6,14], while calibration metrics
assess the alignment between predicted confidence and actual performance [7].
These measures are essential in ultrasound imaging, where ambiguity arises from
weak boundaries and low-contrast regions.

In this work, we evaluate how training strategy under progressive speckle
corruption influences both segmentation performance and reliability in breast ul-
trasound lesion segmentation. We compare standard augmentation-based train-
ing with a curriculum that progressively introduces ultrasound-specific speckle
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degradation during optimization. Evaluation is designed to go beyond Dice by
incorporating boundary-sensitive metrics, lesion-level performance analysis, ro-
bustness under artifact conditions, and reliability assessment using uncertainty
estimation and calibration measures.

2 Methods

2.1 Dataset and Preprocessing

Experiments were conducted on the PRECISE/PACE Breast Ultrasound Chal-
lenge dataset, consisting of 3,116 images with corresponding expert-annotated
lesion masks [5]. The dataset was split into 70% training, 15% validation, and
15% testing using a fixed partition to ensure fair comparison across methods. All
images were resized to 256× 256 pixels and normalized. Contrast enhancement
was applied using Contrast Limited Adaptive Histogram Equalization (CLAHE).
During training, data augmentation included random flips, rotations and inten-
sity variations. Identical geometric transformations were applied to the corre-
sponding segmentation masks to preserve spatial alignment.

2.2 Training Paradigms

Standard Training The first paradigm follows conventional supervised training,
where images are sampled from a fixed augmentation distribution throughout
optimization. This serves as the baseline training strategy against which pro-
gressive corruption is evaluated.

Progressive Speckle Corruption The second paradigm progressively introduces
ultrasound-specific image degradation during training. Rather than exposing the
network to the full range of corruption levels from the outset, training begins with
uncorrupted images and gradually increases corruption intensity as optimization
progresses.

Speckle corruption was modelled as a spatially correlated multiplicative pro-
cess, Ic = I(1 + σS),, where I denotes the original image, Ic represents the
corrupted image, S is a spatially correlated noise field generated by Gaussian
smoothing of white noise, and σ controls the intensity of corruption. The inten-
sity of corruption was progressively increased according to a predefined schedule,
ranging from noise-free images (σ = 0) to heavily corrupted images (σ = 0.12).
Lesion masks remained unchanged throughout training, ensuring that only image
appearance was modified while anatomical structures were preserved.

2.3 Implementation Details

Segmentation Architectures To assess whether the effects of progressive corrup-
tion generalize across different segmentation paradigms, experiments were con-
ducted using four representative architectures: U-Net [18], Attention U-Net [15],
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TransUNet [3], and SegFormer-B0 [22]. These architectures collectively represent
convolutional, attention-enhanced, hybrid CNN-transformer, and transformer-
based segmentation approaches. All models were configured for binary lesion
segmentation and trained using identical data partitions and optimization set-
tings.

Optimization Details All models were optimized using AdamW with a com-
bined Dice and Binary Cross-Entropy objective. Learning rates were updated
using cosine annealing to promote stable convergence. A background suppres-
sion strategy was incorporated to reduce the influence of spurious activations
in non-lesion regions. Apart from the corruption schedule used in the progres-
sive training paradigm, all optimization settings were kept identical across ex-
periments to ensure that observed differences could be attributed solely to the
training strategy.

2.4 Evaluation Framework

Segmentation performance was evaluated using both overlap-based and boundary-
sensitive metrics. Region overlap was quantified using the Dice Similarity Coef-
ficient (DSC) and Intersection over Union (IoU). Boundary quality was assessed
using the 95th percentile Hausdorff Distance (HD95), Boundary F1 Score, and
Surface Dice. To evaluate robustness beyond conventional segmentation accu-
racy, additional analyses were performed across lesion types and imaging con-
ditions. Performance was assessed separately for benign and malignant lesions,
and artifact-specific evaluations were conducted under varying levels of speckle
corruption and acoustic shadowing.

2.5 Uncertainty and Calibration Analysis

Predictive uncertainty was estimated using Monte Carlo Dropout. During in-
ference, dropout layers were kept active and T stochastic forward passes were
performed for each input image, yielding a set of probabilistic predictions ptTt=1.
The predictive mean was computed as:

p̄ =
1

T

T∑
t=1

pt,

where pt denotes the predicted probability map from the t-th stochastic for-
ward pass.

Epistemic uncertainty was quantified using the predictive variance:

Uepi =
1

T

T∑
t=1

(pt − p̄)2,

which captures uncertainty arising from model parameter variability.
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Table 1. Overall segmentation performance under standard and progressive
training.

Model Training Dice ↑ IoU ↑ HD95 ↓ Surface Dice ↑

U-Net Standard 0.7552 0.7322 26.75 0.6551
U-Net Progressive 0.8064 0.6825 26.37 0.6210
Attention U-Net Standard 0.7546 0.7340 25.62 0.6586
Attention U-Net Progressive 0.8099 0.6883 26.47 0.6336
TransUNet Standard 0.7630 0.7401 18.92 0.6708
TransUNet Progressive 0.7939 0.6686 24.19 0.6039
SegFormer-B0 Standard 0.6705 0.5935 30.84 0.4995
SegFormer-B0 Progressive 0.7214 0.5756 32.07 0.4522

In addition, predictive entropy was computed to quantify overall uncertainty
in segmentation outputs:

H(p) = −
∑
c

pc log(pc),

where pc denotes the predicted probability for class c. Mutual information
was used to isolate epistemic uncertainty by measuring the divergence between
predictive entropy and expected entropy across stochastic forward passes. Cal-
ibration performance was evaluated using Expected Calibration Error (ECE),
which quantifies the discrepancy between predicted confidence and empirical
accuracy across confidence bins.

3 Results

3.1 Overall Segmentation Performance

Table 1 summarizes performance under standard and progressive training across
all architectures. Progressive speckle corruption improved Dice scores for all
models, with gains of 0.0512 for U-Net, 0.0553 for Attention U-Net, 0.0309 for
TransUNet, and 0.0509 for SegFormer-B0. The highest Dice score was achieved
by Attention U-Net under the progressive training.

However, improvements in Dice did not consistently translate to improve-
ments in boundary-sensitive metrics. IoU and Surface Dice decreased across
most architectures under progressive training. Similarly, HD95 exhibited mixed
behaviour: while a slight improvement was observed for U-Net, increased bound-
ary errors were recorded for Attention U-Net, TransUNet, and SegFormer-B0.
Fig. 1. presents qualitative segmentation results for representative test cases
under both training paradigms.

3.2 Lesion-Specific Performance

Across both training paradigms, performance was consistently higher on benign
lesions compared to malignant lesions. Under standard training, Dice scores were
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Fig. 1. Qualitative predictions for test cases using best model under each paradigm.

Table 2. Lesion-specific segmentation performance (core metrics).

Training Lesion Type Dice ↑ Failure Rate ↓ Surface Dice ↑

Standard Benign 0.8433 12.07% 0.7856
Progressive Benign 0.8047 16.90% 0.7351
Standard Malignant 0.7812 18.06% 0.5978
Progressive Malignant 0.7684 25.69% 0.5670

0.8433 for benign lesions and 0.7812 for malignant lesions. Progressive training
preserved this trend but resulted in a moderate reduction in lesion-level accuracy.

Standard training achieved lower failure rates and improved boundary accu-
racy for both lesion categories. HD95 increased substantially under progressive
training, rising from 14.48 to 28.98 for benign lesions and from 27.85 to 33.18
for malignant lesions.

Under-segmentation remained the dominant failure mode across all settings,
especially for malignant lesions, which exhibited more irregular and heteroge-
neous boundaries compared to benign cases.

Normal cases were excluded from lesion-specific evaluations due to the ab-
sence of lesion masks. Instead, false-positive behaviour was analysed separately,
where over-segmentation increased from 32.35% under standard training to 50.00%
under progressive training, indicating a higher tendency toward spurious lesion
predictions under strong corruption exposure.



Reliability in Breast Ultrasound Segmentation 7

Table 3. Lesion-specific error characteristics under standard and progressive
training.

Training Lesion Type Under-seg. ↓ Over-seg. ↓ HD95 ↓

Standard Benign 8.62% 3.45% 14.48
Progressive Benign 8.62% 7.24% 28.98
Standard Malignant 13.19% 4.17% 27.85
Progressive Malignant 18.75% 6.25% 33.18

Table 4. Segmentation performance under different artifact conditions

Training Artifact Category Mean Dice ↑ ∆ vs. No Artifact

Standard No artifact 0.8181 —
Standard Speckle 0.7621 -0.0560
Standard Shadowing 0.6357 -0.1824
Progressive No artifact 0.7938 —
Progressive Speckle 0.7342 -0.0596
Progressive Shadowing 0.5682 -0.2256

3.3 Robustness under Ultrasound-Specific Artifacts

Table 4 shows the effect of ultrasound artifacts on segmentation performance.
Both training paradigms exhibited performance degradation under artifact-contaminated
images. Under standard training, Dice score decreased from 0.8181 on artifact-
free images to 0.7621 under speckle corruption and further to 0.6357 under acous-
tic shadowing. A similar trend was observed for progressive training, where Dice
de-creased from 0.7938 (no artifact) to 0.7342 (speckle) and 0.5682 (shadowing).

When comparing relative performance drops, progressive training showed
slightly better robustness to speckle corruption, with a smaller reduction in Dice
compared to standard training. However, both paradigms exhibited substantial
degradation under acoustic shadowing, with larger performance drops observed
in the progressive setting.

3.4 Uncertainty and Reliability Analysis

To evaluate reliability beyond segmentation accuracy, uncertainty and calibra-
tion analyses were performed on the best model from each training paradigm.

Progressive training exhibited higher uncertainty compared to standard train-
ing, as reflected by increased entropy and reduced mutual information. This
suggests greater variability in model predictions under stochastic inference.

Calibration analysis further revealed a degradation in confidence alignment
under progressive training. The Expected Calibration Error (ECE) increased
relative to standard training, indicating a larger mismatch between predicted
confidence and observed segmentation accuracy.
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Table 5. Uncertainty and reliability metrics for best-performing models.

Training Best Model Entropy ↓ MI ↓ ECE ↓ Pixel Acc. ↑

Standard TransUNet 0.0231 0.0011 0.0185 0.9741
Progressive Attention U-Net 0.0279 0.0005 0.0227 0.9690

Overall, the standard TransUNet demonstrated more stable and better-calibrated
predictions, whereas the progressively trained model showed improved robust-
ness in Dice score but reduced reliability in confidence estimation.

4 Discussion and Conclusion

The results demonstrate that training strategy significantly influences segmenta-
tion behaviour in breast ultrasound lesion segmentation. Across all evaluated ar-
chitectures, progressive speckle corruption consistently improved Dice scores, in-
dicating enhanced region-level overlap with ground truth annotations. However,
these gains were not consistently reflected in boundary-sensitive or reliability-
oriented evaluation metrics. In particular, progressive training led to reduced
Surface Dice and increased HD95 in most architectures, suggesting reduced
boundary precision despite improved volumetric agreement. Lesion-specific anal-
ysis further revealed higher failure rates and increased over-segmentation under
progressive training compared with standard training. These findings indicate
that improvements in Dice do not necessarily translate into improved geometric
accuracy, particularly in regions where lesion boundaries are poorly defined.

Malignant lesions remained consistently more challenging to segment than
benign lesions under both training paradigms, reflecting their greater hetero-
geneity and less distinct boundary characteristics. Although progressive training
slightly reduced performance disparities in some metrics, it did not improve ab-
solute segmentation performance for malignant lesions.

Beyond segmentation accuracy, artifact and reliability analyses highlight ad-
ditional limitations of progressive speckle corruption. While this strategy im-
proved robustness to speckle-like intensity variations, it did not consistently gen-
eralize to more severe structural artifacts such as acoustic shadowing. Moreover,
progressively trained models exhibited higher false-positive rates in normal cases
and less favourable calibration behaviour, indicating reduced reliability despite
improved Dice performance. In contrast, standard training produced more sta-
ble boundary predictions and better uncertainty estimates, as reflected by lower
ECE and more consistent predictive behaviour. This suggests that while progres-
sive corruption improves robustness to stochastic texture variations, it does not
consistently improve reliability under structurally complex imaging conditions.

Together, these results highlight the limitations of relying solely on overlap-
based metrics to evaluate segmentation performance in ultrasound imaging.
More broadly, they suggest that curriculum-based speckle augmentation alone is
insufficient to capture the full spectrum of ultrasound degradation. Future work
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should explore multi-type artifact modelling and adaptive corruption strategies
that better reflect the diversity of clinical ultrasound conditions.

Limitations Experiments were conducted on a single dataset, and used fixed
progressive corruption schedule. Uncertainty estimation was also limited to Monte
Carlo dropout. Future work should include multi-center validation, broader ar-
tifact modelling, and additional uncertainty quantification strategies.
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