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Abstract. Ultrasound biometry underpins prenatal, intrapartum, and
cardiac assessment, but many measurements remain time-consuming and
operator-dependent. The MICCAI 2026 Foundation Model Challenge
for Ultrasound Biometry asks a single model to localize task-specific
landmarks across several ultrasound domains. We address this setting
with a semi-supervised, multi-task detector. The method combines a
DINOv3-pretrained encoder, CBAM heatmap heads, an exponential-
moving-average teacher, task-aware measurement losses, and DARK sub-
pixel decoding. The submitted model achieved an MRE of 24.96 and
an MAE of 27.48 on the official challenge test set. On a fixed internal
split, the best macro-validation MRE was 18.4827, 13.98% lower than the
recorded DINOv2 supervised baseline. In a verified original-scale com-
parison, semi-supervised DINOv2 reduced MRE from 63.346 to 38.644
relative to supervised DINOv2. DARK provided only a small benefit
over argmax for identical heatmaps. These results support the use of
unlabelled data while placing the decoder contribution in proportion.

Keywords: Ultrasound biometry - Semi-supervised learning - Land-
mark detection - Multi-task learning

1 Introduction

Ultrasound biometry translates anatomical observations into clinically useful
lengths, angles, diameters, and circumferences. Fetal head, abdominal, and fe-
mur measurements inform prenatal growth assessment [3]. The angle of progres-
sion (AOP) supports intrapartum monitoring [4], whereas chamber and vascular
measurements are central to cardiac assessment [5,6]. In routine practice, how-
ever, many of these measurements remain manual or semi-automated and vary
with operator experience and image quality.

Artificial intelligence has automated individual ultrasound tasks, including
fetal-plane detection and localization [7]. Most systems nevertheless remain tied
to one anatomy, view, or clinical parameter. The MICCAI 2026 Foundation
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Model Challenge for Ultrasound Biometry instead poses a multi-domain, multi-
task landmark detection problem [1, 2]. A task identifier selects the relevant land-
mark template, and task-specific geometry converts the predicted landmarks into
biometric parameters. Success therefore depends on transferable image features,
precise localization, and effective use of sparsely labelled data.

We adapt a DINOv3-pretrained visual encoder to this heterogeneous bench-
mark [12, 13]. Task-specific CBAM heads predict landmark heatmaps [15], while
an EMA teacher supplies soft targets for unlabelled images [16]. Task-aware
losses connect landmark learning to the required measurements, and DARK re-
fines the final coordinates [19]. The resulting framework accommodates different
landmark templates without abandoning a shared representation. We assess the
submitted system on the official challenge test set and use a fixed internal split
for verified comparisons of semi-supervised training and heatmap decoding.

2 Related Work

Deep learning approaches to ultrasound biometry include segmentation, heatmap
regression, landmark detection, and view classification [7—11]. These methods
have reduced manual work for specific measurements, but most address one
anatomical region or measurement family. Here, a single model spans prenatal,
intrapartum, and cardiac tasks.

Self-supervised visual representations have become common starting points
for medical image analysis [12-14]. For ultrasound, pretraining may aid transfer
across devices, views, and variable speckle patterns. We use DINOv3 as a pre-
trained feature extractor; we do not train a new ultrasound foundation model.

Landmark annotation is costly, particularly when each task requires a differ-
ent template. Mean Teacher methods use exponential moving averages to obtain
more stable targets from unlabelled data [16-18]. In our detector, the teacher
produces soft heatmap targets during training but is not part of the inference
output.

Heatmap regression retains spatial information, although discrete heatmap
coordinates introduce quantization error. DARK recovers sub-pixel coordinates
from the predicted distribution [19]. This refinement is pertinent to biometry
because small landmark offsets can propagate into length and angle errors.

3 Method

3.1 Task Formulation and Benchmark

Given an ultrasound image x; and task identifier ¢;, the model predicts task-
specific landmarks and converts them into biometric parameters:

By = folwi,t) = {(@n di) ey i = g2 (B, (1)
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Fig. 1. Overview of the semi-supervised multi-task ultrasound biometry framework.
A DINOv3-pretrained encoder feeds task-specific heatmap branches; the EMA teacher
provides pseudo-heatmap supervision during training, and DARK decoding converts
predicted heatmaps into biometric parameters at inference.

where K, is the number of landmarks for task ¢;. The function g¢;, represents
a task-specific geometric computation, such as a distance, angle, diameter, or
circumference.

Figure 1 summarizes the task setting. The benchmark includes prenatal tasks
(HC, FA, FUGC, and fetal femur), intrapartum AOP, and cardiac tasks (A4C,
PLAX, PSAX, and IVC). Their landmark counts, target scales, anatomical ap-
pearances, and measurement geometries differ substantially.

3.2 Model and Semi-supervised Training

The shared backbone is a DINOv3-pretrained visual encoder [13]. It maps images
from the different ultrasound domains into a common feature representation.
Each task-specific head then applies CBAM channel and spatial attention before
predicting one heatmap for each required landmark [15].

Sharing the encoder allows information to transfer across domains, whereas
separate heads preserve the output dimensionality and measurement geometry
of each task. This arrangement avoids imposing one fixed landmark layout on
anatomically distinct targets.

Training combines labelled and unlabelled images. Labelled samples super-
vise the student heatmaps directly. On unlabelled data, the student is matched
to heatmaps from a teacher network. The teacher receives no gradients and is
updated after each student step by an exponential moving average:

Or <+ abr + (]. - 04)95, (2)

where O and g denote teacher and student parameters, and « is the EMA
decay factor.

For an unlabelled image x,, the teacher produces pseudo-heatmaps Hr(x,,)
and the student predicts Hg(z,,). The consistency loss is:

£cons = ||HS('ru) - HT(xu)Hg . (3)
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The soft heatmaps retain spatial uncertainty instead of reducing the teacher
output to coordinates. The verified experiments used a fixed confidence threshold
of 0.0 and did not apply non-zero confidence filtering.

For labelled samples, the supervised heatmap term compares the student
prediction with the Gaussian target heatmap,

1 )
‘Cheatmap = T35 Z IlHS(xl) - H’L H27 (4)
|Bl| 1€B;

where B; is a labelled mini-batch and H} is the corresponding target. For a
task with an annotated biometric value m;, differentiable coordinates E are
obtained from the predicted heatmaps and converted by g¢,. The measurement-
aware terms are

1 ~
Langle = 75— ’QAOP P;) —my|,
g IBAOP| iEBZAOP ( )
1 - (5)
Eparam - — Z ’gtL (R) — myg| .
|Bparam| i€Bparam

The first term is restricted to AOP samples, whereas the second covers tasks
for which a differentiable scalar biometric parameter is available. The training
objective is

L= ['heatmap + /\consﬁcons + Aangleﬁangle + )\para7rL£param~ (6)

The recorded values were Acons = 0.3, Aangte = 0.05, Apgram = 0.10, and
a = 0.99; these weights were fixed throughout training rather than ramped.
Geometric augmentation was applied jointly to each image and its landmark
targets and was therefore part of data preparation, not an additional loss term.

3.3 Inference and Biometric Parameter Computation

At inference, the task identifier selects the relevant heatmap head. The teacher
is discarded, and DARK converts the student heatmaps into sub-pixel landmark
coordinates. The task-specific function g;, then computes the corresponding bio-
metric parameter.

The output consists of task-specific landmarks and their derived biometric
values rather than a generic segmentation mask or class label.

4 Experiments

4.1 Experimental Setting

We used a fixed internal split of the data available for the MICCAI 2026 Founda-
tion Model Challenge for Ultrasound Biometry. It covers A4C, AOP, FA, FUGC,
HC, IVC, PLAX, PSAX, and fetal femur, each with its own landmark template.
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The submitted-model result is from the official challenge test set; all other results
are internal development or controlled-evaluator results unless stated otherwise.
The available records do not provide per-task sample or landmark counts.

Let Py, and Pitk denote the reference and predicted coordinates of landmark
k in image 7 from task t. The task-level radial error is the mean Euclidean dis-
tance ||1f’,,5;C — Pji1||2 over valid landmarks and images. Macro-validation MRE av-
erages these task-level errors with equal weight across the nine tasks. This metric
was calculated in the common resized evaluation space and used for checkpoint
selection. Original-scale MRE applies the same calculation after inverse resizing.
The controlled evaluator additionally reports MAE as the mean absolute devia-
tion over its valid scalar coordinate entries after inverse resizing; both controlled
metrics are therefore reported in pixels. The official test MRE and MAE are the
values returned directly by the challenge evaluator and were not recomputed lo-
cally. Because the official, resized internal, and controlled original-scale records
use different evaluation spaces and aggregation pipelines, their absolute values
should not be compared directly.

Images were resized to 512 x 512. A task-stratified 80:20 split with ran-
dom seed 42 produced 5,414 labelled training images and 1,354 validation im-
ages. Pseudo-label training additionally used 191,170 unlabelled images. Eight
tasks used semi-supervised training. Fetal femur had no unlabelled images and
therefore used a fully supervised fallback in every semi-supervised configuration.
Targets were 64 x 64 Gaussian heatmaps with ¢ = 1.8. The backbone was DI-
NOv3 ViT-S/16 (vit_small_patch16_dinov3.1vd1689m). Teacher and student
started from the same checkpoint. Gradient descent updated the student encoder
and heads, while Eq. (2) updated the teacher.

We trained for 40 epochs with AdamW and cosine annealing (Tmax = 40,
Nmin = 1076). The overall, backbone, and head learning rates were 1074, 2 x
107°, and 1073, respectively. Labelled and unlabelled batch sizes were both
4. Augmentation comprised shift-scale-rotation, brightness and contrast jitter,
Gaussian noise, normalization, and tensor conversion. The consistency weight,
confidence threshold, angle-loss weight, parameter-loss weight, and EMA decay
were 0.3, 0.0, 0.05, 0.10, and 0.99, respectively. Thus, the verified experiments
did not apply non-zero confidence filtering. Historical trials with thresholds of
0.1-0.3 were excluded because they lacked evaluation with the common pipeline.
DARK was used at inference unless otherwise stated.

The checkpoint with the lowest validation MRE was retained and used for the
official submission. Original-scale evaluation was performed separately to assess
pixel-domain localization after mapping predictions to source-image coordinates.

4.2 Overall Performance

The official challenge test evaluator returned an MRE of 24.96 and an MAE of
27.48 for the retained submitted checkpoint (Table 1). These are official test-
set outputs rather than public or internal validation scores. They are reported
separately from the internal and controlled evaluations because their coordinate
spaces and evaluation pipelines differ.
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Table 1. Official challenge test result for the submitted model.

Submission MRE | MAE |
Proposed model 24.96 27.48

Table 2. Principal comparison on the fixed internal validation split.

Model / setting Backbone Best epoch Best MRE | Final MRE |
DINOv2 supervised baseline DINOv2 - 21.4877 -
Proposed model DINOv3 31 18.4827 18.6927

MRE denotes macro-validation mean radial error.

The proposed model attained a best macro-val MRE of 18.4827 at epoch 31
and an MRE of 18.6927 at the final epoch (Table 2). Relative to the recorded
DINOv?2 supervised baseline, the best error decreased by 3.0050, or 13.98%. This
internal comparison is not numerically comparable with the official test result
because the evaluation spaces differ.

4.3 Effect of Semi-supervised Learning

Table 3. Verified original-scale comparison of backbone and training strategy using
the common split and evaluator. Values are in pixels.

Configuration MRE | MAE |
DINOv2 supervised 63.346 110.225
DINOv2 semi—supervisedJr 38.644 73.916
DINOv3 supervised 57.616 112.650

TEight tasks used semi-supervised learning; fetal femur used the fully supervised fallback because
no unlabelled images were available.

Under the matched DINOv2 comparison, semi-supervised training reduced
MRE by 24.702 pixels and MAE by 36.309 pixels (Table 3). Supervised DINOv3
reduced MRE by 5.730 pixels relative to supervised DINOv2, although its MAE
was 2.425 pixels higher. This comparison indicates a backbone benefit in radial
localization error, but not in MAE; it does not by itself separate the backbone
contribution from that of semi-supervised training in the full system.

4.4 Decoder Comparison

For identical heatmaps, DARK marginally improved MRE by 0.255 pixels and
MAE by 0.268 pixels relative to argmax (Table 4). Soft-argmax reduced MAE
relative to both discrete decoders but increased MRE to 100.471 pixels. DARK
therefore offered a small localization benefit for this checkpoint rather than ac-
counting for the overall performance gain.
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Table 4. Pixel-domain decoder comparison for the same DINOv3 supervised check-
point and predicted heatmaps.

Decoder MRE | MAE |

Argmax 57.871 112.918
Soft-argmax 100.471 92.984
DARK 57.616 112.650

4.5 Task-level Results and Failure Cases

Table 5. Per-task MRE of the proposed model, sorted from lowest to highest.

Domain Task MRE |
Intrapartum AOP 6.202

Prenatal FUGC 7.339

Prenatal FA 9.056

Cardiac PLAX 15.299
Prenatal HC 15.482
Prenatal Fetal femur 23.357
Cardiac PSAX 24.159
Cardiac A4C 27.542
Cardiac vC 37.907

Task-level errors varied markedly (Table 5). AOP and FUGC had the lowest
MREs, at 6.202 and 7.339, whereas IVC had the highest at 37.907. A4C, PSAX,
and fetal femur were also among the more difficult tasks.

—e— GT —e— Pred

Fig. 2. Qualitative comparison between ground-truth landmarks (green) and predic-
tions (red) on representative prenatal, intrapartum, and cardiac tasks.
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Figure 2 illustrates predictions for HC, FA, AOP, femur, IVC, and PSAX.
Residual offsets are most apparent in the IVC and PSAX examples, consistent
with their higher task-level errors.

5 Discussion

The official test result provides evidence beyond the internal development split.
In the verified original-scale comparison, semi-supervised DINOv2 substantially
outperformed its supervised counterpart. Supervised DINOv3 also improved
MRE relative to supervised DINOv2, although its MAE was slightly higher.
These findings support contributions from both the backbone and unlabelled
data, but the available comparisons do not quantify their independent effects in
the full system. Matched full-model ablations were not available after filtering
experiments by code version and evaluation protocol, so the independent effects
of EMA, CBAM, and the measurement-aware losses remain unresolved.

The decoder comparison places DARK in proportion to the training strategy.
DARK was slightly better than argmax on both metrics for the same checkpoint,
whereas soft-argmax traded lower MAE for markedly higher MRE. DARK there-
fore provides a modest coordinate-refinement benefit rather than explaining the
larger differences between supervised and semi-supervised training.

The largest errors occurred in IVC and several cardiac tasks, where short
structures make the measurements sensitive to small endpoint displacements.
These results require cautious interpretation. Although the submitted model was
evaluated on the official challenge test set, model development and checkpoint
selection used a single internal split. Per-task test results, per-task baseline and
biometric-MAE comparisons, and an explicit uncertainty model are unavailable.
The verified experiments used a confidence threshold of 0.0; historical non-zero
filtering trials were not evaluated through the same pipeline and therefore do
not support a quantitative conclusion.

Future work should evaluate pseudo-label confidence, repeated internal splits,
and task-level official-test outputs. Uncertainty-aware endpoint refinement for
cardiac and vascular tasks also requires independent testing.

6 Conclusion

We adapted a pretrained DINOv3 encoder to landmark-based biometry across
prenatal, intrapartum, and cardiac ultrasound. The submitted model achieved
an official challenge test MRE of 24.96 and MAE of 27.48. On a fixed internal
split, the semi-supervised system reached a best macro-val MRE of 18.4827.
A matched DINOv2 comparison showed lower error with semi-supervised than
supervised training, whereas DARK provided only a small improvement over
argmax for identical heatmaps. The evidence supports the use of unlabelled
data, but matched component ablations, repeated internal splits, and per-task
test metrics remain unavailable.
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