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Abstract. Accurate anatomical landmark localization is fundamental
to ultrasound biometry, yet manual identification is time-consuming and
suffers from observer variability, while automated methods face substan-
tial heterogeneity across tasks and devices and scarce annotations along-
side abundant unlabeled data. We propose a Coordinate-Aware Multi-
task Semi-supervised (CAMS) framework for unified ultrasound land-
mark detection. CAMS adopts a shared DINOv2 encoder to learn trans-
ferable representations, and equips each task with a coordinate-aware
heatmap decoder and a task-specific DSNT module for continuous coor-
dinate regression. To exploit unlabeled data, CAMS is optimized within
a Mean Teacher paradigm using an epoch-dependent confidence-masked
consistency strategy. On the MICCAI 2026 FU_Biometry dataset span-
ning nine tasks, CAMS outperforms representative semi-supervised base-
lines, reducing the average Mean Radial Error from 32.63 to 23.39 and the
Mean Absolute Error from 33.16 to 31.01, demonstrating strong general-
ization across diverse clinical scenarios and imaging devices. Our source
code will is available at https://github.com/lizizai0735/CAMS.

Keywords: Ultrasound biometry · Landmark detection · Semi-supervised
learning · Mean Teacher · DINOv2

1 Introduction

Ultrasound biometry is widely used in prenatal examinations [18], intrapartum
assessment [6], cervical ultrasound evaluation [3], and adult transthoracic echocar-
diography [14]. Many clinically important biometric measurements rely on ac-
curate localization of anatomical landmarks, such as fetal cranial landmarks,
femoral endpoints, pubic-symphysis landmarks, and cardiac anatomical refer-
ence points [8,9]. However, these landmarks are still predominantly identified
manually in routine clinical practice, making the process time-consuming and
susceptible to considerable intra- and inter-observer variability [1]. Therefore,
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developing a robust and reliable automatic landmark detection method that can
generalize across different tasks, ultrasound devices, and clinical scenarios in
real-world clinical practice is of great clinical significance.

To address the need for automated and standardized ultrasound biometry,
the MICCAI 2026 Foundation Model for Ultrasound Biometry (FU_Biometry)
Challenge was established as a unified benchmark for anatomical landmark lo-
calization across heterogeneous ultrasound applications. The challenge covers
multiple prenatal, intrapartum, cervical, and echocardiographic tasks, involving
substantial variations in anatomical structures, landmark configurations, image
appearance, and acquisition devices. In addition to a limited set of landmark-
annotated images, FU_Biometry provides a large collection of unlabeled ultra-
sound images. Although these unlabeled data contain valuable information, they
cannot be directly exploited by conventional fully supervised learning meth-
ods. Recent ultrasound landmark-localization approaches have explored itera-
tive pseudo-labeling [13], progressive pseudo-label refinement and model ensem-
bling [22], Mean Teacher-based coarse-to-fine localization [4], Noisy Student self-
training [11], and DSNT-based coordinate regression [20]. However, most of these
methods were developed for a single task and often rely on task-specific archi-
tectures or training procedures [2,21], limiting their ability to learn transferable
representations across the heterogeneous domains included in FU_Biometry.

To address these challenges, we propose a Coordinate-Aware Multi-task
Semi-supervised (CAMS) learning framework. CAMS employs a pretrained
DINOv2 model [16] as a shared feature encoder to learn transferable visual rep-
resentations across different ultrasound tasks. Meanwhile, each task employs a
coordinate-aware decoder combined with the Differentiable Spatial-to-Numerical
Transform(DSNT) [15] to achieve continuous landmark coordinate prediction.
Furthermore, CAMS is optimized within the Mean Teacher framework [19], to-
gether with an epoch-dependent confidence strategy for utilizing unlabeled data.

2 Proposed Method

2.1 Model Architecture

As illustrated in Fig. 1, we propose a semi-supervised multi-task landmark de-
tection framework built upon DINOv2 [16] and the Mean Teacher paradigm [19].
The framework follows a shared-encoder, task-specific-decoder architecture and
consists of three key components. First, a shared DINOv2 backbone is employed
to extract high-level semantic representations that are shared across different
landmark detection tasks. Second, a set of task-specific heatmap heads are in-
troduced to learn discriminative localization features for each individual task
independently. Finally, each task is equipped with an individual DSNT mod-
ule [15], which converts the predicted heatmaps into continuous landmark co-
ordinates for coordinate localization. To leverage the abundance of unlabeled
clinical ultrasound data, the entire framework is optimized end-to-end within
the Mean Teacher semi-supervised learning framework [24,23].
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Fig. 1. Overview of CAMS. A shared DINOv2 encoder feeds task-specific coordinate-
aware decoders, with DSNT producing continuous coordinates. The student learns via
supervised and confidence-masked consistency losses; the teacher updates via EMA.

2.2 DINOv2-based Feature Encoder

Vision Transformers (ViTs) represent an image as a sequence of patch tokens
and model long-range interactions using self-attention [5]. Instead of adopting a
purely convolutional backbone, we employ a pretrained DINOv2 ViT-S/14 [16]
as the shared feature extractor. Given an input ultrasound image, the image is
first partitioned into a sequence of fixed-size patches through the Patch Embed-
ding layer, where each patch is projected into a visual token. These tokens are
then processed by multiple Transformer encoder layers to capture global contex-
tual information while preserving local structural representations. Following the
standard DINOv2 architecture, with the classification head removed, normalized
patch tokens are extracted from the final layer. Finally, the one-dimensional to-
ken sequence is reshaped into a two-dimensional feature map, Fin ∈ RC×H×W ,
serving as input to the subsequent landmark heatmap decoder.

2.3 Coordinate-aware Heatmap Decoder

The decoder progressively restores spatial resolution using bilinear interpolation
followed by convolutional feature refinement. Following the coordinate-channel
principle introduced by CoordConv [10], a pair of normalized two-dimensional co-
ordinate grids, Xgrid and Ygrid, ranging within the continuous interval of [−1, 1],
are generated at each upsampling stage:

Fcoord = Concat (Fup, Xgrid, Ygrid) , (1)
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where Fup denotes the upsampled feature map, Xgrid and Ygrid represent the
normalized coordinate grids along the horizontal and vertical directions, respec-
tively, and Fcoord denotes the coordinate-enhanced feature map obtained after
performing a channel-wise concatenation of these components.

To enhance task-specific representations, the refined features are recalibrated
by a residual Squeeze-and-Excitation (SE) module [7]. The recalibrated features
are then projected into landmark heatmaps:

Fout = Fres ⊙ σ (W2 δ (W1 GAP (Fres))) , (2)

where Fres denotes the residual feature map enriched with high-frequency details,
GAP(·) denotes global average pooling, σ(·) represents the sigmoid activation
function, and δ(·) denotes the GELU activation function. The fully connected
layer W1 reduces the channel dimension with a reduction ratio of r = 16, while
W2 restores its original dimension. This module suppresses background inter-
ference and adaptively recalibrates channel responses, guiding each task-specific
decoder toward discriminative anatomical features.

2.4 Task-specific DSNT-based Coordinate Regression

Conventional landmark localization methods typically employ the Argmax oper-
ation to estimate landmark coordinates from the predicted heatmaps. However,
the Argmax operation is non-differentiable, which prevents end-to-end gradi-
ent propagation and introduces significant quantization errors due to the lim-
ited spatial resolution of heatmaps. To address these limitations, we adopt the
DSNT layer to achieve continuous coordinate regression. Considering that dif-
ferent anatomical landmark detection tasks exhibit distinct spatial distributions
and scales, sharing a single coordinate transformation module across all tasks
may lead to gradient interference during multi-task optimization. Therefore, in-
stead of using a globally shared DSNT layer, we assign an individual DSNT mod-
ule to each task, where each module is equipped with a task-specific learnable
temperature parameter τt. Given the predicted heatmap of the c-th landmark
for task t, the heatmap is first transformed into a normalized spatial probability
distribution using a task-specific Spatial Softmax:

P (t)
c (x, y) =

exp
(
τtH

(t)
c (x, y)

)
∑
x′,y′

exp
(
τtH

(t)
c (x′, y′)

) , (3)

where H
(t)
c (x, y) denotes the response value of the predicted heatmap for the

c-th landmark of task t at each spatial location (x, y), P (t)
c (x, y) represents the

corresponding normalized spatial probability value, and τt is the learnable tem-
perature parameter associated with task t.

The final continuous landmark coordinates (x̂c, ŷc) are obtained by comput-
ing the expectation of the normalized spatial probability distribution over the
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coordinate grid defined in the range [−1, 1]:

x̂(t)
c =

∑
x,y

xP (t)
c (x, y), ŷ(t)c =

∑
x,y

y P (t)
c (x, y), (4)

where (x̂
(t)
c , ŷ

(t)
c ) denote the predicted coordinates of the c-th landmark for task

t, and (x, y) are the normalized spatial coordinates on the coordinate grid.

2.5 Mean Teacher-based Semi-supervised Learning

To fully exploit the large amount of unlabeled ultrasound data, the proposed
model is optimized under the Mean Teacher semi-supervised learning frame-
work [19]. The student model, denoted by θS , is updated through backpropaga-
tion based on the training loss, whereas the parameters of the teacher model,
denoted by θT , are updated as the exponential moving average (EMA) of the
historical parameters of the student model. The EMA decay rate is set to 0.999,
which ensures smooth parameter updates and stable pseudo-label generation.

Supervised loss. For labeled samples, the supervised objective consists of a
heatmap-based spatial loss and a DSNT-based coordinate regression loss. To ad-
dress the varying difficulty levels across different ultrasound views, we introduce
a task-specific difficulty multiplier, αt, which assigns higher penalty weights to
notoriously challenging tasks (e.g., Head Circumference and Short-Axis views).
The supervised loss for task t is formulated as:

Lsup = αt ·
[
LMSE_Weighted (Hpred, Hgt) + 50.0LMSE

(
Cpred, C

noisy
gt

)]
, (5)

where Hpred and Hgt denote the final predicted and ground-truth heatmaps,
respectively, while Cpred and Cnoisy

gt represent the predicted coordinates and the
randomly perturbed ground-truth coordinates.

For heatmap supervision, a spatial weighting mask, W = 9.0Hgt+1.0, is em-
ployed to emphasize the Gaussian peak regions in the ground-truth heatmaps.
Consequently, the Gaussian peak regions receive a penalty weight of 10, whereas
the background regions retain a weight of 1. For coordinate supervision, we re-
place the conventional Smooth L1 loss with the Mean Squared Error (MSE)
loss, LMSE, and empirically increase its scaling factor to 50.0. This modifica-
tion is crucial because MSE applies a quadratically increasing penalty to severe
spatial outliers (e.g., predictions deviating by hundreds of pixels in large-scale
anatomical structures), thereby forcing the network to rapidly correct global
structural misunderstandings. In addition, a dynamic label-perturbation strat-
egy is introduced by injecting Gaussian noise, N (0, σ2

e), into the ground-truth
coordinates Cgt, where the standard deviation σe decreases linearly with the
training epoch. This perturbation acts as an effective regularizer, encouraging
the network to learn anatomical representations robust to small spatial varia-
tions, thereby improving generalization across ultrasound devices.
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Unsupervised consistency loss. For unlabeled samples, the teacher model
generates pseudo heatmaps, denoted by Ĥteacher. To prevent the self-amplification
of erroneous pseudo labels during early training, when the student model is insuf-
ficiently optimized, we design a progressive dynamic confidence mask M . Rather
than utilizing a fixed threshold—which either discards too many valid pseudo-
labels early on (if set too high) or introduces severe confirmation bias (if set too
low)—we propose an epoch-dependent linear schedule. The confidence threshold
θconf(e) is gradually increased with training progress according to:

θconf(e) = 0.5 + 0.35

(
e

Emax

)
, (6)

where e denotes the current epoch and Emax represents the total training epochs.
This linear curriculum starts at a relatively low threshold of 0.5 to encourage
early participation of unlabeled data, and gradually scales up to a strict 0.85 to
ensure high-quality pseudo-label filtering as the model matures.

Only the landmark channels whose maximum heatmap probability predicted
by the teacher model exceeds θconf(e) are involved in the consistency optimiza-
tion. Furthermore, while challenging tasks require stronger supervision (larger
αt), their corresponding pseudo-labels generated by the teacher model are inher-
ently less reliable. To prevent the network from reinforcing incorrect predictions
on hard tasks, we apply an inverse task weight (1/αt) to the consistency loss:

Lunsup =
1

αt

1

|M |
∑(

σ(Ĥstudent)− σ(Ĥteacher)
)2

⊙M, (7)

where Ĥstudent and Ĥteacher denote the output predicted spatial heatmaps of the
student and teacher models, respectively, σ(·) represents the standard sigmoid
activation function, M is the dynamic confidence mask, and |M | denotes the
total number of valid landmark channels selected by the mask.

Finally, the overall training objective is defined as:

Ltotal = Lsup + w(e)Lunsup, (8)

where w(e) is the consistency weight. A Gaussian ramp-up schedule is adopted
to gradually increase w(e) during the first 40% of the training process, with the
maximum consistency weight set to 2.0.

3 Experiments and Results

3.1 Dataset and Experiments

Dataset. We conduct all experiments on the official FU_Biometry dataset re-
leased for the MICCAI 2026 Foundation Model for Ultrasound Biometry Chal-
lenge. The dataset is designed to establish a unified benchmark for ultrasound
biometry across prenatal, intrapartum, and adult echocardiography scenarios.
To capture the device heterogeneity encountered in routine clinical practice, the
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ultrasound images were acquired using scanners from multiple vendors, includ-
ing Philips CX50, Toshiba Aplio 300, GE Voluson P8, Esaote MyLab, Lian-med
ObEye, and Youkey Q7. Image acquisition followed the relevant task-specific
guidelines for intrapartum ultrasound [6], fetal biometry and growth [18], cer-
vical ultrasound assessment [3], and adult transthoracic echocardiography [14].
The dataset contains nine ultrasound biometry tasks (A4C, AoP, FA, HC, IVC,
PLAX, PSAX, FUGC, and fetal_femur), supporting more than 20 clinically
relevant biometric measurements. The dataset consists of both labeled and un-
labeled images. All labeled images are annotated with task-specific anatomical
landmark coordinates, which serve as the primary supervision for landmark lo-
calization. For a subset of tasks, additional clinically derived biometric measure-
ments are provided. In contrast, the unlabeled subset contains only ultrasound
images without any annotation and is used exclusively for semi-supervised con-
sistency learning. The detailed data statistics are shown in Table 1.

Table 1. Summary of datasets used in this study. The * indicates that the dataset
contains more than three distinct resolutions.

Dataset Labeled Unlabeled Resolution

A4C 108 63,390 256× 256, 800× 600, 1024× 768
AoP 4,000 38,666 512× 512, 1080× 852, 720× 564
FA 500 27,188 744× 562, 1024× 768
fetal_femur 727 0 959× 661, 640× 392, 961× 663*
FUGC 260 23,230 1136× 864, 544× 336
HC 999 33,480 720× 564, 800× 540, 800× 542*
IVC 38 1,554 800× 600, 1024× 768
PLAX 87 1,281 800× 600, 1024× 768
PSAX 49 2,381 800× 600, 1024× 768

Total 6,768 191,170

All labeled and unlabeled images were enhanced by applying Contrast-Limited
Adaptive Histogram Equalization (CLAHE) [17] to the luminance channel in the
LAB color space and were subsequently converted to RGB. During training, im-
ages were resized to 518× 518 and augmented using ShiftScaleRotate (p = 0.5),
color jittering (p = 0.5), Gaussian blur (p = 0.2), Gaussian noise (p = 0.1),
and Coarse Dropout (p = 0.05). For labeled samples, geometric transformations
were synchronously applied to the corresponding landmark coordinates. All im-
ages were finally normalized using the ImageNet mean and standard deviation
values. Validation images underwent the exact same CLAHE preprocessing, re-
sizing, and normalization, without any stochastic augmentation.

Experimental Setup and Training Details. All models were imple-
mented in PyTorch and trained on a single NVIDIA A40 GPU, with the random
seed fixed to 42 for reproducibility. Parameters were optimized using AdamW [12]
with a weight decay of 1× 10−4, using module-specific learning rates: 2× 10−5
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for fine-tuning the pretrained DINOv2 encoder and 1×10−3 for the task-specific
heatmap heads and DSNT modules. A OneCycle policy with cosine annealing
was applied over 50 epochs, with a 30% warm-up phase. Both labeled and un-
labeled batch sizes were set to 4. For semi-supervised learning, we adopted the
Mean Teacher framework [19], where the teacher was updated by an EMA of the
student parameters with decay α = 0.999. The consistency-loss weight followed
a Gaussian ramp-up over the first 40% of training, capped at 2.0. Pseudo-label
filtering used an epoch-dependent confidence threshold θconf that increased lin-
early from 0.5 to 0.85 to exclude low-confidence landmark channels.

Evaluation metrics. Following the ChallengeR-style rank-then-aggregate
evaluation protocol, the final score is computed from two equally weighted met-
rics. Mean Radial Error (MRE) quantifies landmark localization accuracy as the
average Euclidean distance, measured in pixels, between the predicted landmarks
pk and the reference landmarks gk:

MRE =
1

K

K∑
k=1

∥pk − gk∥2, (9)

Mean Absolute Error (MAE) measures the accuracy of clinical parameters via
the mean absolute error |ŷj − yj |. To prevent parameters with large dynamic
ranges from dominating the aggregated score, each parameter error is standard-
ized using its clinically defined tolerance range or interquartile range (IQR).

Table 2. Performance comparison of representative semi-supervised meth-
ods on the FU_Biometry 2026 validation set. The 1st and 2nd best results
are highlighted, and the results of our proposed CAMS method are marked in bold.

Method
Prenatal Ultrasound Intrapartum Ultrasound Cardiac Ultrasound Average

HC FA fetal_femur AoP FUGC IVC A4C PLAX PSAX Overall
MRE MAE MRE MAE MRE MAE MRE MAE MRE MAE MRE MAE MRE MAE MRE MAE MRE MAE MRE MAE

1st-place 51.80 61.93 27.59 92.56 31.85 26.77 16.87 8.04 161.07 301.25 79.90 12.89 32.78 29.23 22.59 11.43 44.63 24.71 52.12 63.20
2nd-place 47.69 65.45 22.01 76.31 43.50 36.23 21.97 12.88 29.43 19.74 57.64 70.12 35.21 23.67 26.80 25.37 54.63 37.21 37.65 40.78
3rd-place 273.85 1075.72 209.83 1235.31 202.11 363.05 147.68 61.37 182.71 308.49 80.50 22.66 129.09 122.53 95.33 72.18 104.18 70.68 158.36 370.22
4th-place 50.82 75.36 26.76 98.26 29.56 20.74 15.94 12.53 12.79 8.42 55.73 15.84 37.01 31.61 24.38 12.10 40.65 23.57 32.63 33.16

CAMS (Ours) 44.76 74.81 23.11 110.75 21.59 19.50 13.87 7.79 11.56 12.81 17.55 9.60 25.42 20.09 16.68 8.10 35.93 15.64 23.39 31.01

3.2 Experiment Results

Since CAMS targets semi-supervised ultrasound landmark localization under
limited annotations, we compare it against representative semi-supervised meth-
ods ranked within the top 5 of the IUGC 2025 Challenge, as summarized in
the official benchmark paper [1].The fifth-ranked fully supervised approach is
excluded from comparisons, since it cannot exploit large-scale unlabeled data
and fails to match our semi-supervised experimental setup. As shown in Ta-
ble 2, CAMS achieves the lowest average MRE and MAE among all reproduced
baselines under the unified multi-task evaluation protocol. Compared with the
strongest reproduced baseline, CAMS reduces the average MRE from 32.63 to
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23.39 and the average MAE from 33.16 to 31.01, demonstrating improved ag-
gregate performance across heterogeneous ultrasound tasks.

Compared with perturbation-based semi-supervised methods such as Noisy
Student, CAMS always achieves lower localization errors. This improvement can
be attributed to three components of the proposed framework. First, the shared
DINOv2 encoder learns transferable visual representations across heterogeneous
ultrasound tasks. Second, the task-specific coordinate-aware decoder preserves
task-dependent localization characteristics while enabling multi-task learning.
Third, the confidence-masked Mean Teacher strategy gradually increases con-
sistency weight and pseudo-label confidence threshold during training, enabling
the model to exploit unlabeled data while suppressing unreliable pseudo labels.

4 Conclusion

In this work, we proposed CAMS, a coordinate-aware multi-task semi-supervised
framework for ultrasound landmark localization. By combining a shared DINOv2
encoder, task-specific coordinate-aware heatmap decoders and DSNT modules,
and a confidence-masked Mean Teacher strategy, CAMS unifies limited anno-
tations and abundant unlabeled data while preserving task-dependent charac-
teristics. Experiments on the FU_Biometry dataset across nine tasks show that
CAMS achieves the lowest average MRE and MAE among the reproduced base-
lines. These results confirm its strong generalization across diverse anatomies
and imaging devices for automated ultrasound biometry.
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