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Abstract. Mitral valve segmentation is clinically important for quan-
titative valve assessment, intervention planning, and computer-assisted
mitral valve repair. This challenge addresses mitral valve segmentation
across three heterogeneous imaging settings: semi-supervised 3D car-
diac CT segmentation, fully supervised 3D transesophageal echocardio-
graphy (TEE) segmentation, and semi-supervised frame-level surgical
video segmentation. In this work, we present a practical competition
solution tailored to these three tracks. For the semi-supervised tracks,
we adopt an offline pseudo-labeling strategy to provide stable super-
vision for unlabeled data. Supervised models are first trained on lim-
ited annotations and then ensembled to generate pseudo labels. To re-
duce the effect of noisy predictions, we further apply uncertainty-based
sample selection and task-specific pseudo-label refinement before semi-
supervised retraining. For the fully supervised 3D TEE track, we build a
robust Auto3DSeg-based pipeline with five-fold cross-validation, ensem-
ble inference, test-time augmentation, and connected-component post-
processing. Across all tracks, our design focuses on maximizing supervi-
sion from limited annotations while effectively exploiting unlabeled data
when available.

1 Introduction

Mitral valve disease is a common and clinically significant form of valvular
heart disease, with mitral regurgitation and mitral stenosis potentially leading
to cardiac dysfunction, heart failure, and poor outcomes, particularly in older
adults [4]. Imaging is central to diagnosis, severity assessment, and treatment
planning [16,23]; however, quantitative evaluation remains challenging because
the mitral valve is a dynamic three-dimensional apparatus involving the annu-
lus, leaflets, chordae tendineae, papillary muscles, and the left ventricle [12].
Accurate segmentation is therefore essential for reproducible analysis of valve
anatomy and function, supporting disease characterization, intervention plan-
ning, intraoperative decision-making, and patient-specific modeling [3,17,19].

Mitral valve segmentation spans diverse imaging scenarios across the clinical
workflow. Cardiac CT supports high-resolution anatomical modeling and tran-
scatheter intervention planning [6,24], 3D TEE provides real-time volumetric
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information for lesion assessment and procedural guidance [13,14], and surgi-
cal videos capture the operative field for anatomical recognition and computer-
assisted mitral valve repair [9]. Together, these modalities provide complemen-
tary perspectives for mitral valve analysis and establish a challenging benchmark
for robust segmentation across heterogeneous clinical scenarios.

Deep learning has substantially advanced automated medical image segmen-
tation, with methods such as nnU-Net [8], MedNeXt [18], and SAM [10] providing
effective tools for segmenting complex anatomical structures. Their performance
often depends on large-scale, high-quality annotations, which are difficult to ob-
tain for mitral valve segmentation. For the mitral valve, high-quality annotation
is particularly demanding: its thin leaflets, complex motion, and substantial de-
formation make the boundaries difficult to delineate consistently, while cardiac
CT, 3D TEE, and surgical videos each present distinct visual characteristics.
These data constraints make mitral valve segmentation a natural setting for
both fully supervised and semi-supervised learning. The former aims to make
the most of limited expert annotations, while the latter further seeks reliable
training signals from unlabeled data through pseudo-labeling [11], consistency-
based regularization [22], or related strategies. Together, they reflect a common
clinical reality: scarce annotations coexist with abundant unlabeled data.

In this work, we present a unified competition solution for mitral valve seg-
mentation across three heterogeneous imaging settings: semi-supervised 3D car-
diac CT, fully supervised 3D TEE, and semi-supervised surgical video segmen-
tation. Our central idea is to make supervision more reliable under different
annotation regimes. In the semi-supervised tracks, we avoid unstable online
pseudo-label updates by first training supervised models and then generating
offline pseudo labels through model ensembling. We further use uncertainty
estimation to select reliable pseudo-labeled samples, allowing unlabeled data
to contribute additional training signal with reduced noise. In the fully super-
vised track, we exploit the limited annotations through a strong self-configuring
Auto3DSeg pipeline, five-fold training, ensemble inference, test-time augmenta-
tion, and connected-component refinement. Together, these components provide
a practical and effective framework for robust mitral valve segmentation, achiev-
ing the top validation leaderboard performance at the time of submission.

2 Methods

2.1 Overview and Datasets

We used the datasets provided by the MVAA 2026 challenge, Mitral Valve
Anatomy Analysis Using Multimodal Imaging Data [5]. The benchmark con-
sists of three mitral valve segmentation tracks with different imaging modalities
and annotation settings. Track 1 is a semi-supervised 3D cardiac CT segmen-
tation task with 27 labeled cases and 1040 unlabeled cases. Track 2 is a fully
supervised 3D transesophageal echocardiography (TEE) segmentation task with
105 labeled training cases. Track 3 is a semi-supervised frame-level surgical video
segmentation task with 120 labeled frames and 1379 unlabeled frames.
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Fig. 1. Overview of our three-track mitral valve segmentation framework, covering
semi-supervised 3D CT segmentation, fully supervised 3D TEE segmentation, and
semi-supervised surgical video segmentation.

For the semi-supervised tracks, i.e., Track 1 and Track 3, we denote the track
index by t ∈ {1, 3}. The labeled and unlabeled training sets are defined as
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2.2 Track 1: Semi-supervised 3D Cardiac CT Segmentation

Framework and Supervised Training. For Track 1, we used MONAI Auto3DSeg [1],
which automatically generates preprocessing pipelines, model configurations,
and training settings for 3D medical image segmentation. We adopted two Auto3DSeg
backbones, SegResNet [15] and SwinUNETR [21]. Both models were trained us-
ing five-fold cross-validation on the labeled data. SegResNet was optimized with
a deep-supervision Dice-plus-cross-entropy loss:

LSegResNet =

3∑
s=0

αs
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LDice

(
p(s),y(s)

)
+ LCE

(
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)]
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where p(s) and y(s) are the prediction and ground truth at the s-th output scale,
and αs = 2−s for s = 0, 1, 2, 3. SwinUNETR was trained with the standard Dice-
plus-cross-entropy loss on the final prediction. This stage produced 10 supervised
models, including five SegResNet models and five SwinUNETR models.

Pseudo-label Generation. Before generating pseudo labels, we filtered unla-
beled cases according to the geometric distribution of the 27 labeled cases. Let
G denote the set of geometric attributes, including image size, voxel spacing,
and physical extent, and let g(x) be the value of attribute g for case x. For
each g ∈ G, we computed the first quartile Qg

1, the third quartile Qg
3, and the

interquartile range IQRg = Qg
3 −Qg

1 from the labeled cases. An unlabeled case
xu
1,i was retained only if g(xu

1,i) ∈ [Qg
1−3.0×IQRg, Qg

3+3.0×IQRg] for all g ∈ G.
This retained 906 out of 1040 unlabeled cases, denoted as D̃u

1 = {x̃u
1,i}906i=1. For

each retained case, we averaged the predictions from the 10 supervised models:
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The initial binary pseudo label was obtained by thresholding at 0.5, followed by
26-connected component refinement: ŷu

1,i = LCC26

(
1(p̄u

1,i ≥ 0.5)
)
, where 1(·) is

the indicator function and LCC26 keeps the largest 3D connected component.
We estimated pseudo-label uncertainty using the entropy of the ensemble

probability map. Let h(p) = −p log p − (1 − p) log(1 − p) denote the binary
entropy. The sample-level uncertainty was computed as
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where Ru
1,i denotes the local region around the predicted target. We ranked all

pseudo-labeled cases by u1,i and selected the lowest-uncertainty 50%, yielding
453 pseudo-labeled cases Dp

1 = {(xp
1,i, ŷ

p
1,i)}453i=1.

Semi-supervised Training and Inference. The selected pseudo-labeled cases
were combined with the labeled data, forming Dssl

1 = Dl
1 ∪ Dp

1 . We used the
same five-fold split as in supervised training, where the split was determined
only by the labeled cases and all pseudo-labeled cases were added to each train-
ing fold. Since hard pseudo labels were used, the same supervised objectives
were applied to both labeled and pseudo-labeled data. For final submission, we
ensembled the 10 semi-supervised models, thresholded the averaged probability
map with a validation-selected foreground threshold τ1, and retained the largest
26-connected component as the final prediction.

2.3 Track 2: Fully Supervised 3D TEE Segmentation

For Track 2, we again used MONAI Auto3DSeg [1] and selected the SegResNet-
based configuration [15]. Since Auto3DSeg does not provide a dedicated 3D
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ultrasound preprocessing template, we used the MRI-style volumetric prepro-
cessing preset, including foreground cropping, spacing resampling, and intensity
normalization. The model takes a single-channel 3D TEE volume as input and
predicts three classes, including the background.

The model was trained under a fully supervised five-fold cross-validation set-
ting using the same deep-supervision Dice-plus-cross-entropy loss as Eq. 3. For
inference, we combined five-fold probability ensembling with 8-view TTA, cover-
ing all flip combinations along the three spatial axes. The averaged probability
map was converted to a preliminary segmentation by voxel-wise argmax label
assignment. Finally, for each foreground class, only the largest 26-connected
component was retained to suppress isolated false positives.

2.4 Track 3: Semi-supervised Surgical Video Segmentation

Framework and Supervised Fine-tuning. For Track 3, we adopted SAM3 [2]
as the base model due to its concept-conditioned segmentation ability. Given an
image frame and the text prompt “mitral valve”, SAM3 can directly produce the
corresponding mask, avoiding manual point or box prompts during inference.
To efficiently adapt SAM3 to the surgical video domain, we fine-tuned it with
LoRA [7] while keeping backbone parameters frozen. We trained SAM3 using
five-fold cross-validation on labeled frames, yielding five supervised SAM3 mod-
els. Following the official setting, each model was optimized with a weighted
combination of concept recognition, localization, and mask supervision losses:

LSAM3 =
∑
s∈S

[
20L(s)

cls + 20L(s)
pres + 5L(s)

box + 2L(s)
GIoU

]
+ 200Lmain

focal + 10Lmain
Dice ,

(6)

where S denotes the set of decoder outputs, and “main” denotes the final mask.

Pseudo-label Generation. The five supervised SAM3 models were used to
generate pseudo labels for 1379 unlabeled frames. During inference, we applied
four-view TTA, including the original image, horizontal flip, vertical flip, and
horizontal-vertical flip, and averaged predictions at the probability level after
mapping them back to the original image space. As in Track 1, we estimated
sample-level uncertainty using the entropy of the ensemble probability map and
retained the lowest-uncertainty 50%, keeping 690 frames and discarding 689
highly uncertain frames. For the retained frames, we used a FixMatch-style high-
confidence pixel selection strategy [20]. Pixels with probabilities larger than 0.95
were assigned to the foreground, pixels with probabilities smaller than 0.05 were
assigned to the background, and the remaining ambiguous pixels were ignored:

ŷu
3,i(v) =


1, p̄u

3,i(v) > 0.95,

0, p̄u
3,i(v) < 0.05,

ignore, otherwise.

(7)

Frames without valid high-confidence pixels were discarded, resulting in 580
pseudo-labeled frames Dp

3 = {(xp
3,i, ŷ

p
3,i)}580i=1.
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Semi-supervised Training and Inference. The pseudo-labeled frames were
combined with the labeled set under the same five-fold split, forming Dssl

3 =
Dl

3 ∪ Dp
3 . The semi-supervised objective was

LSSL = LSAM3(Dl
3) + λLSAM3(Dp

3), (8)

where losses on pseudo-labeled frames were computed only over valid fore-
ground/background pixels and λ was set to 0.5. For final inference, we ensembled
the five semi-supervised SAM3 models with same four-view TTA strategy and
applied a validation-selected foreground threshold τ3 to obtain the final masks.

3 Experiments and Results

3.1 Implementation Details

All experiments were implemented in PyTorch and trained on NVIDIA RTX
4090D GPUs with 48GB memory. AdamW was used for optimization, and au-
tomatic mixed precision was enabled when applicable.

For Track 1, SegResNetDS and SwinUNETR were trained with five-fold
cross-validation. SegResNetDS followed the Auto3DSeg-generated configuration
with a patch size of 160 × 128 × 96, batch size 3, 1250 epochs, learning rate
2 × 10−4, and weight decay 1 × 10−5. SwinUNETR used pretrained weights,
a patch size of 96 × 96 × 96, feature size 48, up to 1000 epochs, learning rate
4 × 10−4, and weight decay 1 × 10−5. Both models used RAS reorientation,
foreground cropping, CT intensity normalization or clipping, and standard 3D
spatial/intensity augmentations; SwinUNETR additionally resampled volumes
to 0.3574× 0.3574× 0.5 mm.

For Track 2, SegResNetDS was trained with five-fold cross-validation using
the Auto3DSeg MRI-style volumetric preprocessing preset. The patch size was
224× 160× 96, batch size was 1, and training lasted 1500 epochs with learning
rate 2×10−4, weight decay 1×10−5, and a 3-epoch warmup strategy. The same
family of 3D augmentations as Track 1 was used.

For Track 3, frames were resized to 1008× 1008. SAM3 was fine-tuned with
LoRA using rank r = 16 and scaling factor α = 32. Models were trained for 100
epochs with batch size 4 and learning rate 2×10−4. Semi-supervised training used
mixed batches of labeled and pseudo-labeled frames. Augmentations included
flipping, rotation within ±10◦, and brightness/contrast perturbation.

All three tracks were evaluated using Dice similarity coefficient (Dice), Haus-
dorff distance (HD), and average surface distance (ASD).

3.2 Results

Track 1 Table 1 reports the validation performance of different Track 1 set-
tings. The SegResNet–SwinUNETR ensemble outperformed both single back-
bones, improving DSC from 0.8586 and 0.8506 to 0.8616. Semi-supervised train-
ing further improved the combined ensemble to 0.8620 at the default threshold
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Table 1. Performance of Track 1 under different model and training settings. All
methods use 5-fold ensemble inference unless otherwise specified and apply largest
connected component post-processing.

Method τ DSC ↑ HD ↓ ASD ↓

SegResNet 0.50 0.8586 4.70 0.2722
SwinUNETR 0.50 0.8506 4.66 0.2821
SegResNet + SwinUNETR 0.50 0.8616 4.49 0.2666
Semi-supervised SegResNet 0.50 0.8607 4.56 0.2731
Semi-supervised SwinUNETR 0.50 0.8607 4.41 0.2695
Semi-supervised SegResNet + SwinUNETR 0.50 0.8620 4.51 0.2706

Semi-supervised SegResNet + SwinUNETR

0.45 0.8631 4.45 0.2677
0.40 0.8632 4.44 0.2674
0.35 0.8639 4.41 0.2673
0.30 0.8642 4.36 0.2674
0.25 0.8636 4.31 0.2700

Table 2. Performance of Track 2 under different model and inference settings.

Category Setting DSC ↑ HD ↓ ASD ↓

Single fold

Fold 0 0.8488 11.16 0.6275
Fold 1 0.8513 11.29 0.5940
Fold 2 0.8481 11.44 0.6292
Fold 3 0.8559 12.30 0.5949
Fold 4 0.8537 11.44 0.5939

Inference Method
5-fold ensemble 0.8612 10.57 0.5618
5-fold ensemble + TTA 0.8624 10.40 0.5507
5-fold ensemble + TTA + LCC 0.8635 9.70 0.5285

Table 3. Performance comparison of SAM3-based methods under different training
settings and threshold values. All results are obtained with 5-fold ensemble inference
and four-view test-time augmentation, including the original view, horizontal flip, ver-
tical flip, and horizontal–vertical flip. Largest connected component post-processing is
applied to all methods.

Method τ Dice ↑ HD ↓ ASD ↓

SAM3 0.50 0.8119 74.55 12.37
Semi-supervised SAM3 0.50 0.8189 71.30 11.72

Semi-supervised SAM3

0.45 0.8233 67.68 10.98
0.40 0.8270 65.68 10.43
0.35 0.8302 64.74 10.19
0.30 0.8317 63.57 10.14
0.25 0.8303 63.35 10.36
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of 0.50. Threshold tuning brought additional gains, with the best DSC of 0.8642
at τ = 0.30 and the best HD of 4.31 at τ = 0.25. These results show that model
ensembling, offline pseudo-labeling, uncertainty-based filtering, and threshold
tuning were all beneficial.

Track 2 Table 2 summarizes the Track 2 validation results. Single-fold mod-
els achieved DSC scores between 0.8481 and 0.8559, while five-fold ensembling
improved DSC to 0.8612. Adding TTA and largest connected component refine-
ment further improved the final performance to 0.8635 DSC, 9.70 HD, and 0.5285
ASD. This indicates that the inference pipeline effectively improved robustness
and reduced isolated false positives.

Track 3 Table 3 shows the SAM3-based results for surgical video segmentation.
Semi-supervised training improved the default-threshold DSC from 0.8119 to
0.8189, confirming the value of selected pseudo-labeled frames. Threshold tuning
further increased DSC to 0.8317 at τ = 0.30, while the best HD was obtained at
τ = 0.25. Compared with the supervised baseline, the final setting improved DSC
by 1.98 percentage points and reduced HD from 74.55 to 63.57 and ASD from
12.37 to 10.14, demonstrating the effectiveness of LoRA adaptation, ensemble
pseudo-labeling, uncertainty filtering, and high-confidence pixel selection.

4 Conclusion

In this work, we presented a practical solution for the MVAA 2026 challenge
across semi-supervised 3D cardiac CT segmentation, fully supervised 3D TEE
segmentation, and semi-supervised surgical video segmentation. For the semi-
supervised tracks, we used offline pseudo-labeling with model ensembling, uncertainty-
based filtering, and task-specific refinement to exploit unlabeled data more reli-
ably. For the fully supervised TEE track, we built an Auto3DSeg-based pipeline
with five-fold training, ensemble inference, TTA, and connected-component re-
finement. The validation results show consistent gains from these designs, demon-
strating the effectiveness of reliable pseudo-labeling and robust inference for
multimodal mitral valve segmentation under limited annotations.
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