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Abstract. Multi-modal perioperative mitral valve segmentation for car-
diac CT, transesophageal echocardiography (TEE), and surgical en-
doscopy is critical for cardiac interventional planning, yet faces tissue
blurring, heavy instrument occlusion, and large cross-modality domain
gaps. This work proposes a hybrid-supervised multi-task framework with
modality-adaptive subnetworks for these heterogeneous modalities, inte-
grating semi-supervised consistency learning, foundation-model adapta-
tion, and boundary-aware refinement. On the MVAA 2026 hidden test
set, our method achieves DSC/HD/ASD of 0.827/5.245 mm/0.360 for
CT, 0.814/11.761 mm/0.769 for TEE, and 0.847/181.592 pixel/60.443 for
surgical frames. We observe substantial improvements over the official
MVAA-Baseline on CT and surgical frames, alongside moderate per-
formance gains on TEE, offering a viable alternative to heavily tuned
nnU-Net v2 solutions. Qualitative results show anatomically plausible
and smooth mitral-valve contours, though surgical-frame segmentation
exhibits elevated HD values under heavy instrument occlusion. Our code
is available at https://github.com/Daheilou/MICCAI2026_MVAA|

Keywords: multi-modal imaging, semi-supervised learning, mitral seg-
mentation, Vista3D SegNet, DINOv2-DPT

1 Introduction

Precise mitral valve morphological analysis is essential for diagnosis, risk stratifi-
cation and minimally-invasive intervention of structural heart disease[I]. Peri-
operative cardiac assessment involves three heterogeneous imaging modalities:
cardiac CT, transesophageal echocardiography (TEE), and surgical endoscopy|[2].
Preoperative CT provides high-resolution volumetric anatomy for surgical plan-
ning, and accurate mitral leaflet-annulus segmentation is critical for TEER and
annuloplasty[3]. Intraoperative TEE captures real-time valve morphology yet
suffers from acoustic artifacts and low tissue contrast[4]. Surgical frames offer
surgeon-view visual evidence for intra-procedural inspection[56].
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Nevertheless, automatic mitral segmentation for this multi-modal periop-
erative setting remains challenging. Manual annotation is labor-intensive and
suffers from inter-observer variation|7]. As highlighted by recent MICCAI bench-
marks for peri-procedural medical imaging[8/9], existing deep-learning solutions
mostly target single-modality inputs and lack cross-domain generalization. They
struggle to cope with distinct imaging appearances of CT, noisy TEE volumes
and instrument-occluded endoscopic scenes, yielding unreliable predictions that
hinder clinical usage[I0].

To tackle these challenges, this work presents a hybrid-supervised multi-task
framework with modality-adaptive subnetworks for peri-operative mitral segmen-
tation across CT, TEE and surgical frames. Semi-supervised learning is utilized
for annotation-scarce CT and endoscopic data, whereas TEE is trained under
full supervision. Modality-specific backbones (Vista3D SegNet for 3D volumes,
DINOv2-DPT for 2D surgical frames) are coupled with UniMatch-based EMA
teacher-student regularization [TTJI2J13/14]. Experiments yield improved segmen-
tation accuracy and anatomical consistency for automated peri-interventional
mitral valve analysis.

2 Related Work

Mitral valve segmentation has been predominantly tackled using single-modality
supervised pipelines [7/16]. While nnU-Net variants achieve strong results on the
MVAA benchmark [21I22I23], they face three key limitations in perioperative
multi-modal settings. First, annotation scarcity in CT and surgical frames limits
purely supervised approaches, and existing semi-supervised frameworks generalize
poorly from 2D natural images to 3D volumetric data. Second, large domain gaps
between high-resolution CT, noisy TEE, and instrument-occluded surgical scenes
challenge generic backbones; although foundation models like Vista3D [I1] and
DINOv?2 [12] provide transferable priors, their adaptation remains underexplored.
Third, thin leaflets demand fine-grained modeling, yet boundary-aware losses are
seldom integrated into semi-supervised pipelines for this task. To address these
gaps, we propose a hybrid-supervised multi-task framework, detailed in the next
section.

3 Methodology

3.1 3D Mitral Valve Segmentation Pipeline for Cardiac CT

UniMatch EMA Teacher-Student Semi-Supervised Training Frame-
work As illustrated in Figure [T} we extend the original 2D UniMatch paradigm
to 3D cardiac CT for mitral valve segmentation. The teacher network is de-
rived via EMA from the student Vista3D SegNet with no separate parameter
initialization.For labeled samples, heavily augmented image-mask pairs are fed
to the student for supervised loss Lg,p. Unlabeled volumes undergo weak-strong
dual augmentation: strongly augmented volumes are forwarded to the student,
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Fig. 1: Architecture of the semi-supervised 3D mitral valve segmentation pipeline
for cardiac CT using UniMatch. Student and teacher branches share the Vista3D
SegNet backbone with pre-trained encoder, multi-scale refinement module and
segmentation head.

whereas weakly augmented ones generate soft pseudo-labels via the frozen EMA
teacher. Consistency loss Lconsist €nforces prediction agreement. The total loss is

‘Ctotal = £sup + A [-"COIlSiSta (1)

where ) linearly ramps from 0 to 0.5. The student is updated via back-propagation,
and the teacher is updated by exponential moving-average:

etea S~ atea + (1 - Oé) : 95tu7 (2)

with a = 0.995. EMA updates activate only during semi-supervised stages.

Originally designed for 2D tasks, UniMatch is adapted to 3D volumetric CT
inputs. Weak augmentation includes single-axis random flip and low-magnitude
Gaussian noise; strong augmentation comprises multi-axis flip, volumetric gamma
transform, 3D Gaussian noise, volume cutout and 3D Gaussian smoothing. A
supervised warm-up stage uses only labeled data while disabling unsupervised
loss and EMA. After warm-up, the teacher is initialized from student weights,
and EMA updates take effect.

Vista3D-base Backbone and Loss Function Design Vista3D-base serves
as the volumetric backbone for our full segmentation architecture Vista3D Seg-
Net. A multi-class segmentation head outputs logits for mitral valve structures,
accompanied by a lightweight frequency-decomposition-based multi-scale feature
refinement module. It refines coarse predictions by fusing low-frequency global
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Fig.2: Overall EMA teacher-student semi-supervised training pipeline of the
proposed DINOv2-DPT mitral valve segmentation model for surgical frames.
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context and high-frequency boundary features through a weighted residual:
hpred = Rraw + Wres - (LowFeature + HighFeature), (3)

where w,es = 0.2.
For improved segmentation of thin mitral leaflets, the supervised loss combines
weighted Dice-CE and gradient-aware boundary regularization:

Esup = EDiceCE(hpredy hgt) + Wha - EBoundary(hpredy hgt)7 (4)

with )\dice = 08, >\ce = 0.2 and Wpd = 0.7.

For semi-supervised consistency regularization, low-confidence voxels from
teacher pseudo-labels are masked by threshold 7 = 0.6. The consistency loss
mixes L2 and Dice constraints over masked voxels:

E Z m - ()\ccHhstu - htcaH% + )\dicc‘CDicc(hstu, htca))
> m+te

‘Cconsist =

. (5)
where Agice = Aee = 0.5 and € = 1078,

3.2 Fully Supervised 3D Mitral Valve Segmentation Pipeline for
Intraoperative TEE

We employ the identical Vista3D SegNet architecture for intraoperative TEE
mitral segmentation. Distinct from the semi-supervised UniMatch pipeline for CT,
this branch follows fully supervised training without consistency regularization.
This pipeline adopts Dice+CE loss.
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3.3 Semi-Supervised 2D Mitral Valve Segmentation for Surgical
Video Frames

As shown in Figure 2 DINOv2-DPT acts as the shared backbone for the trainable
student and slowly updated EMA teacher within our semi-supervised pipeline.The
input 3-channel surgical frames are fed into the pre-trained DINOv2 ViT encoder
to extract multi-scale embeddings. These features are further processed by the
DPT decoder to aggregate global semantics and fine anatomical boundary informa-
tion for segmentation prediction. Dedicated branches output segmentation logits
to support consistency regularization between student and teacher.Endoscopic
data suffers from severe foreground-background imbalance, uneven illumination,
motion blur and instrument occlusion. We adopt a compound loss combining Dice
loss, cross-entropy loss and boundary regularization to enhance segmentation
performance on thin mitral leaflets. Under the EMA teacher-student framework,
we leverage strong augmentations for labeled samples, and weak—strong dual aug-
mentation for unlabeled frames to generate pseudo-labels and compute masked
consistency loss.

4 Experiments

Evaluations are conducted on the multi-modal MVAA challenge dataset [I5],
comprising three subtasks: CT, TEE, and surgical frames (Table . For CT and
TEE, Vista3D SegNet initialized with Vista3D-base weights is trained for 200
epochs using AdamW (Ir = 1 x 107%) and cosine annealing. For surgical frames,
DINOv2-DPT built upon DINOv2 ViT-base is trained with semi-supervised
AdamW with linear warm-up, cosine annealing, and early-stopping. Performance is
measured by DSC, HD, and ASD, where HD and ASD are reported in millimetres
for volumetric tasks and in pixels for 2D frames.

Table 1: Data Partition Statistics of Three Subtasks

Subtask Labeled Train Unlabeled Train Validation
Task 1 (CT) 27 1040 30
Task 2 (TEE) 105 0 20
Task 3 (Surgical Frame) 180 1379 48

5 Results

5.1 Comparison with Competing Methods

As shown in Table [2] leading submissions primarily adopt well-tuned nnU-Net
v2 as the 3D backbone, yielding compelling quantitative results with limited
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Table 2: Experimental results on the hidden test set of the MVAA 2026 benchmark
Task 1 (CT) Task 2 (TEE) Task 3 (Surgical Frame)
DSC 1 HD(mm) | ASD | DSC 1 HD(mm) | ASD | DSC 1 HD(pixel) | ASD |

3D UNet[I6]/ 3D UNet[I6]/ UNet++[I7]/
MVAA-Baseline[I8] 0.590 12.140 1.346 0.758 17.853  1.377 0.572 555.778 302.770  115.4

3D Unet[16]// SegResNet[19]// Unet++[17]

Method

RunTime (s)

neudl15 [20] 0.812 7.490 0.630 0.825 11.940  0.746 0.741  547.147 398.698 812.5
nnU-Net v2[2T]/ nnU-Net v2[21]/ Unet++[17]

xuhui [22] 0.841 5.327 0.478 0.852 9.043 0.563 0.801  278.822  61.115 1980.1
nnU-Net v2[21]/ nnU-Net v2|21]/ DINOv3-UNet[23]

Fitz [23] 0.854 5.068 0.341 0.900 6.148 0.295 0.850  162.087  36.138 6517.5
Vista3D SegNet (Fusion)[I1]/ Vista3D SegNet[I1]/ DINOv2-DPT[12]

Our Method 0.827 5.245 0.360 0.814 11.761 0.769 0.847 181.592 60.443 3342.2

Table 3: Ablation results for Task 1 (CT) validation set. Baseline: supervised-only
Vista3D SegNet with Dice+CE loss (loss ratio 8:2). All models use sliding-window
inference. TTA and fusion are inference-stage strategies.

Model Configuration DSC1 HD(mm)| ASD|
Vista3D SegNet 0.836 7.144 0.346
+ UniMatch SSL 0.840 5.925 0.310
-+ Multi-scale feature refinement module  0.846 5.091 0.295
+ Boundary composite loss 0.845 4.871 0.296
+ TTA 0.849 4.639 0.290
+ Fusion 0.851 4.603 0.289

architectural diversity. MVAA baselines based on 3D UNet and UNet++ suffer
from higher HD and ASD on noisy clinical data. On the hidden test set, our
fusion-enhanced Vista3D SegNet achieves balanced CT segmentation performance.
For TEE, Vista3D SegNet produces reasonable predictions yet remains inferior to
heavily-optimized nnU-Net v2 variants. Our DINOv2-DPT achieves a competitive
DSC of 0.847 for surgical frames, marginally below the top-ranked 0.850. Overall,
the proposed pipeline offers an alternative architectural choice for mitral-valve
segmentation.

5.2 Ablation

Table [3] reports ablation results on the CT validation set to validate our pro-
posed components. Starting from the fully-supervised Vista3D SegNet baseline
(DSC=0.836, HD="7.144, ASD=0.346), each added module improves segmenta-
tion accuracy and boundary quality overall. UniMatch-based semi-supervised
learning exploits unlabeled CT data, lifting DSC to 0.840 and reducing HD to
5.925. The multi-scale feature refinement module further enhances fine-grained
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anatomical representation, bringing HD down to 5.091 and ASD to 0.295. The
boundary-aware composite loss augments the original 8:2 Dice-CE objective
with an auxiliary boundary-loss term scaled by 0.7. It reduces HD for sharper
anatomical contours for thin mitral-leaflet structures, albeit with minor fluctua-
tions in DSC and ASD. Test-time augmentation stabilizes inference outputs, and
checkpoint fusion aggregates complementary model weights to achieve the best
overall performance (DSC=0.851, HD=4.603, ASD=0.289).

Table 4: Ablation results for Task 2 (TEE) validation set. Baseline: Vista3D
SegNet with Dice+CE loss (loss ratio 8:2).

Model Configuration DSCt HD(mm)| ASDJ|
Vista3D SegNet 0.786 17.164 1.142
+ Multi-scale feature refinement module  0.808 15.636 0.846

Table [ reports ablation results on the TEE validation set. Equipped with
the multi-scale feature refinement module, Vista3D SegNet obtains performance
gains: DSC improves from 0.786 to 0.808, HD decreases from 17.164 to 15.636, and
ASD drops from 1.142 to 0.846, which verifies the effectiveness of the multi-scale
refinement module for TEE segmentation.

Table 5: Ablation results for Task 3 (Surgical frames). Baseline: DINOv2-DPT
trained with Dice-Focal loss (loss ratio 7:3), with TTA enabled at inference.
Fusion denotes 1:1 weight-averaging of two trained models. Post-processing is an
inference-stage operation.

Validation set Test set
Model Configuration DSC 1 HD(pixel) | ASD | DSC 1 HD(pixel) | ASD |
DINOv2-DPT 0.803 101.133 12.709 - - -

+ SSL (w/o Conf-Mask) 0.799  14.310  14.602 - - -
+ SSL (w/ Conf-Mask) 0.815 69.132 11.712 0.847 181.592 60.443

+ Fusion 0.817 70.666 12.040 0.859  216.138  97.968
+ Post-processing 0.816 70.008  11.887 0.859  215.982 97.873

Table [f] presents ablation results of the surgical-frame subtask over validation
and test splits. Weight-averaged checkpoint fusion achieves slight DSC gains
but worsens HD and ASD boundary metrics, whereas post-processing (largest
connected-component filtering) causes negligible performance shifts. Such a
trade-off indicates that weight-based checkpoint averaging softens distinct anatom-
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ical contours, improving overlap-oriented DSC while impairing distance-sensitive
metrics for thin mitral leaflets.

5.3 Visual Analysis

Figure[3]shows the segmentation results for one representative sample per modality
across three mitral-valve imaging modalities: preoperative cardiac CT, intraoper-
ative TEE, and surgical frame. Our model generates intact, smooth segmentation
outlines, suppressing fragmented predictions and pixel-level artifacts, and enables
reliable mitral-valve delineation under low contrast, acoustic interference and
complex intraoperative conditions.

Surgical Frame

Fig. 3: Segmentation outputs of the proposed model on three mitral-valve modal-
ities (CT, TEE, Surgical frame), yielding intact smooth contours free of jagged
edges, missing boundaries and false-positive artifacts.

6 Conclusion

In this work, we propose a modality-adaptive hybrid-supervised framework for
perioperative mitral valve segmentation across CT, TEE, and surgical video.
By integrating UniMatch-based semi-supervision, multi-scale refinement, and
boundary-aware losses, the proposed method alleviates noise, jagged edges, and
incomplete contours, achieving robust performance across all MVAA subtasks.
This decoupling is motivated by fundamental heterogeneity among different
modalities. CT provides volumetric 3D representations, TEE suffers from acoustic
artifacts, and surgical video is disturbed by instrument occlusion, which makes
naive joint optimization vulnerable to negative transfer. Beyond the MVAA
benchmark, the framework addresses a general challenge in multi-modal learning
and is well suited to both preoperative planning and intraoperative guidance.
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