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Abstract. Multi-center MR whole-heart segmentation is challenging
because cardiac chambers, myocardium, and great vessels have differ-
ent sizes, boundary contrasts, and field-of-view coverage. nnU-Net pro-
vides a competitive baseline, but our validation analysis shows that the
remaining errors concentrate in myocardium (Myo), aorta (AO), and pul-
monary artery (PA). We address these structure-specific challenges with
a structure-reliability-guided inference framework. A five-fold nnU-Net
prediction is used as the anatomical anchor, AO and Myo are refined
by an automatic second-stage ROI branch, and an MAE-pretrained Res-
EncL nnU-Net with lightweight GraTa-style test-time adaptation serves
as a donor for LV, RV, Myo, and PA. The donor assignment is determined
from out-of-fold (OOF) validation and fixed before official inference.
Donor predictions are accepted only through an add-only rule, while
AO, LA, and RA are locked after ROI tuning. On internal five-fold OOF
validation, the final pipeline improved mean Dice from 0.8843 to 0.8864.
The largest gains were observed on PA (+0.0053), Myo (+0.0038), AO
(+0.0027), and RV (+0.0017). On the CARE 2026 official MR valida-
tion leaderboard snapshot, the method achieved 0.8668 Dice, 14.3296
HD, and 1.6440 ASSD, ranking first at the recorded submission time.
These results suggest that MR whole-heart segmentation can benefit
from assigning model responsibility at the anatomical-structure level.

Keywords: MR Whole-Heart Segmentation · Region-of-Interest Refine-
ment · Masked Autoencoder Pre-Training · Test-Time Adaptation · Se-
lective Fusion

1 Introduction

Whole-heart segmentation aims to delineate the left ventricle (LV), right ven-
tricle (RV), left atrium (LA), right atrium (RA), myocardium (Myo), aorta (AO),
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and pulmonary artery (PA). It is a fundamental task in cardiac image analy-
sis and has been extensively studied in whole-heart segmentation benchmarks
[19]. Early encoder-decoder and volumetric CNN architectures established the
foundation of modern biomedical image segmentation [4, 9, 10]. Recent weak-
supervision studies have also addressed annotation cost, label inconsistency, and
human-attention cues in medical image segmentation [1, 2, 17]. Compared with
single-organ tasks, whole-heart segmentation requires simultaneous accuracy on
large chambers, thin myocardium, and vessels with variable visible extent.

MR whole-heart segmentation is particularly challenging under multi-center
variations in intensity, contrast, and field-of-view coverage. Although modern
self-configuring and architecture-scaled segmentation frameworks have substan-
tially improved overall performance [6, 8, 11], their residual errors are often un-
evenly distributed across anatomical structures. In our MR validation analysis,
chamber structures were relatively stable, whereas Myo, AO, and PA remained
more difficult. This structure-wise performance heterogeneity becomes impor-
tant when overall segmentation performance is already high, and is related to
the broader challenge of learning under imbalanced anatomical targets [12]: a
model or refinement strategy that improves one structure may provide little
benefit, or even degrade performance, for another. Consequently, globally select-
ing or uniformly averaging models may be suboptimal when the remaining errors
are structure dependent.

This observation motivates a structure-level reliability perspective, in which
each auxiliary model is assigned only to the anatomical structures where it
provides validated complementary benefits. Cascaded ROI refinement is use-
ful for local difficult structures, while self-supervised pre-training and test-time
adaptation can offer complementary predictions under domain shift [3, 7, 13, 15,
16]. However, these auxiliary predictions need not be equally reliable across all
anatomical structures. This motivates using structure-level reliability to deter-
mine where each auxiliary branch should contribute.

We propose an MR-specific structure-reliability-guided fusion pipeline, in
which class-wise reliability is estimated from OOF validation. The first com-
ponent is a second-stage AO/Myo ROI refinement branch, which focuses on
local structures that are difficult for the global model. The second component
is an MAE-pretrained donor with lightweight GraTa-style adaptation, which is
used only for structures where out-of-fold (OOF) validation indicates comple-
mentary benefit. The final prediction is produced by an add-only fusion rule and
class-aware post-processing.

The contributions of this paper are threefold:

1. We formulate MR whole-heart refinement as a structure-level reliability as-
signment problem.

2. We combine AO/Myo second-stage ROI refinement with a restricted
MAE+GraTa-lite donor, allowing only LV, RV, Myo, and PA supplemen-
tation while locking AO, LA, and RA.

3. We validate the design using five-fold OOF ablation and official validation
results, showing overall improvements over an nnU-Net MR baseline.
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Fig. 1. Overview of the proposed MR pipeline. A five-fold nnU-Net prediction is used
as the anatomical anchor. AO and Myo are refined by an automatic ROI branch. An
MAE-pretrained donor with GraTa-lite produces complementary candidates, but fusion
is restricted to LV, RV, Myo, and PA. AO, LA, and RA are locked after ROI tuning.

2 Method

2.1 Overview

Fig. 1 summarizes the proposed MR inference pipeline. The five-fold nnU-Net
prediction is used as the anatomical anchor, and auxiliary models are introduced
as structure-specific donors. Therefore, the final prediction is obtained through
structure-wise refinement and selective fusion rather than global model replace-
ment or uniform model averaging.

Given an MR image I, the pipeline first obtains an anchor prediction by
averaging the softmax outputs of five nnU-Net folds. The anchor prediction is
refined for AO and Myo using an automatic ROI branch. In parallel, an MAE-
pretrained ResEncL nnU-Net with lightweight GraTa-style adaptation generates
candidate predictions for selected donor structures. A fixed reliability assignment
derived from OOF validation determines which structures are allowed to receive
donor supplementation. The final output is obtained by add-only fusion, followed
by MR-specific class-aware post-processing and official label restoration.

2.2 Five-Fold Anchor and Structure Reliability Assignment

The baseline anchor is produced by five-fold softmax averaging over the label
set L = {LV,RV,LA,RA,Myo,AO,PA}:

P anc(x, c) =
1

K

K∑
k=1

Pk(x, c), K = 5, (1)

where Pk(x, c) is the probability predicted by fold k for class c at voxel x, and
Y anc is obtained by argmax. We define structure reliability as an OOF-estimated
class-wise trust assignment rather than a case-wise oracle. For donor model d
and class c, the OOF gain is

∆OOF
d,c = DSCOOF

d,c −DSCOOF
main,c, (2)

A donor is allowed for a structure only when OOF validation indicates a positive
gain and no adjacent stable structure is degraded. This assignment is fixed before
official inference and does not use validation or test labels at inference time.
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Based on the OOF analysis, AO and Myo are handled by the ROI branch,
while the MAE+GraTa-lite donor is allowed only for LV, RV, Myo, and PA. AO,
LA, and RA are locked after ROI tuning:

CMR
donor = {LV,RV,Myo, PA}, CMR

lock = {AO,LA,RA}. (3)

This converts model fusion from global model selection into class-level responsi-
bility assignment.

2.3 Automatic AO/Myo ROI Refinement

The ROI branch targets AO and Myo because these structures were among
the lowest-performing classes in the anchor prediction. The ROI is generated
automatically from the first-stage anchor prediction. For each target class c ∈
{AO,Myo}, we compute a 3D bounding box around the post-processed anchor
component and enlarge it by 20 mm, with a minimum margin of 8 voxels along
each axis. The cropped patch is forwarded to a second-stage local model trained
with binary ROI supervision. Separate local models are trained for AO and Myo.

During inference, the crop is generated only from the first-stage prediction,
without using ground-truth labels. OOF evaluation uses the held-out ROI fold,
while official inference uses five ROI folds with mirroring test-time augmentation.
The local prediction is restored to the original image space, and only AO and
Myo voxels can be updated:

Y roi
c = Rc(Y

anc, I), c ∈ {AO,Myo}, (4)

where Rc denotes crop, local refinement, and paste-back for class c. In the
tuned setting, both AO and Myo use a probability threshold of 0.85. Added AO
voxels must lie within 4 mm of the anchor AO region, and added Myo voxels
must lie within 3 mm of the anchor Myo region. Other anatomical labels are
protected from being overwritten, so the second stage acts as a local corrector
rather than a whole-heart replacement model.

2.4 MAE-Pretrained Donor with GraTa-Lite Adaptation

The second auxiliary source is an MAE-pretrained ResEncL nnU-Net donor.
MAE pre-training learns volumetric structural representations through masked
reconstruction [7, 15], which can provide complementary predictions under center
and intensity shift. However, OOF analysis showed that this donor should not
globally replace the tuned ROI result. We therefore use it only as a restricted
donor for validated structures.

To improve robustness at inference time, we apply a lightweight GraTa-style
adaptation to the donor. For each case and fold model, checkpoint weights are
restored before adaptation, so updates do not accumulate. We update only nor-
malization affine parameters for one AdamW step with learning rate 10−5, zero
weight decay, and maximum gradient norm 1.0. The self-supervised objective is

Ltta = Lent(Pθ(I)) + λLcon(Pθ(aw(I)), Pθ(as(I))), (5)
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where λ = 1.0, Lent is entropy loss, and Lcon is the mean squared consistency
loss between the strong prediction and the stop-gradient weak prediction. The
weak augmentation aw is the original preprocessed patch. The strong augmenta-
tion as is intensity-only, with brightness multiplier 1 +N (0, 0.02) and Gaussian
noise of 0.01 times the patch intensity standard deviation. No spatial transfor-
mation is used. The update is applied only when the entropy and consistency
gradients have non-negative alignment. The adapted parameters are discarded
after each case, and the branch only supplies candidate voxels for CMR

donor.

2.5 Locked-Class Add-Only Fusion and MR Post-Processing

Let Y main denote the tuned AO/Myo ROI result and Y donor denote the
MAE+GraTa-lite donor prediction. For a donor-allowed class c ∈ CMR

donor, donor
voxels are accepted only where the main prediction is not locked:

Y final
c = Y main

c ∪ {x : Y donor(x) = c, Y main(x) /∈ CMR
lock}. (6)

For locked classes, the tuned ROI result is preserved:

Y final
c = Y main

c , c ∈ CMR
lock . (7)

This rule prevents donor predictions from overwriting AO, LA, and RA. Myo
appears in both auxiliary branches, but the donor can only supplement Myo;
it cannot remove the tuned ROI result. After fusion, MR-specific class-aware-
hd post-processing suppresses isolated components that may increase surface-
distance errors. The final prediction is restored to the official label values and
saved in the original image space.

3 Experiment

3.1 Dataset, Setup, and Metrics

Experiments were conducted on the MR part of the CARE 2026 whole-heart
track, which builds upon prior whole-heart and myocardial segmentation re-
sources and methodologies [5, 18, 20]. The training set contains 46 MR volumes
from centers C, D, and E, and the official validation set contains 20 MR volumes.
The seven foreground labels are LV, RV, LA, RA, Myo, AO, and PA. Internal
evaluation uses five-fold OOF predictions, while official validation scores are
taken from the leaderboard snapshot.

We report Dice similarity coefficient (DSC), Hausdorff distance (HD), and av-
erage symmetric surface distance (ASSD). DSC measures volume overlap, while
HD and ASSD measure boundary errors in physical space [14]. The mean DSC
is the average over the seven foreground structures:

DSC =
1

7

∑
c∈L

DSCc. (8)
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Table 1. MR five-fold OOF ablation of the proposed pipeline. Class-wise DSC values
are rounded to four decimals. Bold indicates the best or tied-best rounded value among
the proposed-pipeline variants; lower is better for HD and ASSD.

Class-wise DSC Mean Surface distance
Method LV RV LA RA Myo AO PA DSC HD ASSD
nnU-Net 5-fold + class-aware-hd 0.9455 0.9061 0.9101 0.9233 0.8586 0.8235 0.8234 0.8843 16.1886 1.9518
Baseline + AO/Myo ROI refinement 0.9455 0.9061 0.9101 0.9233 0.8610 0.8262 0.8234 0.8850 16.1616 1.9610
MAE-pretrained donor + class-aware-hd 0.9472 0.9073 0.9096 0.9231 0.8605 0.8258 0.8253 0.8855 15.5870 1.9514
Tuned ROI + MAE add-only fusion 0.9466 0.9078 0.9101 0.9233 0.8625 0.8262 0.8286 0.8864 15.9000 1.9318
Final: tuned ROI + MAE/GraTa-lite
add-only fusion

0.9466 0.9078 0.9101 0.9233 0.8624 0.8262 0.8287 0.8864 15.8968 1.9318

3.2 OOF Ablation

Table 1 reports the MR OOF ablation for the proposed structure-reliability-
guided pipeline. The baseline obtained 0.8843 mean DSC. The lower classes were
Myo (0.8586), AO (0.8235), and PA (0.8234), confirming that the residual errors
were concentrated in thin myocardium and vessels. AO/Myo ROI refinement
increased Myo to 0.8610 and AO to 0.8262. The MAE donor improved several
classes, but its class-wise behavior differed from the ROI-tuned anchor. The final
add-only design achieved 0.8864 mean DSC. The largest class-wise gains over the
baseline were observed on PA, Myo, AO, and RV, while LA and RA remained
unchanged because they were locked during donor fusion.

To directly examine global model averaging, we additionally evaluated a post-
hoc 0.5/0.5 probability average between the anchor and MAE donor (Table 2).
This check is reported separately from the proposed-pipeline ablation because
it is a global-fusion baseline rather than a component of our submitted method.
Uniform averaging produced a comparable mean DSC, but it reduced the two
targeted difficult structures, Myo and PA, compared with the final selective
pipeline. We therefore use this result to support a conservative conclusion: global
averaging can shift structure-wise performance, whereas the selective pipeline
keeps responsibility fixed to the validated structures.
Table 2. Separate post-hoc comparison between the submitted selective pipeline and
global probability averaging. Uniform averaging is not part of the proposed pipeline.

Method Mean DSC Myo DSC PA DSC
Final selective pipeline 0.8864 0.8624 0.8287
Uniform avg. anchor+MAE donor 0.8869 0.8617 0.8271

3.3 Official Validation Results

Table 3 summarizes our official MR validation submissions. The stable baseline
achieved 0.8641 DSC. Tuned AO/Myo ROI refinement increased DSC to 0.8651.
The final pipeline further increased DSC to 0.8668 and reduced both HD and
ASSD. This trend is consistent with the internal OOF ablation and supports the
transferability of the structure-level assignment.
3.4 Qualitative Comparison

Fig. 2 shows representative OOF predictions across refinement stages. With
the same anatomical color map, the comparison illustrates that ROI refinement
mainly adjusts local AO/Myo regions, while the final donor-fusion stage com-
plements selected structures without visibly disturbing stable chambers.
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Table 3. Official MR validation leaderboard snapshot for our submissions. Bold indi-
cates the best value among our listed submissions; lower is better for rank, HD, and
ASSD.

Submission Rank CreatedTime DSC HD ASSD
Stable MR baseline 6 2026-06-08 14:09:07 0.8641 14.4985 1.6557
Tuned AO/Myo ROI 3 2026-06-25 17:29:50 0.8651 14.5039 1.6614
Final MR pipeline 1 2026-07-02 13:52:37 0.8668 14.3296 1.6440

Case3013
AO, z=39

GT Baseline Tuned ROI Final pipeline

Case3001
Myo, z=61

Case3014
PA, z=87

MR OOF prediction comparison across refinement stages

LV RV LA RA Myo AO PA

Fig. 2. Representative MR OOF prediction comparison across refinement stages.
Columns show ground truth, nnU-Net baseline, tuned AO/Myo ROI, and final pre-
diction.

4 Conclusion

We proposed an MR-specific structure-reliability-guided inference framework
for whole-heart segmentation. The method uses AO/Myo ROI refinement to ad-
just local difficult structures and introduces an MAE+GraTa-lite donor only for
validated complementary classes. Add-only fusion and locked-class rules prevent
donor predictions from overwriting protected anatomical structures. Internal
OOF and official validation results show overall improvements over an nnU-Net
baseline, suggesting that structure-level model responsibility is a useful strategy
for MR whole-heart segmentation.

Future work will explore how to estimate structure-level reliability more adap-
tively across datasets and institutions. In the current study, the reliability as-
signment is fixed before inference based on OOF validation; incorporating case-
or domain-specific reliability cues may further improve transferability to new
acquisition settings.
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