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Abstract. This work presents an approach to the Generalizability
Across Tumors (BraTS-GoAT) task of the BraT'S 2026 Challenge, which
focuses on robust segmentation of brain tumor sub-regions across a het-
erogeneous patient population. The proposed method employs the nnU-
Net framework with a large residual encoder architecture, integrating
a semi-supervised learning technique with pseudo-labels generated from
the unlabeled training data and a tumor-aware deformable augmenta-
tion that locally deforms the lesion while preserving the surrounding
anatomy. We evaluate the individual contributions of each component,
as well as their combination, using varying proportions of the most con-
fident pseudo-labeled cases. The submitted configuration for the gen-
eralization task achieves Dice and NSD scores of 0.881 and 0.473 for
Whole Tumor, 0.817 and 0.490 for Tumor Core, and 0.775 and 0.533 for
Enhancing Tumor on the BraTS-GoAT validation set, improving over
the labeled-only baselines across all tumor regions and confirming that
self-training and the proposed augmentation are complementary. Our
source code is publicly available at https://github.com/Henrique-zan/
brats-goat-2026/.

Keywords: BraTS-GoAT - Brain tumor segmentation - nnU-Net - Semi-
supervised learning - Data augmentation - Domain generalization.

1 Introduction

Brain tumors vary considerably in appearance, size and location, making au-
tomatic segmentation from Magnetic Resonance Imaging (MRI) images a long-
standing challenge. Accurate delineation of the Whole Tumor, Tumor Core, and
Enhancing Tumor is essential for diagnosis, treatment planning, and therapy as-
sessment [4,16]. In this vein, the Brain Tumor Segmentation (BraTS) challenge
has driven advances in this field by providing a large annotated benchmark [3,5].

Most state-of-the-art methods for BraTS are based on deep encoder-decoder
architectures derived from U-Net and its volumetric extension, 3D U-Net [7,18].
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Building on this architectural family, nnU-Net provides a self-configuring seg-
mentation pipeline that adapts preprocessing, network design, training, and in-
ference to the target dataset [10]. Its robustness and reproducibility have es-
tablished it as a reference framework for developing and evaluating medical im-
age segmentation methods [2,6]. Nevertheless, maintaining reliable performance
across distinct tumor types, acquisition protocols, imaging sites, and patient
populations remains challenging.

The Generalizability Across Tumors (BraTS-GoAT) task shifts the empha-
sis from in-distribution accuracy to generalization across heterogeneous tumor
distributions [5,12]. Its data include multiple tumor types, acquisition sites, and
patient populations, thereby penalizing methods that overfit site-specific image
characteristics or a narrow range of tumor morphologies. This setting motivates
the use of unlabeled training data through semi-supervised learning and the
introduction of anatomy-aware augmentations that increase morphological di-
versity without producing unrealistic global deformations [13]. Together, these
strategies can broaden the effective training distribution and improve robustness
to previously unseen cases.

To address this generalization challenge, we extend nnU-Net with three com-
plementary components: a region-based teacher built from the Large Residual
Encoder preset, a self-training pipeline that uses confident pseudo-labels gener-
ated by a modified nnU-Net teacher [19], and a tumor-aware deformable aug-
mentation. The first two components strengthen pseudo-label generation and
knowledge transfer, whereas the proposed augmentation constitutes the main
methodological contribution by increasing tumor-shape variability while pre-
serving the surrounding anatomy.

Based on these observations, this work is guided by the following research
questions:

— RQ1. What is the impact of incorporating unlabeled BraTS-GoAT data
through self-training on segmentation generalization across heterogeneous
tumor distributions?

— RQ2. How does tumor-aware deformable augmentation complement self-
training in improving segmentation robustness and generalization?

To answer these questions, we conduct a systematic ablation study in which
each component is evaluated independently before being integrated into the com-
plete pipeline. Experiments are conducted using a patient-level holdout to pre-
vent data leakage, and the best-performing arrangement is selected based on vali-
dation results from the official BraTS-GoAT challenge platform. The results show
that self-training improves overall performance and that the proposed augmen-
tation provides additional gains for Whole Tumor (WT) and Tumor Core (TC),
while largely preserving the improvements obtained for Enhancing Tumor (ET).

The remainder of this paper is organized as follows. Section 2 describes
the challenge dataset and evaluation regions. Section 3 presents the proposed
teacher—student framework, tumor-aware augmentation, and training procedure.
Section 4 reports the quantitative and qualitative results, while Section 5 an-
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alyzes the contribution of each component. Finally, Section 6 summarizes the
main findings and outlines directions for future work.

2 Dataset Specification

We use the official BraT'S-GoAT dataset from the BraTS 2026 Challenge [5],
a multi-institutional collection designed to evaluate the generalizability of
brain tumor segmentation methods across tumor types, acquisition sites, and
patient populations. Each case comprises four MRI modalities: native T1-
weighted (T1n), contrast-enhanced T1-weighted (T1c), T2-weighted (T2w), and
T2-FLAIR (T2f), used as four input channels. All volumes are skull-stripped,
assigned to an anatomical template, and resampled to an isotropic resolution
of 1Tmm3 (240 x 240 x 155 voxels), following the standard BraTS preprocessing
pipeline [3,4]. Voxel intensities are normalized independently for each modality
using nnU-Net default z-score normalization within the non-zero brain region.
The dataset comprises a labeled training set, an unlabeled training pool, and
an official validation set without public ground truth, evaluated through the
challenge platform. The labeled set includes fully annotated adult gliomas [4],
partially annotated meningiomas [14], and brain metastases [17], while the re-
maining cases constitute the unlabeled pool. The validation set further includes
BraTS-Africa [1] and pediatric tumors [8,9], introducing previously unseen tu-
mor types and patient populations. Annotations follow the standard BraTS
protocol: necrotic/non-enhancing tumor core (NCR/NET, label 1), peritumoral
edema (ED, label 2), and enhancing tumor (ET, label 3). Performance is evalu-
ated on the derived regions Whole Tumor (WT = 1U 2 U 3), Tumor Core (TC
= 1U3), and Enhancing Tumor (ET = 3). Fig. 1 shows the four MRI modalities
and the corresponding segmentation for a representative subject. The dataset
contains 1,351 labeled, 1,138 unlabeled, and 451 validation volumes (patients).

Seg Overlay (FLAIR)

I NCR/NET (label 1) W ED (label 2) WM ET (label 3)

Fig. 1. Example MRI modalities and segmentation masks.

3 Method

Fig. 2 summarizes the proposed pipeline. A supervised model (teacher) is first
trained on the labeled data and then used to generate pseudo-labels for the unla-
beled cases. The most confident predictions are merged with the labeled data to
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improve robustness and generalization. The second model architecture (student)
employs an unmodified large residual encoder nnU-Net [11] and is trained with
the proposed tumor-aware deformable augmentation to enhance its representa-
tions.

The following sections describe each component in detail. The complete im-
plementation, including all hyperparameters, source code, and trained model
weights, is publicly available for research purposes®.
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Fig. 2. Overview of our nnU-Net-based self-training pipeline for BraTS-GoAT.

3.1 Supervised Model (Teacher)

To maximize the quality of the pseudo-labels, the teacher model is based on nnU-
Net v2 [10] using the 3D full-resolution configuration with the Large Residual
Encoder preset proposed in [11]. Following Satushe et al. [19], we further re-
place the default instance normalization with group normalization, incorporate
axial attention into the decoder, and augment the loss with a Hausdorff-distance
term to improve boundary delineation. The model is trained in a region-based
manner, predicting the three overlapping tumor regions (WT, TC, and ET)
with sigmoid outputs. The teacher is trained with a patient-level five-fold cross-
validation, which keeps each patient within a single fold and thus avoids leakage.
The final prediction averages the five resulting models to reduce variance and
potential bias.

Although more computationally demanding than the standard nnU-Net, this
architecture provides greater capacity to model complex anatomical and mor-
phological variations. Its strong performance in the BraTS 2025 Generalization

1 https://github.com/Henrique-zan/brats-goat-2026/
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Challenge [19] further motivated its selection as the teacher model for pseudo-
label generation, used in the subsequent training sequence.

3.2 Semi-Supervised Model (Student)

To leverage the unlabeled training data described in Section 2, we adopt a self-
training strategy [15,20], in which a teacher model trained on labeled data gener-
ates pseudo-labels that are subsequently incorporated into a new training stage.

In our approach, the supervised teacher model described in Section 3.1 pre-
dicts the three overlapping tumor regions (WT, TC, and ET). Cases with empty
Whole Tumor predictions are discarded, and the remaining pseudo-labeled cases
are ranked by confidence, calculated as the mean, across the three regions, of
the average foreground probability within each predicted region. The top 75%
most confident cases, corresponding to confidence scores of at least 97.22%, are
retained and merged with the labeled training set. This confidence-based filter-
ing reduces the impact of noisy pseudo-labels while substantially expanding the
effective training set.

We selected the retention fraction by comparing 25%, 50%, 75%, and 100%
of the confidence-ranked cases, each trained identically to the student models
except for an 80%,/20% split adopted only for this comparison, and evaluated on
the BraTS-GoAT validation set. As shown in Table 1, the 75% setting offered
the best trade-off between the number of retained cases and label reliability, and
was therefore adopted for the final model.

Table 1. BraTS-GoAT validation results for the four pseudo-label retention fractions,
taken after discarding the empty-prediction cases. Dice and NSD are reported as per-
centages, whereas HD95 is in millimeters. For all metrics, results are presented as mean
=+ standard deviation over all validation cases.

Retention = Metric WT TC ET Avg
95% Dice (1) 86.3+£20.8 80.2+281 76.2+ 30.9 80.9
2680cases NSD (1) 45.3+20.4 4784283 522+ 266 484
HD95 () 19.3+£69.5 2644822 449+1146 30.2

50% Dice (1) 86.9+20.0 80.2+28.0 76.3+ 30.7 81.1
P36 cases  NSD (1) 4614203 48.3+£27.9 525+ 264  49.0
HD95 (§) 17.0+63.4 26.1+80.7 452+114.2 294

759 Dice (1) 87.7+185 81.3+26.5 77.3+ 29.8 82.1
SOBOCases NSD (1) 46.6+20.0 49.0+27.5 534+ 259 49.7
HD95 (J) 15.3+58.6 21.8+71.6 40.9+108.8 26.0

100% Dice (1) 87.4+18.6 80.8+£26.7 76.8+ 30.0 81.7
1 0710 cases  VSD (1) 46.2+£19.9 4844274 527+ 26.0 49.1
’ HD95 (J) 14.7+56.3 21.4+69.9 41.1+108.9 25.8
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Unlike the teacher model, the student employs the unmodified large residual
encoder nnU-Net v2 architecture [10,11] without the additional architectural
modifications introduced for pseudo-label generation. The student is trained on
the combined labeled and pseudo-labeled dataset using the proposed tumor-
aware deformable augmentation described in Section 3.3.

Training uses a patient-level 95%/5% (training/validation) holdout to pre-
vent data leakage and ensure unbiased model selection. The small validation split
maximizes the amount of labeled data available for training, which is particu-
larly beneficial in the semi-supervised setting. Final performance is evaluated
independently on the official BraTS-GoAT validation set.

This design yields a computationally efficient student while leveraging the
knowledge captured by the higher-capacity teacher through self-training. Conse-
quently, the student benefits from reliable pseudo-labels, improving generaliza-
tion without requiring the same model complexity as the teacher.

3.3 Tumor-Aware Deformable Augmentation

The proposed tumor-aware deformable augmentation increases tumor morpho-
logical variability while preserving anatomical characteristics. It combines local-
ized elastic deformations and isotropic scaling to expose the network to a broader
range of plausible tumor morphologies, thereby improving generalization.

The deformation is restricted to the lesion and a narrow surrounding region
using a Gaussian-smoothed weighting map derived from the dilated tumor mask,
ensuring a smooth transition to the unchanged tissue. For each sampled patch
containing a sufficiently large tumor, the transform applies either a smooth elas-
tic deformation or an isotropic scaling around the tumor center of mass, each
with equal probability. Smaller lesions are excluded to avoid unrealistic defor-
mations and interpolation artifacts. Image intensities and segmentation labels
are warped using the same displacement field, with linear and nearest-neighbor
interpolation, respectively, preserving geometric consistency. For computational
efficiency, the deformation is computed only within an expanded tumor bounding
box, where an edge-fade window enforces zero displacement at the boundaries,
preventing boundary artifacts.

Table 2 summarizes the augmentation parameters, and Fig. 3 shows repre-
sentative examples.

Table 2. Parameters of the tumor-localized deformable augmentation.

Parameter Value Parameter Value
Application probability 0.5 Dilation iterations 8
Minimum tumor size (voxels) 50 Halo smoothing 5.0
Elastic field smoothness 4.0 ROI margin (voxels) 20
Maximum elastic displacement 9.0 Edge-fade width (voxels) 10

Scale range 0.65-1.45
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Original Shape (elastic) Size (scale) Original Shape (elastic)

N

N NCR/NET (label 1) I ED (label 2) I ET (label 3)

Fig. 3. Deformable augmentation examples (original, shape, size).

3.4 Training Procedure

Both the teacher and the student are trained with stochastic gradient descent, a
polynomial learning-rate schedule, deep supervision, and a combined Dice and
cross-entropy loss. For the students, the patch size (160 x 192 x 160) and batch
size (3) are automatically determined by the nnU-Net framework using rule-
based heuristics that depend on the dataset and hardware characteristics, and
remain fixed across all student experiments, ensuring a fair comparison across all
configurations. Each student is also trained for 1000 epochs. The teacher instead
uses a fixed patch size (128 x 128 x 128) and batch size (5), augments the loss
with a Hausdorff-distance term, and is trained for 250 epochs. For all models,
the epoch with the highest validation Dice score is selected for inference. All
experiments are performed on an NVIDIA H100 GPU with 80 GB of memory.

4 Results

To fairly evaluate the proposed approach and answer the research questions
posed in Section 1, we define an experimental protocol that isolates the con-
tribution of each pipeline component. We first evaluate the supervised teacher
model to assess the quality of the generated pseudo-labels. Next, we compare
the student trained only on labeled data with the student trained via self-
training (RQ1). We then evaluate the impact of the augmentation alone, applied
to the student trained only on labeled data. Finally, we evaluate the complete
proposed approach that combines self-training with the tumor-aware deformable
augmentation (RQ2).

As the validation ground truth is not publicly available, predictions are gen-
erated locally for the validation cases and submitted to the challenge platform,
which returns the official Dice, NSD, and HD95 metrics. For each metric, we re-
port the mean and standard deviation across predictions for 451 validation cases.

Table 3 summarizes the ablation results. The first configuration is the super-
vised teacher evaluated directly on the validation set. The second is the student
trained only on labeled data. The third adds confidence-filtered pseudo-labels
through self-training. The fourth applies the tumor-aware deformable augmen-
tation to the labeled-only student. The fifth is the submitted model, which com-
bines self-training with the augmentation.
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Table 3. BraTS-GoAT validation results for the teacher and the four student config-
urations, evaluated through the submission platform. Dice and NSD are reported as
percentages, whereas HD95 is in millimeters. For all metrics, results are presented as
mean + standard deviation over all validation cases.

Model Metric WT TC ET Avg

Teacher Dice (1) 86.7+20.3 80.2+284 773+ 298 81.4
Labeled Data Only NSD (1) 455+£20.1 483+£27.8 53.0+ 259 489
HD95 () 16.9+63.2 25.0+£79.1 41.04+109.3 27.6

Student Dice (1) 86.6+20.9 81.1+274 760+ 314 81.2
Labeled Data Only NSD (1) 46.8+£20.9 48.6=£27.6 521+ 265 49.1
HD95 () 19.3+69.5 25.6+821 46.8+117.3 30.6

Student Dice (1) 87.8+18.5 80.3+£27.7 775+ 29.1 819
w/ Pseudo-Labels NSD (1) 46.9+19.9 484+27.6 534+ 257 495
HD95 () 15.6+60.8 23.3+£75.2 39.24+106.9 26.0

Dice (1) 87.3+19.2 81.5+26.6 769+ 30.5 81.9
NSD (1) 47.3+21.1 49.9+282 53.5+ 26.8 50.2
HD95 () 15.2+584 18.7+653 41.9+111.0 25.3

Student (submitted) Dice (1) 88.1+17.8 81.7+258 775+ 295 824
w/ Pseudo-Labels and NSD (1) 47.3+19.9 49.0+27.3 533+ 25.7 49.9
Tumor-Aware Aug. HDY5 (/) 14.0+£56.0 21.5+71.6 40.7+108.9 25.4

Student
w/ Tumor-Aware Aug.

As a complementary analysis, Table 4 reports the mean Dice scores obtained
on validation splits derived from the challenge-released training data and used
for model selection. The left block corresponds to Table 3 and includes the five-
fold teacher average together with results on the 95%/5% student holdout (68
cases), whereas the right block corresponds to Table 1 and reports results using
an 80%,/20% holdout (271 cases). Since the two blocks are based on different val-
idation protocols, their results should be interpreted only through within-block
comparisons. Moreover, as these splits are derived from the training data, the
reported scores reflect in-distribution performance and should not be interpreted
as estimates of generalization to the official challenge validation set.

Table 4. Internal validation results for the evaluated models and pseudo-label retention
fractions, as computed by nnU-Net at the end of training. Dice scores are reported as
percentages and averaged across all validation cases.

Model Avg. Dice (1) Retention Avg. Dice (1)
Teacher, Labeled Data Only 89.8 25% pseudo-labels 82.4
Student, Labeled Data Only 81.3 50% pseudo-labels 82.0
Student w/ Pseudo-Labels 80.9 75% pseudo-labels 82.2
Student w/ Tumor-Aware Aug. 80.9 100% pseudo-labels 82.1

Student (submitted) 81.2
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5 Discussion

Comparing the supervised teacher with the student trained only on labeled data
reveals that the higher-capacity teacher provides only marginal performance dif-
ferences despite its substantially greater computational complexity. While the
teacher achieves slightly better average Dice and HD95, the standard nnU-Net
student obtains comparable results, even outperforming the teacher on some in-
dividual metrics and tumor regions. This observation suggests that the increased
architectural complexity is not justified for direct deployment. Instead, its pri-
mary value lies in producing reliable pseudo-labels that transfer knowledge to a
simpler and more efficient student through self-training.

Among the student models, incorporating pseudo-labels improves the aver-
age Dice score from 81.2% to 81.9% while reducing the average HD95 from 30.6
to 26.0 mm, demonstrating that self-training effectively exploits the unlabeled
data (RQ1). The tumor-aware deformable augmentation improves boundary
metrics most clearly: applied to the labeled-only student, it achieves the best
average NSD (50.2%) and HD95 (25.3 mm) among all configurations. Combined
with self-training, the submitted model attains the best average Dice (82.4%),
with average NSD and HD95 of 49.9% and 25.4 mm, confirming that the aug-
mentation contributes complementary boundary gains (RQ2).

Region-wise, the largest gains are observed for Whole Tumor, where the com-
plete approach achieves the highest Dice (88.1%), NSD (47.3%), and the lowest
HD95 (14.0 mm). Tumor Core also benefits from the combined strategy, improv-
ing all three evaluation metrics over both the baseline and the self-training-only
configuration. For Enhancing Tumor, self-training provides the largest improve-
ment, increasing Dice from 76.0% to 77.5% and reducing HD95 by more than
7 mm, while the proposed augmentation preserves these gains. Overall, the re-
sults indicate that self-training and the proposed tumor-aware augmentation are
complementary: pseudo-labels primarily expand the effective training distribu-
tion (RQ1), whereas the augmentation improves robustness to morphological
variability, particularly for the larger tumor regions (RQ2).

Fig. 4 presents predictions from the submitted model for two representative
validation cases, overlaid on the FLAIR images. As the validation annotations are
unavailable, these examples support only a qualitative inspection of the predicted
NCR/NET, ED, and ET regions, rather than a direct visual comparison with
the ground truth.

6 Conclusions

This paper presented an approach to the BraTS-GoAT task of the BraTS 2026
Challenge that combines confidence-filtered self-training with tumor-aware de-
formable augmentation. Self-training expands the effective training set using
high-confidence pseudo-labels, while the proposed augmentation increases the
diversity of plausible tumor shapes and sizes without applying global deforma-
tions to the surrounding anatomy.
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FLAIR Prediction

I NCR/NET (label 1) I ED (label 2) I ET (label 3)

Fig. 4. Qualitative segmentation results of the submitted model on the validation set.

On the official validation set, the combined approach improves both overlap
and boundary metrics relative to the labeled-only student, increasing the average
Dice score from 81.2% to 82.4% and reducing the average HD95 from 30.6 to
25.4 mm. The results indicate that the two components are complementary, with
the augmentation providing its clearest additional gains for WT and TC.

Future work will investigate iterative self-training, teacher ensembles, more
informative pseudo-label ranking criteria, post-processing strategies, and more
detailed analyses across MRI modalities, tumor types, and acquisition domains.
We also plan to explore additional methods for further improving segmenta-
tion performance.
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