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Abstract. Accurate detection and segmentation of brain metastases are
challenging tasks that are critical for quantitative imaging assessment
and clinical decision-making. Current clinical evaluation relies primarily
on manual measurements following the Response Assessment in Neuro-
Oncology Brain Metastases (RANO-BM) guidelines, making the process
labor-intensive, time-consuming, and prone to inter-/intra-observer vari-
ability and human bias. In this work, we extend our previous method
(the winning solution of BraTS-METS 2025) by developing an ensem-
ble framework based on the U-Mamba models. Building upon the nnU-
Net framework, U-Mamba integrates convolutional neural networks with
state space sequence models, enabling simultaneous extraction of local
image features and modeling of long-range spatial dependencies. We eval-
uated multiple U-Mamba variants and post-processing strategies, and
the final ensemble combines two models, with one model specifically opti-
mized for small lesion detection through the use of the CATMIL loss func-
tion. The results returned by the evaluation server for the validation set
of BraTS-METS 2026 are (Dice Similarity Coefficient/Normalized Sur-
face Distance): 0.708/0.767, 0.499/0.427, 0.740/0.789, and 0.694/0.711
for the enhancing tumor, resection cavity, tumor core, and whole tu-
mor. The detection (F1 score) metrics are: 0.450, 0.457, and 0.357 for
enhancing tumor, tumor core, and whole tumor.

Keywords: Brain metastasis · Detection · Segmentation · nnU-Net ·
U-Mamba · State space sequence model.

1 Introduction

Monitoring metastatic brain lesions is a costly and time-consuming task, es-
pecially in patients with multiple metastases, where assessments are based on
manual evaluation. Therefore, this procedure can be subjective, prone to hu-
man errors and bias, and dependent on the experience of a particular reader.
According to the Response Assessment in Neuro-Oncology Brain Metastases
⋆ Joint first author with equal contribution.
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(RANO-BM) guidelines, brain metastases are conventionally assessed using the
largest unidimensional diameter of each lesion. Nevertheless, accurate volumetric
quantification of both metastatic lesions and the associated peritumoral edema
is essential for supporting clinical decision-making and improving predictions of
treatment response. This challenge is further exacerbated by the typically small
size of brain metastases, which makes their detection and segmentation difficult.
Consequently, the development of reproducible, objective, and unbiased methods
for medical image analysis has become a major research focus in recent years.

Algorithms for brain metastasis detection can be broadly divided into two
categories: (i) classical and (ii) (deep) machine learning approaches [4, 17]. Am-
brosini et al. [1] introduced 3D spherical tumor models for lesion detection in
single-modal magnetic resonance images (MRIs), although such methods may
fail to identify tumors with irregular morphology or atypical intensity charac-
teristics. Farjam et al. [6] employed optimized 3D spherical shell templates for
detecting small lesions, whereas Pérez-Ramírez et al. [18] proposed a template-
matching framework for the same purpose. These techniques are frequently com-
plemented by machine learning methods, including unsupervised clustering, to
identify lesion candidates and reduce the number of false-positive detections
through subsequent classification [19]. It is important to note that many of these
early studies were conducted at a single institution and lacked pathological con-
firmation of metastatic lesions—it limits the generalizability of their findings [19].
In response to these limitations, the development of large-scale, objective, multi-
center benchmarks has become increasingly important. One notable example
is BraTS-METS [16, 15], established within the well-known Brain Tumor Seg-
mentation (BraTS) family of challenges. BraTS-METS provides a standardized
framework for evaluating emerging algorithms for brain metastasis detection
and segmentation. In the 2025 edition of BraTS-METS, our winning solution [2]
was based purely on nnU-Nets (“no-new U-Nets”) [8]—a self-configuring deep
learning model for medical image analysis. Of note, nnU-Nets have established
the state of the art in a variety of medical image analysis segmentation tasks
for different organs and image modalities [9]. The other BraTS-METS 2025 ap-
proaches included a combination of various deep learning architectures within
the MONAI Auto3DSeg framework [11] and the approach benefiting from a
combination of the Dice and Focal loss functions [20] in the training process.
Finally, the federated benchmarking of (not only) medical artificial intelligence
models has become increasingly important in the field, in order to objectify their
thorough assessment and quantifying their generalization abilities [10, 22].

In this article, we build upon our last year’s efforts, and extend our tech-
nique by building an ensemble combining two different versions of the U-Mamba
model [14]. U-Mamba builds upon nnU-Nets, but additionally it is able to simul-
taneously capture local features and aggregate long-range dependencies thanks
to benefiting from the advantages of fully-convolutional neural networks and
state space sequence models [7, 5, 12]. In the experimental analysis, we verified
several variants of the U-Mamba models and post-processing routines which led
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us to developing an ensemble of two U-Mamba models, with one model specifi-
cally targeting small lesions, and utilizing the CATMIL loss [13].

The article is structured as follows. Section 2 discusses the 2026 BraTS-METS
dataset used in this study. Our method is presented in Section 3. We report and
discuss the experimental results in Section 4. Section 5 concludes the paper.

2 Data

This study exploits the BraTS-METS 2026 datasets, including the following
multi-parametric magnetic resonance imaging (MRI) series:

– pre-contrast T1-weighted (T1W),
– post-contrast T1-weighted (T1C),
– T2-weighted (T2W),
– T2-weighted Fluid Attenuated Inversion Recovery (FLAIR).

The dataset is a retrospective compilation of pre- and post-treatment brain
metastases mpMRI scans obtained from various institutions under standard clin-
ical conditions. However, it includes the data captured in nine worldwide institu-
tions, reflecting different equipment (thus image quality) and imaging protocols.
The images were annotated using segmentation masks generated through the
STAPLE-based fusion [21] of multiple brain metastasis segmentation algorithms.
The resulting consensus labels were subsequently reviewed and manually refined
by neuroradiology experts with varying levels of seniority and experience, follow-
ing a standardized annotation protocol that was consistently applied throughout
the entire ground-truth generation process. The final annotations were validated
and approved by experienced board-certified neuroradiologists.

The ground-truth labels in the BraTS-METS 2026 are aligned with the pre-
vious year’s edition, and included the following classes of interest:

– Nonenhancing tumor core (NETC): all portions of the tumor core with-
out contrast enhancement that are enclosed by enhancing tumor (ET). It
represents the bulk of the tumor, being a part which is typically considered
for surgical excision.

– Surrounding non-enhancing FLAIR hyperintensity (SNFH): peritu-
moral edematous and infiltrated tissue, defined by the abnormal hyperintense
signal envelope on the T2 FLAIR volumes, which includes the infiltrative non
enhancing tumor, together with the vasogenic edema in the peritumoral re-
gion. The authors of the dataset emphasized that the non tumor related
FLAIR signal abnormality, such as prior infarcts or microvascular ischemic
white matter changes, are not included here.

– Enhancing Tumor (ET): all tumor areas with noticeable contrast en-
hancement on postcontrast T1-weighted images. Similarly, the adjacent blood
vessels, bleeding or intrinsic T1 hyperintensity are not included here.

– Resection Cavity (RC): the resection of region within the brain tissue in
the post-treatment cases.
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In the 2026 BraTS-METS edition, the organizers added a detection leader-
board, with the intention of promoting algorithms sensitive in detecting le-
sions. The organizers emphasized that it is clinically relevant to cases of small
(< 27mm3) lesions that either need to be counted as separate entities, or that
they need to be quantified separately.

In total, there are 1296/179/303 MRI studies with ground-truth annotations
included in the 2026 BraTS-METS training, validation, and test subsets. All
results reported in this paper are obtained for the validation set (for which the
participants do not have access to the ground-truth delineations, and all metrics
are calculated by the official evaluation server), unless stated otherwise.

3 Methods

3.1 Detection and Segmentation of Brain Metastases

In this work, we expand our last year’s BraTS-METS winning solution by incor-
porating the U-Mamba models into our framework. U-Mamba extends nnU-Net
by simultaneously capturing local features and modeling long-range dependen-
cies, leveraging the strengths of both fully-convolutional neural networks (au-
tomatically optimized using the nnU-Net framework, following the AutoML
paradigm), and state space sequence models [7, 5, 12]. Additionally, in order to
specialize a model in capturing small brain metastases, we exploit the recently-
proposed CATMIL loss function [13], which jointly optimizes the voxel-level
accuracy (important to precise segmentation) and lesion-level detection perfor-
mance of the model. CATMIL combines (i) the Component-Adaptive Tversky
(CAT) term into the loss function, together with (ii) a lesion-level Multiple In-
stance Learning (MIL) term. In (i), the contribution of individual lesion compo-
nents are re-weighted, so that “small” structures have a stronger influence during
training. In (ii), the model is encouraged to detect metastatic lesions. Overall,
we investigated three separate (base) models (Table 1): our last-year winning
solution (nnU-Net), U-Mamba without and with the CATMIL loss incorporated
into the training process (in the no-CATMIL variant, we use the loss function
which is the unweighted sum of the Dice loss and cross-entropy).

In our preliminary experimental study, we investigated the detection and
segmentation performance of the separate (base) models over the training set
within the BraTS-METS 2026 dataset. In Fig. 1, we present the relationship
between the detection metrics (precision and recall, calculated for the predicted
and ground-truth metastatic lesions), obtained using U-Mamba without and
with utilizing CATMIL. In Fig. 2, on the other hand, we visualize the segmen-
tation metrics for these two models (all metrics are reported for the training
set of the BraTS-METS 2026 dataset, as only for this subset the ground-truth
delineations are available for such analysis). It is evident that U-MambaCATMIL

“specializes” in detecting small lesions, as it was expected. Here, we can hypothe-
size that it might be appropriate to utilize the predictions of U-Mamba for larger
lesions, and those obtained using U-MambaCATMIL—for the small(er) ones. To
find an appropriate threshold τ , below which the U-MambaCATMIL predictions
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Table 1. The methods investigated in this study. We boldface the submission iden-
tifier (Sub. ID) of the ensemble model which was dockerized and considered our final
solution in the BraTS-METS 2026 challenge.

Sub. ID Symbol Description

Separate (base) models

9769964 nnU-Net Our BraTS-METS 2025 winning solution (nnU-Net) [2]
9770091 U-Mamba U-Mamba [14]
9771408 U-MambaCATMIL U-Mamba with the CATMIL [13] loss

Ensemble models

9772708 Eτ1 U-Mamba used for predictions ≥20mm3, MambaCATMIL

used for smaller predictions
9772917 Eτ2

>20 U-Mamba used for predictions ≥12720mm3, MambaCATMIL

used for smaller predictions; all predictions ≤20mm3 are
removed (with the hypothesis they may be false-positives)

9773219 Eτ2
>20,RC

As in Eτ2
>20, but also all RC class predictions from

MambaCATMIL were zeroed, and all U-Mamba’s RC class
predictions are inserted back in the final segmentation (ex-
cept for the voxels with non-RC predictions, i.e., those which
are not the background)

are used, we swept through the possible volume thresholds within the training
subset of the 2026 BraTS-METS dataset (Fig. 3). Here, e.g., in (b), we addi-
tionally applied a threshold of 5mm3, below which we removed all predictions,
hypothesizing that they are likely false positives. Finally, in (c), we searched
for the threshold for removing such potential false positive detections (in the
sweeps, we were maximizing all detection metrics). According to this analysis,
we built three ensembles (Table 1), with τ ∈ {τ1, τ2}, and τ1 = 20mm3, and
τ1 = 12720mm3, and all lesions smaller than 20mm3 are treated as false posi-
tives in the ensembles (this threshold was selected experimentally, and is smaller
than the threshold of 27 mm3 for calculating the segmentation metrics imposed
by the BraTS-METS 2026 organizers), as discussed in Table 1. Finally, we ob-
served that U-MambaCATMIL failed to learn the RC class. Therefore, to account
for this, we remove all RC predictions delivered by U-MambaCATMIL in post-
processing, and inject the U-Mamba’s RC predictions in the final segmentation
mask (only for those pixels which were not assigned to any other class).

3.2 Evaluation Criteria

In BraTS-METS 2026, for segmentation performance evaluation, the following
subject-wise metrics are used:

– Dice Similarity Coefficient (DSC), a widely adopted metric for quanti-
fying the overlap between predicted and reference segmentation masks. This
metric should be maximized, with one indicating the perfect score.

– Normalized Surface Distance (NSD), which incorporates a predefined
tolerance parameter and provides complementary information to overlap-
based metrics by evaluating the accuracy of predicted boundaries. This met-
ric should be maximized, with one indicating the perfect score.
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(a) U-Mamba

(b) U-MambaCATMIL

Fig. 1. The detection metrics (precision and recall) obtained using U-Mamba and
U-MambaCATMIL, with respect to the ground-truth/predicted lesion size (note the
different range on the Y axis in both plots). It is observable that—as expected—U-
MambaCATMIL delivers higher-quality detection performance for small lesions.

For metastatic lesion detection evaluation, the lesion-wise F1 score metric is
used, and it is defined as the harmonic mean of precision and recall. It assesses
the balance between correctly detected lesions and false positive/negative pre-
dictions, providing insight into potential over- or under-segmentation tendencies.
This metric should be maximized, with one indicating the perfect performance.

The organizers indicated that the segmentation-based evaluation metrics are
computed only for lesions with a volume larger than 27mm3.

4 Experiments and Discussion

4.1 Experimental Setup

All the experiments were executed using a computational server equipped with
an NVIDIA A100-PCIE-40GB Graphics Processing Unit (GPU). All nnU-Net
and U-Mamba hyperparameters were kept as suggested in their default values3.
3 The nnU-Net parameterization used in our study can be found in

the nnU-Net original repository available at: https://github.com/MIC-
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(a) U-Mamba

(b) U-MambaCATMIL

Fig. 2. The segmentation overlap (voxel-wise) metrics (Dice, sensitivity, precision) ob-
tained using U-Mamba and U-MambaCATMIL over the training set of BraTS-METS
2026, with respect to the ground-truth size (note the different range on the Y axes).

(a) (b) (c)

Fig. 3. Searching for an appropriate threshold, below which U-MambaCATMIL predic-
tions are used (above this threshold, U-Mamba predictions are used, hypothesizing that
U-MambaCATMIL is specialized in detecting and segmenting small lesions, thanks to
the utilization of the CATMIL loss function). In (a), we do not apply any additional
threshold for removing small objects, whereas in (b) we remove the lesions smaller than
5mm3. In (c), we search for the best “high-pass filtering” (HPF) threshold (to remove
small objects, with a hypothesis that they are likely false positive detections), with
the U-Mamba/U-MambaCATMIL threshold set at 12720mm3. These experiments were
performed over the training subset of the 2026 BraTS-METS dataset.

DKFZ/nnUNet/blob/master/nnunetv2/training/nnUNetTrainer/nnUNetTrainer.py
(last access: July 26, 2026), whereas the U-Mamba implementation, together with
its parameterization, used in this work is available at: https://github.com/bowang-
lab/U-Mamba. The implementation of our ensemble approach is available at:
https://bitbucket.org/fphealthcare/brats2026-ensemble.
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Training the ensemble selected for evaluation took approx. 172 h, whereas its
inference was approx. 4 s per one multi-modal MRI scan on average. To ensure
reproducibility and traceability of the experimentation, we exploited MLFlow [3].
Our team identifier on the Synapse platform is GLI2026.

4.2 Results and Discussion

The experimental results, as returned by the evaluation server for the validation
set of 2026 BraTS-METS are gathered in Tables 2–3 (for the segmentation and
detection metrics, respectively). Based on the results, we picked the Eτ2

>20,RC

ensemble, as the one which balances the segmentation and detection metrics.
The ensemble method delivers the results which are statistically significantly
better than our last year’s nnU-Nets, according to the Wilcoxon matched-pairs
signed rank test at p < 0.05 calculated for the global DSC over the validation
set for ET and TC, with the p values of 0.019 and 0.005 for ET and TC, and
for the lesionwise DSC for ET, TC and WT with the p values of 0.003, 0.001,
and 0.015, respectively. It might be observed that U-MambaCATMIL outperforms
the other methods in detecting metastatic lesions. However, the segmentation
metrics obtained for this model were substantially worse when compared to U-
Mamba—this was the motivation behind bundling these two models into an
ensemble. In Figs. 4–6, we present visual examples (together with the quality
metrics, including the overlap metrics: Dice, precision and recall, and lesion-wise
metrics: precision and recall) of predictions obtained using the final ensemble
model for “large”, “medium” and “small” metastatic lesions from the 2026 BraTS-
METS training set (note that the mapping of lesion sizes to these “classes” was
subjective). The models failed to spot small instances of RC—this class examples
are under-represented (and likely heterogeneous), and building expert models for
this specific class might potentially be a step toward addressing this issue.

Table 2. The segmentation results, as returned by the evaluation server for the 2026
BraTS-METS validation set. The best results are boldfaced.

ET RC TC WT

Method DSC NSD DSC NSD DSC NSD DSC NSD

nnU-Net 0.667 0.726 0.500 0.384 0.694 0.740 0.648 0.668
U-Mamba 0.679 0.741 0.503 0.426 0.714 0.766 0.675 0.700

U-MambaCATMIL 0.684 0.743 0.139 0.122 0.708 0.756 0.616 0.633
Eτ1 0.682 0.740 0.141 0.124 0.718 0.766 0.646 0.669
Eτ2
>20 0.708 0.767 0.300 0.251 0.740 0.789 0.694 0.711

Eτ2
>20,RC

0.708 0.767 0.499 0.427 0.740 0.789 0.694 0.711

5 Conclusion

In this work, we tackled the problem of automatic the process of detecting and
segmenting brain metastatic lesions in MRI scans. These steps are critically
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Table 3. The “small instance” detection results (F1 score), as returned by the evalua-
tion server for the 2026 BraTS-METS validation set. The best results are boldfaced.

Method ET TC WT RC

nnU-Net 0.433 0.440 0.358 0.000
U-Mamba 0.474 0.483 0.381 0.000

U-MambaCATMIL 0.500 0.508 0.397 0.000
Eτ1 0.211 0.214 0.135 0.000
Eτ2
>20 0.450 0.457 0.357 0.000

Eτ2
>20,RC

0.450 0.457 0.357 0.000

Fig. 4. “Large”-sized lesions—examples of predictions, together with the quality met-
rics, obtained using our method for MRIs from the training subset of 2026 BraTS-
METS. The “large” metastatic lesions were selected subjectively.

important to objectively monitor the disease. We built upon our framework
developed for BraTS-METS 2025, which exploited nnU-Nets and was the win-
ning solution. In this study, we utilized U-Mamba models that benefit from
automatically-optimized fully-convolutional neural networks and state space se-
quence models, and bundled two “specialized” U-Mamba models into an ensem-
ble. The experimental results over the training and validation subsets of the 2026
BraTS-METS dataset showed that this ensemble effectively balances the detec-
tion and segmentation quality, outperforming the other investigated methods,
including our last year’s nnU-Nets.
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METS. The “small” metastatic lesions were selected subjectively.
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