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Abstract. The development of deep learning methodologies has signif-
icantly impacted medical image segmentation, leading to highly accu-
rate models for critical applications such as brain tumor delineation in
MRI volumes. Precise tumor segmentation is indispensable for quanti-
tative analysis, surgical planning, radiation treatment delivery, and dis-
ease monitoring. This paper presents a novel context-aware segmentation
pipeline, conceptually rooted in anomaly detection, by integrating brain
tissues as an auxiliary segmentation class. This inclusion enhances the
discriminability between pathological and healthy tissues. To mitigate
the class imbalance inherent in this added segmentation scheme, we in-
corporated a class-adaptive loss function within the nnU-Net and Med-
NeXt frameworks. The efficacy of this approach was rigorously evaluated
on five tasks within the Brain Tumor Segmentation (BraTS) 2025 MIC-
CAI Lighthouse challenge: adult glioma (GLI), pediatric glioma (PED),
brain metastasis (MET), meningioma in pre-operative (MENpre), and
meningioma in treatment planning (MENTt) segmentation. Our method
demonstrated promising overall whole tumor segmentation performance
on the validation set, yielding lesion-wise Dice scores of 0.873 (GLI),
0.945 (PED), 0.861 (MENpre), 0.845 (MENTt), and 0.679 (MET).
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1 Introduction

Brain tumors, though constituting a relatively infrequent oncological diagnosis,
impose a substantial burden of morbidity and mortality across the demographic
spectrum. These heterogeneous neoplasms are broadly categorized into primary
brain tumors, originating within the central nervous system (CNS) parenchyma,
and secondary or metastatic tumors, which represent extracranial malignancies
that have disseminated to the brain [30]. This inherent diversity manifests deeply
in their genetic, histological, and ultimately, their characteristic imaging signa-
tures [I1]. Their imaging pattern is notably inhomogeneous, frequently compris-
ing extensive necrotic regions, vigorously enhancing vital tumor components,
and substantial peritumoral edema.
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Magnetic Resonance Imaging (MRI) serves as the indispensable imaging
modality for brain tumor screening, owing to its unparalleled capacity to gen-
erate high-resolution images of cerebral soft tissues [25]. These images are criti-
cally important for accurate diagnostic assessment, radiotherapy (RT) planning,
and disease monitoring. In clinical practice, multi-parametric MRI (mpMRI)
sequences are routinely employed to characterize the heterogeneous subregions
of brain tumors, each exhibiting distinct signal intensities across various MRI
pulse sequences. The intrinsic variability and complex morphology of these tu-
mors render their manual assessment and delineation a technically demanding
and exceedingly time-consuming endeavor. Accurate and consistent delineation
of brain tumors is paramount for precise diagnosis and RT planning; however,
this task is widely recognized as labor-intensive and susceptible to both inter-
observer and intra-observer variability [9]. Hence, the development of automated
tumor segmentation algorithms in MRI emerges as a clinically transformative
tool capable of supporting surgical planning, optimizing RT dosimetry, and fa-
cilitating objective and quantitative assessment of treatment response.

Advances in Deep Learning (DL) methodologies resulted in the emergence of
numerous computational models for brain tumor segmentation, predominantly
utilizing institutional datasets. Nevertheless, the systematic benchmarking and
comparative performance analysis of these diverse strategies have historically
been impeded by several confounding factors. These include variations in the spe-
cific imaging modalities employed (e.g., structural MRI vs. multi-modal CT-MRI
combinations), differences in the investigated brain tumor types (e.g., high-grade
vs. low-grade gliomas), and inconsistencies in the evaluation criteria applied (e.g.,
subject-wise overlapping metrics vs. lesion-wise distance metrics).

To overcome these significant limitations, the Brain Tumor Segmentation
(BraTS) challenge was established in the Medical Image Computing and Com-
puter Assisted Intervention (MICCAT) 2012 conference. The primary objective
of BraTS was to facilitate the objective and standardized evaluation of state-
of-the-art algorithms for automated brain tumor segmentation in MRI. Specif-
ically, for each annual MICCAI conference, BraTS organizers have consistently
provided a carefully examined collection of structural MRI scans, native T1-
weighted (T1n), contrast enhanced T1-weighted (T1c), T2-weighted (T2w), and
T2-weighted fluid-attenuated inversion recovery (T2f) images, accompanied by
corresponding expert-generated segmentation masks [26], 3] [16].

Initially centered on segmenting glioma (GLI) in pre-operative MRI, the
BraTS§ challenge has significantly broadened its scope. It now includes a wider
array of segmentation tasks, such as post-treatment GLI, meningioma (MEN)
(pre- and post-RT), pediatric (PED) brain tumors, brain metastasis (MET), and
gliomas in Sub-Saharan African populations (SSA).

The remarkable advancements in DL techniques have deeply facilitated the
development of robust algorithms for automated brain tumor segmentation. In-
spired by groundbreaking architectures such as the U-Net [32] and V-Net [27], a
multitude of encoder-decoder models have been subsequently developed for di-
verse segmentation tasks. These models primarily introduce innovations through
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architectural modifications and /or refined optimization procedures. Several Con-
volutional Neural Network (CNN), transformer-based models, and recently State
Space Sequence Models including U-Mamba [23], STU-Net [12], U-Net++ [3§],
SegResNet [29], nn-UNet [14], MedNeXt [34], Swin UNetR [10], have recently
demonstrated superior performance in the challenging domain of brain tumor
segmentation.

Previous years’ top-performing algorithms in brain tumor segmentation have
consistently utilized a diverse array of methodologies, encompassing sophisti-
cated preprocessing techniques, various segmentation network architectures, and
refined post-processing strategies. For example, the winning solution for BraTS
GLI in both 2023 and 2024 leveraged a generative model in conjunction with
image registration techniques [7]. This approach significantly augmented the vol-
ume of training data, which was then used to train nnU-Net and Swin UNETR
models. Subsequent stages involved thresholding and model ensemble methods to
refine the segmentation output. Similarly, the winner of BraTS GLI 2022 devel-
oped an ensemble of three distinct segmentation models: DeepSeg, DeeoSCAN,
and a modified nnU-Net, with the final segmentation generated using the STA-
PLE algorithm [37]. The BraTS GLI 2021 winner, in contrast, focused on ar-
chitectural modifications to the nnU-Net model, specifically by increasing the
number of filters within its encoder and bottleneck sections while retaining the
original decoder structure [22].

Our proposed approach for segmenting various brain tumor entities in the
BraTS 2025 cluster of challenges integrates healthy brain tissue as an addi-
tional segmentation label. This inclusion aims to enrich the learning process by
providing crucial anatomical context. Hence, we have expanded the number of
segmentation classes to incorporate healthy brain tissues and employ several
robust segmentation pipelines, including nnU-Net, and MedNeXt for the GLI,
PED, MET, and MEN tasks.

2 Materials and Methods

This study utilized annotated multi-modal MRI datasets provided through the
MICCAI BraT5 2025 Lighthouse Challenge, comprising five segmentation tasks:
adult GLI, pre-operative MEN, MEN radiotherapy, brain MET, and PED tu-
mors. All datasets were distributed in Neuroimaging Informatics Technology
Initiative (NIfTI) via the |Synapse platform.

2.1 Studied Dataset

Task 1: Adult Glioma (GLI) — This dataset consists of pre- and post-
treatment scans from 2601 training, and 407 validation subjects [T}, 2, [5]. Each
case includes four mpMRI sequences: T1n, T1c, T2w, and T2f. Segmentation an-
notations covered four tumor subregions: Enhancing tumor (ET), non-enhancing
tumor core (NETC), surrounding non-enhancing FLAIR hyperintensity (SNFH),
and resection cavity (RC). Combined regions including tumor core (TC) and
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Whole tumor (WT) are defined, respectively, ET plus NETC and the union of
ET, NETC, and SNFH. The provided dataset underwent rigorous preprocessing,
including coregistration of all sequences, skull stripping for non-brain tissue re-
moval, and rigid registration to the Montreal Neurological Institute (MNI) atlas
space [g].

Task 2: Pre-operative Meningioma (MEN-pre) — This dataset comprises
1000 training, and 141 validation of mpMRIs including Tin, T1lc, T2w, and
T2f |20]. Tumor annotations delineate the following constituent subregions: ET,
NETC, and SNFH. The dataset was released after applying several preprocess-
ing steps, including coregistration of all sequences, skull stripping, and rigid
registration to the SRI24 atlas space [31].

Task 3: Meningioma Radiotherapy (MEN-rt) — Designed for RT planning,
this task contains 500 training, and 70 validation [2I]. Each subject is provided
with a single 3D T'Ic sequence alongside a binary mask representing the gross
tumor volume (GTV). Crucially, each MRIscan is provided in its native anatom-
ical space, without prior image preprocessing steps such as normalization to an
atlas space.

Task 4: Brain Metastases (MET) — This dataset includes 1296 labeled
training, and 179 validation subjects [28], [24]. Each subject contains four MRI
sequences (TIn, T1c, T2w, T2f) with segmentation labels of ET. NETC, RC,
and SNFH. The majority of the data underwent preprocessing, which included
coregistration of all sequences, skull-stripping, and registration to the SRI24
atlas space. However, a subset of the data was provided with coregistration and
skull-stripping but remained in its native anatomical space.

Task 6: Pediatric Tumors (PED) — This dataset provides 261 training,
and 91 validation cases [I8] [19]. Similar to other tasks with mpMRI scans, each
subject includes the four standard sequences. Segmentation labels consist of ET,
NETC, Cystic component (CC), and edema (ED). The preprocessing step of
this dataset includes the coregistration of sequences, registration to SRI24 atlas
space, and defacing.

2.2 Methods

Preprocessing: Prior to model training, image preprocessing was executed in
two distinct stages. The initial stage focused on optimizing patch extraction for
subsequent network input. This involved cropping MRI volumes to maximally
exclude background regions. A series of thresholding and connected component
analysis steps were employed to segment the volumes into foreground (body) and
background, with the body’s skin serving as the anatomical boundary. Follow-
ing this segmentation, a bounding box was generated to encompass the widest
portion of the volume. This cropping approach facilitated the optimal loading of
relevant brain tissues within each patch, thereby effectively eliminating extrane-
ous background information.

The second preprocessing stage addressed the critical issue of intensity nor-
malization. Recognizing the substantial variability in maximum intensity values
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across different MRI volumes, a normalization scheme was implemented. Specif-
ically, for sequences exhibiting peak intensities exceeding 800, values above the
99th percentile were clipped. The final preprocessing operation involved channel-
wise Z-score standardization, ensuring consistent intensity distributions across
the dataset.

nnU-Net ResENC Model: nnU-Net is a self-configuring and self-adapting
deep learning framework for biomedical image segmentation [I4]. It system-
atically optimizes preprocessing, network architecture, and training, achieving
state-of-the-art performance across diverse datasets without manual tuning.

The fist segmentation pipeline implemented was based on the nnU-Net V2
framework, specifically employing a ResNet-enhanced U-Net architecture — nnU-
Net ResENCM — with its default configurations [I5]. For the GLI, PED, MENpre,
and MFET tasks, the model processed four channel input data, comprising T'1n,
Tic, T2w, and T2f sequences. On the other hand, the MENrt task utilized
a single-channel T'1c¢ input. Model training was conducted over 1500 epochs,
employing a 5-fold cross-validation strategy. Each epoch consisted of 250 training
iterations and 50 validation iterations. The optimization process was initiated
with a learning rate of 10e-2, a batch size of 3, and incorporated deep supervision.

The input patch dimensions were 128x160x112 voxels for the GLI and
MENpre tasks, 112x160x128 for MET and PED, and 96x160x160 for MENrt
task. All models in this pipeline featured six encoder stages, except for the
MENrt which included seven states of encoder blocks, initiating from 32 feature
maps in the first block to 512 in the latent space. This pipeline was trained with
both label-based and region-based optimization approaches.

MedNeXt Model: The second segmentation pipeline is MedNeXt [33] which
leverages an architecture composed exclusively of ConvNeXt blocks [35] to cap-
italize on their design advantages. To maintain contextual information during
upsampling and downsampling operations, the network replaces standard up-
down/sample blocks with Residual Inverted Bottlenecks. Furthermore, to miti-
gate performance saturation commonly associated with large kernel sizes, train-
ing can be initiated with smaller kernels, which can then be progressively in-
creased using the UpKern technique. Overall, MedNeXt functions as a scalable
encoder-decoder framework optimized for 3D segmentation tasks, designed to
maximize the potential of ConvNeXt architectures even when faced with the
constraints of limited datasets.

In this study, we explored MedNeXt’s functionality for the label-based and
region-based segmentation of all the studied tumor types. Both models were
trained using large-scale network architectures with a kernel size of 3x3x3, a
batch size of 2, isotropic spacing of 1lmm, and a patch size of 128x128x128,
adhering to the nnU-Net training protocol.

Context-aware Tumor Segmentation: In recent years, numerous studies
have demonstrated that the integration of contextual information into the learn-
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ing process significantly enhances model learning capacity and, therefore, im-
proves overall performance. Within the domain of deep learning for medical
imaging, contextual information can be incorporated through various mecha-
nisms, including modifications to network architecture, optimization procedures,
or the explicit inclusion of relevant anatomical data [6, [36].

Concurrently, in anomaly detection applications, the primary objective is
to identify deviations from learned representations of healthy anatomical struc-
tures. This implicitly categorizes image content as either healthy or abnormal
4.

Inspired by these principles, this paper proposes a segmentation strategy that
includes brain tissues as an additional class, alongside tumoral regions, within the
segmentation labels. The underlying hypothesis is that this approach will enable
the model to not only directly segment tumoral regions but also to effectively
differentiate between healthy tissues and pathological areas. This strategy can
enhance the model’s learning capacity by simultaneously leveraging information
from both target tumors and their surrounding healthy tissues. To implement
this concept, we utilized HD-BET, a rigorously validated algorithm known for
its robust segmentation of brain tissues even in the presence of pathologies such
as tumors [13]. By excluding the tumoral regions from the binary segmentation
output of HD-BET, a new mask representing healthy brain tissue was gener-
ated. This new mask was then integrated as an additional label into the tumor
label mask. Therefore, for each task, a new label was appended to the segmen-
tation target. For example, the MENrt segmentation masks were transformed
from a binary to a two-class segmentation scheme. provides illustrative
examples of the implemented strategy.

As expected, the inclusion of brain tissues as a new class introduces a highly
imbalanced segmentation problem, wherein the volume of healthy tissues sig-
nificantly exceeds that of the target tumoral regions. The use of conventional
segmentation loss functions in such scenarios typically results in lower Dice sim-
ilarity coefficient (DSC) values for classes with smaller regions compared to those
with larger ones. To mitigate this imbalance, Kato and Hotta proposed the Adap-
tive t-vMF DSC loss [I7]. Their work re-evaluated the standard DSC loss and
demonstrated its reformulability using cosine similarity. Building upon this, their
novel t-vMF DSC'loss leverages t-vMF similarity, an extension of cosine similar-
ity, to construct a more compact similarity loss function. The Adaptive t-vMF
DS C'loss further incorporates an algorithm that dynamically adjusts a parameter
for the t-vMF similarity based on validation accuracy. This adaptability enables
the model to apply more compact similarities for easily discriminable classes and
broader similarities for challenging classes, thereby facilitating adaptive training
based on class accuracy and ultimately improving DSC for imbalanced segmen-
tation tasks. This loss function was integrated into the nnU-Net pipeline for
the optimization of the ResENC-M and MedNeXt models across the evaluated
datasets.
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Fig.1. Segmentation labels including healthy brain tissues alongside GLI, MEN-pre,
MEN-rt, and PED samples. Tumor subregions are represented by green, blue, yellow,
and red, with healthy brain tissue shown in thistle.

3 Results

The segmentation models were developed using a 5-fold cross-validation method-
ology on the training dataset. For simplicity and clarity, this paper only presents
the quantitative DSC metrics. The following abbreviations will be used to denote
our proposed solutions:

— B: Baseline — corresponds to segmentation models utilizing original data.

— P: Preprocessed — refers to segmentation models trained with preprocessed
data.

— ML: Modified Loss — indicates segmentation models incorporating the mod-
ified loss function.

— Br: Brain tissue — denotes segmentation models leveraging brain tissue labels
as contextual information.

Tables 1 through 5 present the subject-wise DSC metrics, showcasing the
segmentation performance of the optimal results obtained across all conducted
experiments. While various permutations of preprocessed datasets, the inclusion
or exclusion of contextual information, diverse network architectures, and dif-
ferent loss functions were independently investigated and evaluated, this section
only presents the highest performing configurations. Furthermore, it is notewor-
thy that two independent models were developed for the GLI task, addressing
pre- and post-treatment datasets, separately.
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Table 1. Quantified subject-wise DSC metrics for GLI task on the training set.

Entity Data/Model Architecture Task ID DSC ( )
ET NETC RC SNFH TC WT

B ResENC-M GLIprel 0:866 0:190 0:767 0:271 - 0:860 0:173 0:921 0:136 0:929 0:072

P P ResENC-M GLIpre2 0:877 0:187 0:775 0:284 0:870 0:139 0:929 0:141 0:933 0:073
Te

P-ML ResENC-M GLIpre3 0:881 0:169 0:781 0:269 - 0:898 0:170 0:929 0:158 0:933 0:068

P-ML-Br MedNeXt-L GLIpre4 0:889 0:171 0:793 0:252 0:889 0:162 0:931 0:122 0:941 0:065

B ResENC-M GLIpostl 0:758 0:283 0:611 0:361 0:736 0:272 0:907 0:079 0:751 0:314 0:902 0:086

Post P ResENC-M GLIpost2 0:762 0:292 0:607 0:354 0:758 0:313 0:919 0:091 0:755 0:298 0:916 0:090
05

P-ML ResENC-M GLIpost3 0:749 0:339 0:633 0:388 0:718 0:368 0:913 0:083 0:706 0:339 0:922 0:078

P-ML-Br MedNeXt-L ~ GLIpost4 0:751 0:299 0:643 0:347 0:768 0:298 0:911 0:085 0:756 0:257 0:920 0:081

Table 2. Quantified subject-wise DSC metrics for PED task on the training set.

Data/Model Architecture Task ID DSC ( )
ET NETC cc SNFH TC WT
B ResENC-M PED1 0:558 0:366 0:794  0:230 0:240 0:347 0:160 0:284 0:865 0:170 0:887 0:149
P ResENC-M PED2 0:571 0:282 0:830 0:218 0:310 0:301 0:230 0:284 0:881 0:183 0:898 0:135
P-ML ResENC-M PED3 0:601 0:219 0:810 0:307 0:298 0:252 0:281 0:158 0:879  0:195 0:908 0:120
P-ML-Br MedNeXt-L PED4 0:592  0:307 0:819 0:272 0:339  0:287 0:268 0:184 0:884 0:173 0:904 0:142

Table 3. Quantified subject-wise DSC metrics for MET task on the training set.

Data/Model Architecture Task ID DSC ( )
ET RC TC WT
B ResENC-M MET1 0:721  0:268 0:447  0:402 0:751  0:259 0:754 0:281
P ResENC-M MET2 0:740 0:244 0:469 0:332 0:765 0:255 0:774  0:247
P-ML ResENC-M MET3 0:711  0:244 0:416 0:398 0:754  0:282 0:750 0:278
P-ML-Br MedNeXt-L MET4 0:732  0:219 0:431 0:284 0:737 0:318 0:748 0:321
P-ML cascade MedNeXt-L/ResENC-M MET5 0:692 0:320 0:399 0:379 0:707  0:346 0:715 0:254

For the MET task, the inclusion of brain tissue as an additional label was
deemed impractical due to the often tiny size of the lesions. This disparity in
class sizes led to significant imbalance, causing segmentation results to be con-
sistently skewed towards the brain tissue, even with the application of class-
adaptive loss functions. To address this challenge, a cascaded model approach
was implemented. Initially, a two-class segmentation model was trained to dif-
ferentiate between the union of all tumor subregions and the surrounding brain
tissue. The output of this initial model underwent post-processing to generate a
binary segmentation mask specifically for the metastatic regions. This mask was
then incorporated as an additional input channel for a second network, which
was directly optimized for the segmentation of metastases subregions.

details the segmentation tasks by illustrating the studied MRI se-
quences, segmentation labels, and the corresponding predicted labels for each
task.

The reported metrics clearly demonstrate that including brain tissue as an
additional label consistently improved segmentation accuracy across various tu-
mor entities and their subregionse except for the MET task.

Quantified metrics indicate that no single configuration consistently achieved
optimal accuracy across all examined regions. For instance, for the GLIpre
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