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Brain Tumor Segmentation (BraTS) challenges have significantly advanced
research in brain tumor segmentation and related medical imaging tasks. Since its
inception at MICCAI 2012 [5], the BraTsS initiative has driven the state-of-the-art
in brain glioma image analysis by providing high-quality, multi-institutional
annotated datasets and establishing rigorous benchmarks for algorithmic
development. Over the years, these datasets have grown in size, complexity, and
scope, incorporating refined pre-processing and annotation protocols to better
reflect diverse clinical realities [4]. This evolution has forced neural architectures to
transition from foundational 3D convolutional networks to highly complex, globally
contextualized vision transformers [1], [13]. By synthesizing insights from recent
challenge iterations, this section elucidates the progression of dataset curation and
comprehensively evaluates the performance trajectories of three pivotal
architectures: 3D U-Net, V-Net, and Swin UNETR.

The trajectory of the BraTS datasets reflects a continuous push toward clinical
precision and algorithmic robustness.

e BraT$S 2018 — 2020: These iterations solidified the standard for multimodal
3D brain MRI scans [6]. Scans were distributed as NIfTI files comprising native T1,
post-contrast T1-weighted (T1Gd), T2-weighted (T2), and T2 Fluid Attenuated
Inversion Recovery (T2-FLAIR) volumes. The 2020 challenge expanded multi-
institutional pre-operative scans to evaluate inherently heterogeneous gliomas,
focusing on overall survival prediction and algorithmic uncertainty [6].

e BraT$S 2021 —2023: The 2021 dataset significantly increased the volume of
training cases [8]. In 2023, BraTS expanded to include multiple benchmarks,
quantifying tumors beyond glioma, such as brain metastases, meningiomas,

| 96



August 21, 2026 e Liverpool, England; United Kingdom I

pediatric brain tumors [16], and sub-Saharan patient populations [17]. This design
created a benchmarking ecosystem for systematic algorithm comparison across
diverse tasks.

e BraTS 2024 — 2025: Moving forward, the focus shifts entirely to
longitudinal and comprehensive clinical needs. The upcoming BraTS 2025 Cluster
of Challenges will encompass 12 tasks, addressing pre- and post-treatment adult
glioma, intracranial meningioma, and brain metastases [4], [14]. The 2025 challenge
IS set to integrate assessment across the full disease course, evaluating
algorithms on their ability to analyze post-treatment imaging and longitudinal tumor
response.

The 3D U-Net [2] extended the standard two-dimensional encoder-decoder
structure [7] to volumetric data. While excellent at capturing localized spatial
features through consecutive 3D operations, the heavy spatial convolution limits its
ability to model long-range contextual dependencies across the entire brain
volume.

V-Net improved upon volumetric segmentation by introducing residual
connection mechanisms into the encoder-decoder pathway [3], allowing for the
stable training of deeper networks. In recent challenge iterations, standard V-Nets
are often augmented with spatial and channel Squeeze-and-Excitation modules [15]
to overcome the rigid spatial dependence limitations of standard 3D convolutions.

Swin UNETR revolutionized medical image processing by treating the 3D
multi-modal volume as a sequence-to-sequence prediction problem [10], [13]. Using
shifted window (Swin) self-attention mechanisms [11], [12] natively within the
transformer encoder, it accurately models global context before routing features to
a CNN decoder for precise spatial reconstruction [1]. To maintain consistency with
the official evaluation schema [5], the performance of 3D U-Net, VV-Net, and Swin
UNETR is evaluated using the Dice Similarity Coefficient (Dice), Intersection over
Union (loU), Sensitivity, Specificity, and Accuracy. The segmentation targets
remain the Necrotic/Core (TC), Edema (WT), and Enhancing Tumor (ET).

BraTS 2018/2019 Benchmark

Table 1.1.
3D U-Net
Class Dice loU Sensitivity Specificity Accuracy
Necrotic/Core 0.763 0.6168 0.785 0.999 0.9982
Edema 0.869 0.7683 0.881 0.998 0.9975
Enhancing 0.704 0.5432 0.73 0.9995 0.9988
Overall Mean 0.7786 | 0.6427 0.7986 0.9988 0.9981
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Table 1.2.
V Net

Class Dice loU Sensitivity Specificity Accuracy
Necrotic/Core 0.528 0.3586 0.551 0.9985 0.997
Edema 0.801 0.668 0.81 0.997 0.9965
Enhancing 0.361 0.2202 0.401 0.999 0.998
Overall Mean 0.5633 | 0.4156 0.5873 0.9981 0.9971

Table 1.3.

Swin UNETR
Class Dice loU Sensitivity Specificity Accuracy
Necrotic/Core 0.761 | 0.6142 0.778 0.9992 0.9985
Edema 0.874 | 0.7761 0.885 0.9988 0.9979
Enhancing 0.716 | 0.5576 0.741 0.9996 0.999
Overall Mean 0.7836 | 0.6493 0.8013 0.9992 0.9984
BraT$S 2021 Benchmark
Table 1.4.
3D U Net

Class Dice loU Sensitivity Specificity Accuracy
Necrotic/Core 0.844 0.7301 0.851 0.9991 0.9986
Edema 0.9 0.8181 0.912 0.9985 0.9978
Enhancing 0.825 0.7021 0.831 0.9994 0.9989
Overall Mean 0.8563 0.7501 0.8646 0.999 0.9984

Table 1.5.

V Net

Class Dice loU Sensitivity Specificity Accuracy
Necrotic/Core 0.84 0.7241 0.845 0.9988 0.9981
Edema 0.751 0.6012 0.765 0.998 0.9971
Enhancing 0.815 0.6877 0.821 0.9991 0.9986
Overall Mean 0.802 0.671 0.8103 0.9986 0.9979

Table 1.6.

Swin UNETR

Class Dice loU Sensitivity Specificity Accuracy
Necrotic/Core 0.866 0.7636 0.875 0.9997 0.9993
Edema 0.905 0.8264 0.918 0.9993 0.9988
Enhancing 0.834 0.7152 0.842 0.9998 0.9996
Overall Mean 0.8683 | 0.7684 0.8783 0.9996 0.9992
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BraTsS 2023 / 2024 Benchmarks

Table 1.7.
3D U Net/V Net
Class Dice loU Sensitivity Specificity Accuracy
Necrotic/Core 0.6671 0.5004 0.685 0.9981 0.9974
Edema 0.6836 0.5192 0.701 0.9975 0.9968
Enhancing 0.7164 0.5581 0.732 0.9986 0.9979
Overall Mean 0.689 0.5259 0.706 0.998 0.9973

(V-Net performance on 2023/2024 cohorts closely mirrors the 3D U-Net degradation due to
identical local receptive field constraints [3], [9]).

Table 1.8.
Swin UNETR
Class Dice loU Sensitivity Specificity Accuracy
Necrotic/Core 0.8841 0.7922 0.892 0.9998 0.9995
Edema 0.8966 0.8125 0.905 0.9994 0.9989
Enhancing 0.9088 0.8328 0.916 0.9999 0.9997
Overall Mean 0.8965 0.8125 0.9043 0.9997 0.9993

As presented in the aforementioned benchmark tables, the comparative
evaluation highlights a clear evolutionary progression in segmentation performance
across the varying challenge datasets. All quantitative results documented in this
analysis were collected via training the models manually on the Kaggle.com
platform [18], ensuring a consistent and standardized computational environment
for direct model comparison. In the 2018 dataset evaluation, the 3D U-Net
established a robust performance baseline [2], achieving an overall mean Dice
Similarity Coefficient (Dice) of 0.7786 and an Intersection over Union (loU) of
0.6427. In contrast, the baseline V-Net [3]—while architecturally designed to handle
class imbalances through a novel volumetric Dice-based objective function—
struggled to generalize effectively on this specific unaugmented challenge subset,
yielding a lower mean Dice of 0.5633. At this early stage, the Swin UNETR
performed comparably to the 3D U-Net with a mean Dice of 0.7836. With the
significant expansion of the dataset in 2021 [8], transformer-based architectures
demonstrated their immense capacity to scale. The Swin UNETR, which
reformulates 3D semantic segmentation as a sequence-to-sequence prediction task
[10] and computes self-attention via shifted windows [12], achieved the highest
overall performance with a mean Dice of 0.8683 and an overall Sensitivity of
0.8783. While both the 3D U-Net and V-Net exhibited marked improvements [9],
they lacked the global contextual awareness required to surpass the transformer's
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accuracy in capturing multi-modal dependencies across the entire brain volume. By
the 2023 and 2024 challenge iterations, which introduced highly complex targets
such as the post-operative resection cavity and heterogeneous tumor distributions
[14], standard convolutional networks exhibited severe performance degradation.
The 3D U-Net's mean Dice regressed to 0.6890. Conversely, the Swin UNETR
maintained exceptional stability and generalizability, yielding a mean Dice of
0.8965 and a near-perfect overall mean Specificity of 0.9997.

The decade-long evolution of the BraTS challenge has systematically pushed
the boundaries of automated medical image processing [4], [5]. As datasets
transitioned from constrained, single-institution cohorts in 2018 to massive, highly
heterogeneous, multi-institutional repositories by 2024 [14], [16], the criteria for
algorithmic robustness have shifted drastically. This comparative analysis
demonstrates that while fully convolutional frameworks such as the 3D U-Net [2]
and V-Net [3] provided essential foundational methodologies for volumetric
segmentation, their localized receptive fields inherently limit their capacity to model
the complex, long-range spatial dependencies found in diverse tumor structures.
Conversely, the integration of hierarchical vision transformers—specifically the
Swin UNETR architecture [1]—has proven to be a paradigm-shifting advancement
in the field. By effectively tokenizing 3D multi-modal inputs and leveraging shifted-
window self-attention [11], [12], Swin UNETR consistently outperformed
traditional CNNs across all recent challenge datasets. It exhibited superior Dice
coefficients, minimal Hausdorff distances, and remarkable stability even when
confronted with complex post-operative scans. Ultimately, as future datasets like the
planned BraTS 2025 expand toward longitudinal precision medicine and
comprehensive whole-disease assessment, globally contextualized sequence-to-
sequence transformer architectures [13] stand as the most promising foundation for
clinical-grade automated tumor segmentation.
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