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ABSTRACT

Segmentation of brain tumors in multi-parametric magnetic resonance
imaging facilitates quantitative analysis crucial for clinical trials and
personalized patient care. This significantly influences clinical decision-
making, encompassing diagnosis and prognosis and enhancing patient
outcomes. The brain tumor segmentation (BraTS) challenge, in its 2023
edition, extended to a cluster of competitions incorporating multiple
tumor types. Now, in conjunction with IEEE ISBI 2024, BraTS organizes
its Generalizability Across Tumors (BraTS-GoAT) challenge. In this
paper, we introduce a deep-learning-based ensemble strategy involving
three state-of-the-art segmentation models. Furthermore, we also intro-
duce a novel adaptive post-processing method, based on a cross-validated
tumor-specific threshold search, designed to output enhanced accurate
segmentations, ensuring generalizability across various tumor types. The
evaluation of our proposed method on validation cases resulted in lesion-
wise Dice scores of 0.842, 0.854, 0.872 and lesion-wise 95th-percentile
Hausdorff Distance scores of 29.46, 24.67, 25.22 for the enhancing
tumor, tumor core, and whole tumor, respectively.

Index Terms— Brain tumor segmentation, Deep learning, General-
izability, MRI, Unsupervised learning.

1. INTRODUCTION

Since 2012, the Brain Tumor Segmentation (BraTS) challenge has served
as a key platform for benchmark environments and datasets for the
segmentation of adult brain gliomas [1]. The BraTS 2023 challenge
expanded to a cluster of competitions, incorporating tumor types such
as adult glioma, Sub-Saharan African brain glioma, brain/intracranial
meningioma, brain metastasis, and pediatric brain tumors [2, 3, 4, 5, 6, 7].
In conjunction with the International Symposium on Biomedical Imaging
(ISBI) 2024, the BraTS Generalizability Across Tumors (BraTS-GoAT)
Challenge provides an opportunity to address generalizability in brain
tumor segmentation tasks.

Successful segmentation algorithms in previous BraTS challenges
have relied on model ensembling and post-processing techniques. In
this scenario, model ensembling involves combining predictions from
state-of-the-art (SOTA) segmentation architectures, e.g., nnU-Net [8],
Swin UNETR [9, 10], and SegResNet [11], which have demonstrated
outstanding performance in previous BraTS editions. Various ensemble
strategies can be adopted while averaging probabilities is one of the
most prevalent approaches. Post-processing is crucial for improving
segmentation performance, especially for small sub-regions, and it in-
cludes enhancing tumor and tumor core. A common post-processing step
involves removing small disconnected regions that introduce spurious
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and noisy blobs into segmentation outcomes. However, this task can be
challenging as detecting small lesions, especially in metastatic scenarios,
is critical for patient prognosis, as missing even one lesion can lead to
repeated interventions and treatment delays.

In this work, we introduce an ensemble method involving three
SOTA deep learning models, followed by an adaptive post-processing
algorithm designed to output enhanced accurate segmentations, ensuring
generalizability across various tumor types.

2. MATERIALS AND METHODS

2.1. Data Description

The BraTS-GoAT challenge used a subset of data from the BraTS 2023
cluster of challenges, consisting of 2,251 training and 360 validation
cases. Each case comprises four multi-parametric MRIs: T1-weighted
(T1), contrast-enhanced T1 (T1CE), T2-weighted (T2), and T2 Fluid
Attenuated Inversion Recovery (T2-FLAIR). Manual annotations are
provided to establish ground truth for three tumor regions: enhancing
tumor (ET), peritumoral edematous/invaded tissues (ED), and necrotic
tumor core (NCR). Segmentation performance is evaluated on combined
tumor regions: ET, tumor core (TC, NCR, and ET), and whole tumor
(WT, TC, and ED). All data underwent registration, resampling, and
skull-stripping before annotation, resulting in isotropic 1 mm3 images
with dimensions of 240×240×155 voxels.

The key difference of this dataset lies in the varying presence of
each label across training, validation, and test data while maintaining
consistent label values, which aims to assess the model’s generalizability
across lesion types, institutions, and demographics.

2.2. Deep Learning Models

Our proposed pipeline (Fig.1) has two main steps to enhance brain
tumor MRI segmentation’s generalizability: i) using a model ensemble
technique with three SOTA models as the starting point: nnU-Net
(“no new U-Net”, winner of BraTS 2020) [8], Swin UNETR (“Swin
U-Net transformers”, top-performing model of BraTS 2021) [9, 10], and
SegResNet (BraTS 2018 winning solution) [11]; ii) applying adaptive
tumor-specific post-processing, which adjusts post-processing for each
tumor type using unsupervised clustering on images.
nnU-Net: The nnU-Net is a self-configuring deep learning segmentation
framework based on the U-Net architecture [12]. Using a five-fold
cross-validation approach, we trained a full-resolution 3D nnU-Net
(v2) model. The training followed a region-based approach, where
each output channel corresponds to the WT, TC, and ET regions. We
opted for larger patches (128×160×112 voxels) while ensuring they
fit within the GPU’s capacity [8]. We used a class-weight loss function
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Fig. 1: Proposed pipeline: model ensemble and adaptive post-processing. Predictions are obtained from three SOTA deep learning models subjected to
nonlinear activation functions and ensemble strategies. The ensemble predictions are then subjected to an adaptive tumor-specific post-processing step.

combining Dice loss and cross-entropy loss. Optimization was done
using stochastic gradient descent (SGD) with Nesterov momentum, with
an initial learning rate of 0.01, momentum of 0.99, and weight decay
of 3e-05. Each fold underwent single-GPU training for 200 epochs on
NVIDIA A100 40GB and NVIDIA V100 16GB GPUs. During inference,
images were predicted using a sliding window approach matching the
patch size used for training. The nnU-Net (v2) was implemented in
https://github.com/MIC-DKFZ/nnUNet.
Swin UNETR: [9, 10, 13] utilizes a vision transformer (ViT)-based [14]
hierarchical design. Employing a 3D Swin transformer encoder with win-
dow shifting to broaden its receptive fields, it connects seamlessly with
a multi-scale residual U-Net-like decoder, tuned for applications like 3D
medical image segmentation. We trained a 3D Swin UNETR model using
a five-fold cross-validation and a region-based approach. Each batch con-
tained four random patches of 128×128×128 voxels, and the batch size
was set to 1. The training employed a class-weight loss function combin-
ing Dice loss and focal loss, optimized using the AdamW optimizer with
an initial learning rate of 0.0001, momentum of 0.99, and weight decay of
3e-05. Each fold was trained for 100 epochs on a cluster with 4 NVIDIA
H100 80GB GPUs and 4 NVIDIA V100 32GB GPUs. For inference, we
used a sliding window approach with the same patch size and overlapping
of 0.625 for neighboring patches. The implementation integrated into the
PyTorch-based MONAI framework (https://monai.io) was used.
SegResNet [11] is a U-Net style network with ResNet blocks with larger
encoders but smaller decoders. We trained a 3D region-based SegResNet
using the Auto3DSeg tool provided by MONAI. Depending on the hard-
ware, the batch size ranged from 2 to 5, with each batch containing a patch
of 224×224×144 voxels. We used a combined loss using Dice loss and
cross-entropy loss, optimized by AdamW with an initial learning rate of
0.0002 and weight decay of 1e-05. Each fold underwent training for 100
epochs on the same cluster as mentioned for the Swin UNETR training.

2.3. Model Ensembling

A model ensemble strategy is proposed to improve the segmentation
model’s accuracy and robustness. This method (Fig.1) harnesses the
benefits inherent to both convolutional neural networks and vision trans-
formers. We aggregated the outputs of each model trained on every fold
using probability maps obtained by applying the respective non-linear
activation functions. The ensemble was conducted label-wise, allowing
each region to be ensembled with different folds and models based on
the validation performance of individual models trained on a fold. In
practice, we initially ensembled the five folds of each model, followed
by the label-wise ensemble across models.

2.4. Adaptive Post-processing

We applied an adaptive post-processing to the ensembled predictions
(Fig.2). First, we extracted 386 radiomic features using the PyRadiomics
package [15] and implementation in [16]. The features are divided into
14 shape-based features and 93 intensity-based features for each MRI
sequence. A k-means clustering algorithm was used to group cases
into different clusters of tumors according to the radiomic features. An
optimal number of clusters and features was determined using a grid
search. This k-means algorithm was trained on the training set images
along with the corresponding ground-truth masks provided. Second, we
carried out an optimal threshold search to remove small disconnected
components, reducing the number of false positives in the segmentation
maps. Finally, we carried out another threshold search over these last
refined segmentation maps for ET and ED label redefinition based on
ET/WT and ED/WT ratios. In this last step, for example, if the ET/WT
ratio fell below a certain threshold, the ET label would be redefined to
either NCR or ED, corresponding to the TC region.

3. RESULTS AND DISCUSSION

Table 1 presents a detailed summary of the performance evaluation of
our models on the validation dataset. This evaluation was conducted au-
tomatically through the challenge’s digital platform, without access to the
validation ground truth data. Fig. 4 depicts qualitative results for selected
cases based on the median of lesion-wise Dice. The average inference
time per case was 152 seconds on a single NVIDIA A5000 24GB GPU.

Overall, combining ensemble models and post-processing improved
the generalizability of the models’ performance. The trained SegResNet
did not show good generalizability for ET and TC but is robust for WT.
Hence, only the WT predicted by SegResNet was ensembled. Despite
the consistent labeling of the three tumor sub-regions (ET, TC, WT)
across all tasks, the morphology and spatial location of the lesions vary
among subjects and tasks. Hence, implementing a robust post-processing
step is crucial to enhance the accuracy of predictions and ensure the
output segmentations are consistent. As demonstrated in section 3, the
adaptive post-processing significantly improved lesion-wise metrics. This
approach enabled tumor-specific post-processing, thereby improving
segmentation for each tumor type whether present or not in the training
data, aligning with the generalizability aspect of this challenge.

4. CONCLUSION

Generalizing tumor segmentation algorithms across diverse tumor types
and age groups poses a significant challenge within the realm of deep
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Fig. 2: Adaptive post-processing strategy. The ensemble predictions first underwent a tumor-type clustering using a k-means algorithm (k=5). Then,
cleaned of small disconnected regions. Finally, ET and ED labels were redefined based on ET/WT and ED/WT thresholds, respectively.
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Fig. 3: Threshold search using cross-validation is conducted to find the optimal threshold for removing small disconnected regions within each cluster.
LW refers to lesion-wise metrics. The change in metrics is computed and shown according to different thresholds.

learning techniques. In this study, we introduced an ensemble strategy
followed by an adaptive post-processing approach leveraging k-means
clustering that helped improve the performance of the model ensemble
and the generalizability of deep learning models. This method aims
to enhance the efficacy of model ensembles and bolster the general
applicability of deep learning models in tumor segmentation tasks.
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