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a b s t r a c t 

In this article, we present a brain tumor database collection 

comprising 23,049 samples, with each sample including four 

different types of MRI brain scans: FLAIR, T1, T1ce, and T2. 

Additionally, one or two segmentation masks (ground truth) 

are provided for each sample. The first mask is the raw out- 

put from the registration process and is provided for all sam- 

ples, while the second mask, provided particularly for syn- 

thetic samples, is a post-processed version of the first, de- 

signed to simplify interpretation and optimize it for network 

training. These samples have been acquired via registration 

process of 438 samples available at the moment of registra- 

tion from the original dataset provided by the BraTS 2022 

Challenge. Registering each pair of existing brain scans re- 

sults in two additional scans that retain a similar brain shape 

while featuring varying tumor locations. Consequently, by 

registering all possible pairs, a dataset originally consisting 

of n samples can be expanded to n2 samples. The original 

dataset was collected from different institutions under stan- 

dard clinical conditions, but with different equipment and 
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imaging protocols. As a result, the image quality is hetero- 

geneous, reflecting the diversity of clinical practices across 

institutions. This dataset can be utilized for various tasks, 

such as developing fully automated segmentation algorithms 

for new, unseen brain tumor cases, particularly through deep 

learning-based approaches, since ground truth is provided for 

each sample. 

© 2025 The Authors. Published by Elsevier Inc. 

This is an open access article under the CC BY-NC license 

( http://creativecommons.org/licenses/by-nc/4.0/ ) 
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Specification Table 

Subject Computer Vision and Pattern Recognition 

Specific subject area Dataset Augmentation via 3D Image Registration 

Type of data 3D Image (.nii.gz format), Pre-processed (Co-registration to a template, 

resampling, skull-stripping, registration). 

Data collection The real-life brain scans of Glioblastoma Multiforme patients are augmented 

via a process of registration where new samples are created from the original 

BraTS 2022 dataset. 

Data source location Figshare. 

Data accessibility Repository name: Figshare [1] Data Identification Number: 

10.6084/m9.figshare.28001450 Original BraTS Dataset: Kaggle [2] , Cancer 

Imaging Archive [3] . 

Related research articles André Ferreira, Naida Solak, Jianning Li, Philipp Dammann, Jens Kleesiek, Victor 

Alves, Jan Egger. Title: Enhanced Data Augmentation Using Synthetic Data for 

Brain Tumour Segmentation [4] . DOI: 10.1007/978- 3- 031- 76163- 8_8 . 

. Value of the Data 

• The brain tumor scans together with the corresponding segmentations can serve as an eval-

uation set for automatic brain tumor segmentation algorithms. 

• Researchers can use the scans and corresponding segmentations in order to train deep learn-

ing algorithms. 

• Researchers can use the collection as basis for data augmentation to further increase the

collection without having to do the registration themselves, saving computer resources and

time. 

• The generated brain tumor scans and their corresponding segmentation masks serve as valu-

able resources for educational purposes, addressing the common challenges associated with

acquiring medical data. 

. Background 

The brain tumor dataset was created using image registration to create a more extensive

nd diverse training set for developing neural network models, addressing the scarcity of anno-

ated medical data due to privacy constraints and time-intensive labeling [5,6] . This approach

nsures that the dataset contains a broader range of imaging variations, improving the model’s

bility to generalize and learn from diverse tumor presentations. The theoretical background for

his dataset is grounded in medical image processing and deep learning, specifically within the

ontext of improving the performance of state-of-the-art neural networks in automated tumor

etection and segmentation [7–10] . The dataset was used in the related research article [4] to

nhance the performance of a neural network model in classifying and segmenting brain tumors

rom medical imaging due to increased size and variation of data, which ultimately contributed

http://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.6084/m9.figshare.28001450
https://doi.org/10.1007/978-3-031-76163-8_8


N. Solak, A. Ferreira and G. Luijten et al. / Data in Brief 58 (2025) 111287 3 

Fig. 1. Scheme representing a folder structure of the dataset collection, comprising 23049 folders with 5 or 6 files 

each (in NIfTI format .nii.gz ) - native (T1), post-contrast T1-weighted (T1ce), T2-weighted (T2), and T2 Fluid Attenuated 

Inversion Recovery (FLAIR) volumes, along with one raw mask and optionally, one post-processed mask. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

to improving the accuracy and robustness of the neural network. This data article complements

the referred paper by providing the extended dataset, which is crucial for reproducing the re-

sults and further refining the model in future research on brain tumor detection. 

3. Data Description 

In Fig. 1 , the structure of the dataset is illustrated. The dataset includes 23049 folders with 5

or 6 files per folder. These files represent different types of MRI scans: FLAIR, T1, T2, and T1ce,

and 1 or 2 ground truth masks in addition. All files are stored in the compressed NIfTI format

( .nii.gz ). 

An example of the file naming convention used in the dataset is

”Brats2021_0 0 0 0_0 0 02_flair.nii.gz”. This filename represents a combination of two MRI scans:

0 0 0 0 and 0 0 02, which were obtained through the registration process. The prefix ”Brats2021”

indicates that the data is part of the BraTS 2021 dataset (which has been used as a dataset

for BraTS 2022 Challenge), and the order of numbers indicates that the first scan (0 0 0 0) has

been warped into the spatial domain of the second scan (0 0 02). The sample numbers are non-

sequential (e.g., 0 0 0 0, 0 0 02, etc.) because only training samples from the original BraTS 2022

dataset were used to generate this dataset. If a file name contains two identical numbers (e.g.

”Brats2021_0 0 0 0_0 0 0 0_flair.nii.gz”), it corresponds to the original ”BraTS2021_0 0 0 0_flair.nii.gz”

sample. For such samples, only a raw segmentation mask is provided since the labels already

align with the original BraTS dataset and a mask is immediately suitable for training. The

suffix ”_flair” denotes that the MRI scan corresponds to the FLAIR modality. In addition to

the FLAIR scan, there are corresponding files for other MRI modalities: T1, T1ce, T2 and in

addition ”seg” (raw output from a registration process) and ”seg_processed” (post-processed 

mask) for segmentation masks. This systematic naming convention facilitates the identification
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Fig. 2. An example of a dataset sample includes the following components: Fluid Attenuated Inversion Recovery - FLAIR, 

native - T1-weighted, contrast-enhanced - T1CE, and T2-weighted MRI scans, along with two segmentation masks (raw 

and post-processed). This specific sample corresponds to ”BraTS2021_0 0 0 0_0 0 02” case. 
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nd organization of MRI scans and their corresponding segmentation masks generated from the

egistration process. 

Fig. 2 provides an example of a data sample that includes four MRI scans of different types.

he dataset was generated using a data augmentation method known as registration, applied to

he BraTS 2022 1 dataset. 

.1. The BraTS 2022 Dataset 

The (training) dataset of the BraTS challenge [11–16] represents a collection of the mpMRI

cans that have been acquired from different institutions under standard clinical conditions, but

ith different equipment and imaging protocols. As a result, the image quality is heterogeneous

nd it reflects diverse clinical practice across different institutions. The BraTS 2022 dataset is

ivided in training, validation and testing subsets, where the ground truth (approved by expert

euroradiologists [17] ) is provided only for training set, and a testing dataset is kept hidden at all

imes. To generate the dataset presented in this paper, only the training BraTS 2022 dataset has

een used because it includes ground truth masks (which are needed to train machine learning

odels) [18] . 

The mpMRI scans, acquired with different protocols and various scanners from multiple in-

titutions, include: 

1. Native T1 volumes; 

2. Post-contrast (Gadolinium) T1 volumes; 

3. T2-weighted (T2) volumes; 

4. Fluid Attenuated Inversion Recovery (T2-FLAIR) volumes. 

All the scans are pre-processed and the pre-processing pipeline is publicly available through

he Cancer Imaging Phenomics Toolkit (CaPTk) and Federated Tumor Segmentation Tool (FeTS).

his routine includes: 

1. Conversion of the DICOM files to the NIfTI file format [19] ; 
1 The Brain Tumor Segmentation Challenge (BraTS) has been jointly organized by the Radiological Society of North 

merica (RSNA), the American Society of Neuroradiology (ASNR), and the Medical Image Computing and Computer As- 

isted Interventions (MICCAI) society. This challenge focuses on evaluating computational algorithms for segmenting 

istologically distinct brain tumor subregions. The size of the datasets provided by the organizers has increased each 

ear, from just 50 samples in the inaugural challenge in 2012 to 438 samples at the time the dataset presented in this 

aper was created. 



N. Solak, A. Ferreira and G. Luijten et al. / Data in Brief 58 (2025) 111287 5 

Fig. 3. Glioma sub-regions considered in the BraTS 2022 Challenge. The image panels A-C denote the regions considered 

for the performance evaluation: (A) Enhancing tumor (yellow) surrounding the cystic/necrotic core; (B) Tumor Core 

(magenta) - a union of necrosis and the enhancing tumor; (C) Whole Tumor (blue) encompasses necrosis/cystic core 

(red), enhancing tumor (blue), and edema (green). (D) The individual segmentations are combined into final tumor sub- 

region labels: the enhancing tumor (blue), the necrotic/cystic core (red), and edema/invasion (green). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2. Co-registration to the same anatomical template (SRI24) [20] ; 

3. Resampling to a uniform isotropic resolution (1mm3 ); 

4. Skull-stripping. 

All volumes are segmented using the STAPLE fusion of previous top-ranked algorithms

[11] (DeepScan [21] , DeepMedic [10] , and nnUNet [22] all trained on the BraTS 2020 dataset)

and later manually refined by volunteer neuroradiologists of varying experience. All the segmen-

tation refinements were approved by experienced board-certified attending neuro-radiologists, 

with more than 15 years of experience working with gliomas [18] . The tumor sub-regions (as

shown in Fig. 3 [18] ) are the following: 

1. Enhancing tumor - EH: areas with higher intensity values in T1Gd scans in comparison to

T1 and healthy white matter in T1Gd; 

2. Tumor core - TC: the bulk of the tumor that is supposed to be surgically removed. The TC

entails the ET and the necrotic parts (NCR) of the tumor. The intensity is usually lower in

T1Gd in that parts than in T1 scans; 

3. Complete tumor extent/whole tumor - WT: the whole malignancy that entails the TC and

the peritumoral edematous (ED) tissue. The intensity of the area is usually higer in T2-FLAIR

volume. 

However, other delineation criteria could be set as well, which would result in different tu-

mor sub-regions [18] . 

4. Experimental Design, Materials and Methods 

Inspired by the ongoing Brain Tumor Sequence Registration (BraTS-Reg) Challenge [23] , also

organized by MICCAI 2 and also the winning solution for the AutoImplant Challenge 2020 imple-

mented by Ellis and Aizenberg [24] , the training dataset was enhanced by generating new sam-

ples through registration. This approach aimed to introduce variations in tumor locations while
2 For more information on BraTS-Reg Challenge, please visit: https://www.med.upenn.edu/cbica/brats- reg- challenge/ 

https://www.med.upenn.edu/cbica/brats-reg-challenge/
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Fig. 4. Example of augmentations produced via registration. Images in the first row show the original samples from the 

BraTS21 dataset and images in the second row show the synthetically created samples with similar brain shape and 

structure to the original samples. 
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reserving consistent brain structures, as previously demonstrated in medical imaging studies

or generating robust datasets [25,26] . Each image in the dataset can be registered with ev-

ry other image, resulting in a warped version of the target image. The Advanced Normaliza-

ion Tools (ANTs) package 3 , a widely used software for image normalization and registration in

euroimaging research [27,28] , was utilized for the image registration process [29] . It is a soft-

are package used for normalizing data to a template and it provides different scripts (such as

antsRegistrationSyNQuick.sh ǥ) which allow for the application of different transformations, in-

luding rigid, affine, non-linear, and their combinations, as outlined in previous studies [30,31] .

ypically, one image is designated as the moving image, while the other serves as the fixed

mage. The moving image is warped into the fixed image’s space by applying the computed

ransformation, and the inverse transformation is then used to warp the fixed image into the

oving image’s space. This methodology aligns with approaches used in other biomedical im-

ge registration studies, where the goal is to enhance dataset variability and improve model

eneralization [28,32,33] . 

.1. Data augmentation via registration 

In Fig. 4 , we illustrate an example of data augmentation through registration on the BraTS

022 dataset. The non-linear registration process is performed between the brain images of Sub-

ect 0 0 0 0 (top left) and Subject 0 0 02 (top right). This results in the generation of two additional

cans: the bottom left image displays an artificially created brain MRI scan that maintains a

imilar shape to Subject 0 0 0 0 (top left) while exhibiting content akin to that of Subject 0 0 02
3 For more information on ANTs tool, please visit a GitHub repository: https://github.com/ANTsX/ANTs 

https://github.com/ANTsX/ANTs
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Fig. 5. Example of a segmentation mask with 6 labels produced via registration (left) and a post-processed mask with 

3 labels only, for data consistency and easier understanding 4 . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(top right). Conversely, the bottom right image features a newly generated brain MRI scan with

a shape resembling that of Subject 0 0 02 and content similar to Subject 0 0 0 0. This registration

process can be systematically applied to each image pair within the BraTS 2022 dataset [34] . 

Additionally, as shown in Fig. 5 , the same transformations - and their inverses - must be ap-

plied to the corresponding segmentation masks. As a result, we obtain a mask with six regions,

as some pixels do not correspond to any of the three original labels (e.g., background pixels). Ex-

ceptions are samples corresponding to the original BraTS samples (e.g., "BraTS2021_0 0 0 0_0 0 0 0"

corresponding to the original "BraTS2021_0 0 0 0" sample), where the registration masks retain

their original three labels and are immediately suitable for network training. However, for newly

generated samples (e.g., "BraTS2021_0 0 0 0_0 0 02"), raw masks require post-processing before

they can be used for training (as presented in [4] ). To address this, we provide a second mask

for each synthetic sample, where the raw mask has been refined by merging and discarding cer-

tain labels from the six regions. This approach aligns with the logic of the original BraTS dataset,

which contains only three labels. However, for those interested in working directly with the raw

data, the original registration masks are also available. 

The process of registration was applied to a training data subset consisting of 438 samples,

each comprising a segmentation mask and four imaging modalities: FLAIR, T1, T1CE, and T2. Due

to the extensive time required for registration and the significant storage resources necessary for

data management and model training, the final number of registered samples totaled 23,049.

Completing the registration of these cases took over two weeks. 

Limitations 

While the GBM-Reservoir dataset provides a valuable resource for developing and testing

deep learning models for brain tumor segmentation, it is important to acknowledge its limi-

tations: 

• Synthetic Nature of Augmented Data : The dataset relies on non-linear registration to gen-

erate synthetic samples. Although this process increases data diversity, it does not perfectly
4 Label colors are randomly assigned by the 3D Slicer visualization tool and do not indicate corresponding labels in 

these two masks. 
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replicate the variations observed in real-world patient data. The synthetic samples may in-

troduce artifacts or biases. 

• Computational Overhead: The registration process used to create this dataset is computa-

tionally intensive, requiring significant processing power and time. This limitation may affect

reproducibility for users with limited access to high-performance computing resources. 

• Heterogeneity of Source Data: While the BraTS dataset includes multi-institutional scans,

the quality and variability of the original data depend on the acquisition equipment and pro-

tocols. These variations may influence the quality of the generated synthetic data. 

• Post-Processing Challenges: The raw segmentation masks generated during the registration

process contain six labels, which usually require post-processing to simplify to the three-

label format (consistent with the original BraTS dataset). While we provide both raw and

post-processed masks, users must be cautious when working with the raw data to avoid

inconsistencies. 

• Exclusion of External Modalities: The dataset is limited to the imaging modalities (FLAIR,

T1, T1CE, T2) provided in the BraTS challenge. It does not include other imaging types or

modalities that may enhance tumor characterization, such as diffusion-weighted imaging or

perfusion MRI. 

By acknowledging these limitations, we hope to provide researchers with a clearer under-

tanding of the dataset’s scope and potential constraints, encouraging further validation and im-

rovements in related research. 
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