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Abstract. In this paper, we propose Adaptive TransVNet (ATVNet), a
transformer-enhanced VNet-based framework for automated moderate-
to-severe traumatic brain injury (msTBI) lesion segmentation from T1-
weighted MRI images. Unlike better-characterized neurological condi-
tions such as stroke, multiple sclerosis, or brain tumors, msTBI lesions
exhibit substantial variability in size, location, and appearance, mak-
ing automated segmentation a challenging task. The proposed architec-
ture extends the conventional V-Net framework by incorporating trans-
former modules at multiple low-resolution stages and introducing learn-
able residual gating to adaptively regulate the contribution of trans-
former features. The gating parameters are initialized to preserve the
original convolutional network behavior and gradually learn the opti-
mal integration of local and global representations during training. The
model was developed and evaluated within the AIMS-TBI26 challenge,
using extensive three-dimensional data augmentation and a combined
BCE-Dice-Focal loss function. Preliminary experiments demonstrated
improved performance over both V-Net and TransVNet variants, with
ATVNet achieving a mean DSC of 56.52% on the benchmark train-
validation split. A 5-fold ensemble strategy was also evaluated but did
not improve performance for either task. In the final challenge evaluation
on a hidden test dataset, the submitted model achieved a DSC of 52.25%,
an ASSD of 9.12 mm, and an HD95 of 32.02 mm for lesion segmentation.
For lesion detection, the proposed approach achieved a balanced accu-
racy of 82.89%, with 75.00% sensitivity and 90.79% specificity. These
results demonstrate the potential of the proposed approach within the
AIMS-TBI26 challenge, while further evaluation on larger, more diverse
datasets and additional performance metrics is needed to fully assess its
general applicability.

Keywords: msTBI, MRI, Lesion segmentation, TransVNet, Adaptive
transformer gating
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1 Introduction

Moderate-to-severe traumatic brain injury (msTBI) can result from significant
external forces such as head impacts. It causes highly heterogeneous patterns of
structural brain damage, including hemorrhages and contusions that can lead
to life-threatening complications. These lesions vary in size, location, morphol-
ogy, and tissue involvement [1], creating significant challenges for decision sup-
port pipelines. Current automated approaches for lesion diagnosis are limited, as
manual segmentation is labor-intensive, and many automated methods require
imaging modalities that are not consistently available across large multi-site
datasets.

To address these problems, the AIMS-TBI26 challenge aims to advance au-
tomated lesion detection and segmentation methods using routinely acquired
MRI data. The challenge comprises two tasks: (1) lesion detection, which aims
to identify the presence of msTBI-related lesions from T1-weighted MRI data,
and (2) lesion segmentation, which aims to generate binary lesion masks for the
identified abnormalities.

In this work, we propose Adaptive TransVNet (ATVNet), a transformer-
enhanced framework for automated msTBI lesion segmentation. The method
extends our previously proposed VNet-based segmentation model [2] by incor-
porating recent advances in hybrid convolutional-transformer architectures. In
particular, TransVNet, originally proposed for seismic data segmentation [3],
demonstrated the effectiveness of embedding transformer modules within a V-
Net framework. Building on this idea, our architecture introduces transformer
pathways at multiple low-resolution stages and employs learnable residual gating
to adaptively fuse transformer and convolutional features. The proposed method
is evaluated on both the lesion detection and lesion segmentation tasks of the
AIMS-TBI26 challenge.

2 Methods and Data

2.1 Data

Dataset The training dataset provided by the challenge organizers consisted of
553 annotated T'1-weighted MRI images and an additional 100 scans for valida-
tion. Each image was accompanied by a corresponding lesion mask containing
lesion annotations when lesions were present; otherwise, the mask was empty,
indicating the absence of visible lesions.

The final performance of the proposed method was assessed on a separate
test dataset that was withheld from challenge participants and accessible only
through the evaluation system on the grand-challenge.org platform. Leaderboard
rankings were determined automatically, using Dice Similarity Coefficient (DSC),
95th percentile Hausdorff distance (HD95), and Average Symmetric Surface Dis-
tance (ASSD) for the segmentation task, while balanced accuracy was used to
evaluate detection performance.
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2.2 Data Preprocessing

Image preprocessing was performed to standardize the input data and ensure
compatibility with the proposed neural networks, which require fixed-size in-
puts. The preprocessing pipeline consisted of cropping each image to its non-zero
bounding box, resampling it to an isotropic voxel spacing of (1,1,1) mm, reori-
enting it to the Right-Anterior-Superior (RAS) coordinate system, and, when
necessary, applying zero-padding to achieve the required input dimensions.

2.3 Methods

Network Architecture CNN-based encoder-decoder architectures, such as U-
Net [4] and V-Net [5], are widely used for medical image segmentation due
to their strong spatial feature extraction capabilities. However, their limited
receptive fields motivate the integration of transformer-based modules, which
enable modeling of long-range dependencies through self-attention mechanisms
[6,7].

Our initial baseline model was based on V-Net, which uses an encoder-
decoder structure with skip connections to preserve spatial information during
segmentation.

To address the CNN’s limited receptive field, transformer blocks were initially
introduced at the bottleneck, forming the TransVNet architecture. In subsequent
experiments, transformer modules were additionally incorporated into the two
lowest-resolution skip connections to provide global context at multiple network
stages, while remaining within the available GPU memory constraints.

The transformer module consists of token embedding, transformer encod-
ing, and feature reconstruction stages. Four transformer layers, each containing
multi-head self-attention (MSA) and multilayer perceptron (MLP) blocks, were
used to model global dependencies among spatial features. The MSA employs
16 attention heads with a hidden dimension of 768, followed by an MLP layer
with a dimension of 3072.

The final architecture, ATVNet, shown in Fig. 1, extends this design through
learnable residual gating. Scaling parameters («) regulate the contribution of
transformer features within the bottleneck and skip pathways. All « parameters
are initialized to zero, allowing the model to begin as a standard V-Net and
gradually learn the optimal contribution of transformer features during training.
Due to GPU memory limitations introduced by the transformer modules and the
3D input volumes, training was performed with a batch size of 1.

Data Augmentation and Sampling For the segmentation task, models were
trained exclusively on lesion-positive images, as the hidden test set for this phase
consisted only of scans containing lesions. This decision also reduced the number
of training samples, leading to shorter training times and enabling more extensive
hyperparameter optimization before the challenge deadline.
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Fig. 1. Overview of the proposed ATVNet architecture. Transformer-enhanced skip
connections with adaptive gating coefficients a(0), a(1), and «(2) integrate transformer
features into the decoder while preserving spatial information from encoder features.

For the detection task, balanced sampling was used, providing the model with
50% lesion-positive and 50% lesion-negative scans during training to address
class imbalance, as in this case, detecting true negatives is equally important.

The data augmentation strategy for both tasks was based on the augmenta-
tion pipeline used by the winning method of the AIMS-TBI25 challenge [8], the
BLSegMamba [9] algorithm. This pipeline was selected due to its comprehen-
sive set of augmentations for T1-weighted MRI images, which provided strong
variability during training and improved the model’s ability to generalize.

Spatial diversity was introduced through 3D transformations, including ran-
dom rotations around all axes (£30°) and isotropic scaling (0.7 — 1.4), applied
with a probability of p = 0.2. To improve robustness to MRI noise and acqui-
sition variability, intensity augmentations included Gaussian noise (p = 0.1),
Gaussian blur (o = 0.5 — 1.0; p = 0.2 per sample), brightness and contrast ad-
justments (p = 0.15 each), and gamma correction (range 0.7 — 1.5; p = 0.1).
Additionally, random mirror flipping along the axial, coronal, and sagittal axes
was applied to exploit anatomical symmetry and to make the model robust to
differently oriented scans.

Loss Function and Optimizer As a loss function, we used binary cross-
entropy (BCE) for VNet-based models, as it yielded higher segmentation per-
formance. However, the later models incorporating transformers at any level of
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the network struggled to converge, and they tended to collapse into predicting
empty masks for all inputs.

To address this, the combined loss proposed by BLSegMamba [9] was used.
It is defined as a weighted combination of BCE loss, Dice loss, and Focal loss,
as shown in Eq. (1):

L =0.3Lgck + 0.4 Lpice + 0.3 LEocal (1)

As the optimizer, Adam [10] was used, the learning rate was initialized to
1.8 x 10~* and reduced by a factor of 2 whenever the training loss plateaued
for more than 25 epochs. The learning rate was decreased until it reached a
minimum of 5 x 1076,

Early Stopping and Checkpointing Training was terminated early if vali-
dation loss did not improve for 150 consecutive epochs. After each epoch, the
latest model and optimizer states were saved to resume interrupted training. For
segmentation, the checkpoint with the highest DSC on lesion-positive validation
cases was selected, while for detection, the checkpoint with the highest balanced
accuracy on the complete validation set was saved.

5-Fold Ensemble For both segmentation and detection tasks, a 5-fold ensem-
ble strategy was used to reduce model variance. During inference, the voxel-wise
probability maps generated by the five fold-specific models were averaged after
sigmoid activation, and the final segmentation mask was obtained by thresh-
olding the ensemble probability map at 7 = 0.5. Averaging predictions across
multiple models can reduce the influence of model-specific errors and improve
the reliability of the final output.

Connected-Component Filtering for Detection For lesion detection, no
dedicated classification head was used. Instead, segmentation probability maps
were converted into volume-level predictions using connected-component (CC)
filtering to reduce false-positive components and improve specificity. The min-
imum retained component size was optimized on validation data by sweeping
thresholds in 5-voxel increments and selecting the threshold with the highest
balanced accuracy. For the 5-fold ensemble, out-of-fold predictions yielded an
optimal threshold of 105 voxels, while the single submitted model yielded 130
voxels on its validation set. A volume was classified as lesion-positive if at least
one component remained after filtering.

Implementation The experiments were conducted on NVIDIA A100 GPUs
using CUDA-enabled parallel computation. The models were implemented and
trained using PyTorch as the primary deep learning framework. Data augmen-
tation was performed using the batchgenerators library [11]. Training and eval-
uation of the proposed models were carried out on the GPU and Al partitions
of the Komondor high-performance computing (HPC) system.
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3 Results

To enable a direct comparison between models during the preliminary exper-
iments, a fixed train-validation split was employed. The validation set corre-
sponded to the dataset later released for the validation phase of the challenge,
after teams submitted their containerized solutions for evaluation. Each model
was trained and evaluated using this identical data partitioning scheme, and the
resulting performance metrics are presented in Table 1.

Table 1. Performance comparison on lesion-positive scans of different models during
preliminary testing using the fixed train-validation split. Metrics are computed on a
per-volume basis and then averaged across all volumes.

Model DSC (%) ASSD (mm) HD95 (mm)

V-Net 45.79% 11.36 27.74
TransVNet  49.05% 8.71 28.70
ATVNet 56.52% 5.71 20.39

The computational characteristics of the evaluated models are summarized in
Table 2. While TransVNet and ATVNet have higher parameter counts and GPU

memory requirements than V-Net, their inference times remain comparable.

Table 2. Computational characteristics of the evaluated segmentation models. GPU
memory denotes peak memory usage. All metrics were measured on a single NVIDIA
A100 GPU with a batch size of 1 and an input size of 256 x 256 x 256. Inference time
was averaged over 50 forward passes for each model.

Parameters Train VRAM Inference VRAM Inference

Model (M) (GB) (GB) (s/vol.)
V-Net 129.66 19.50 7.88 0.216
TransVNet  187.94 20.23 8.60 0.217
ATVNet 258.22 26.22 9.56 0.243

Based on the results in Table 1, the ATVNet model was chosen, and we
performed 5-fold cross-validation on the entire dataset. These results are shown
in Table 3. The resulting five models were used to construct the final ensemble.

For the segmentation finals, both the best-performing ATVNet model from
the preliminary train-validation split and its 5-fold ensemble were submitted.
The achieved results according to the official challenge evaluation metrics are
shown in Table 4.

Similarly, for the detection finals, a single-fold model and a 5-fold ensemble
of the ATVNet model were submitted. Each model was trained on both lesion-
positive and lesion-negative samples, rather than only on positive cases. The
checkpoints with the highest validation balanced accuracy were selected for final
testing. Segmentation outputs were converted into volume-level predictions using
connected-component filtering. The results are shown in Table 5.
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Table 3. Five-fold cross-validation results for the ATVNet model, trained and evalu-
ated only on lesion-positive images. Metrics are computed on a per-volume basis and
then averaged across all volumes. Mean + standard deviation is reported in the final
row.

Fold DSC (%) ASSD (mm) HD95 (mm)
Fold 1 51.77% 9.93 27.09
Fold 2 52.04% 12.07 29.63
Fold 3 54.31% 8.38 26.65
Fold 4 57.54% 7.44 26.05
Fold 5 56.18% 5.07 17.81
Mean + Std|54.37 + 2.53 8.58 £+ 2.63 25.45 £ 4.48

Table 4. The segmentation performance of the two algorithms (ATVNet and its 5-fold
ensemble) submitted to the final test phase of the challenge, according to leaderboard
metrics.

Model DSC (%) ASSD (mm) HD95 (mm)
ATVNet 52.25% 9.12 32.02
ATVNet (ens.) 48.29% 10.10 30.28

Table 5. Detection performance of the two submitted algorithms (ATVNet and its
5-fold ensemble) submitted to the final test phase of the challenge, according to leader-
board metrics.

Model Bal. Acc. (%) Sensitivity (%) Specificity (%)
ATVNet 82.89% 75.00% 90.79%
ATVNet (ens.) 80.08% 69.38% 90.79%

4 Discussion

Preliminary results on a single train-validation split indicated that ATVNet out-
performed V-Net and TransVNet and was therefore selected for 5-fold cross-
validation and final submission. However, this comparison is limited because
cross-validation was not performed on the baseline models due to time con-
straints in the challenge. Performance differences may be affected by the se-
lected split, training randomness, and differences in loss functions, motivating
evaluation across multiple data splits.

The 5-fold cross-validation results on lesion-positive images demonstrate con-
sistent segmentation performance across different data splits, with a mean DSC
of 54.37% and relatively low variation between folds. The observed variability in
ASSD and HD95 suggests some sensitivity to the specific lesion characteristics
present in each validation subset, but the overall stability of the results indicates
reasonable generalization of the ATVNet model.

Although an ensemble was expected to improve segmentation and detec-
tion performance, the submitted 5-fold ensembles did not outperform the best-
performing single ATVNet models. For segmentation, the ensemble achieved a
lower DSC (48.29% vs. 52.25%) but slightly improved HD95 (30.28 mm vs. 32.02
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mm), suggesting smoother but less accurate lesion boundaries. For detection,
balanced accuracy decreased from 82.89% to 80.08% due to reduced sensitivity,
while specificity remained unchanged, increasing the number of missed lesions
without reducing the number of false-positive detections.

This behavior may be related to equal weighting of fold models despite
differences in validation performance, as well as probability thresholding and
connected-component filtering optimized for individual models rather than the
ensemble. These explanations cannot be verified because only aggregate leader-
board metrics were available for the final test dataset.

Future work will include 5-fold cross-validation of both V-Net and TransVNet,
systematic ablation studies to isolate the contributions of transformer skip con-
nections, adaptive gating, and the combined loss, as well as further analysis of
the learned gating coefficients across training and network levels. Statistical sig-
nificance testing or confidence-interval estimation will also be used to assess the
robustness of the observed improvements.

When it comes to improving lesion segmentation and detection performance,
different ensemble strategies and test-time augmentation should be investigated
to improve robustness. For lesion detection, a dedicated detection head could be
explored as an alternative to connected-component filtering. These approaches
may provide more reliable predictions and improve both segmentation and de-
tection performance.

5 Conclusion

In this work, we presented ATVNet, a transformer-enhanced V-Net architec-
ture with adaptive residual gating for automated msTBI lesion segmentation
and detection from T1-weighted MRI. Within the AIMS-TBI26 challenge set-
ting, ATVNet demonstrated improved preliminary segmentation performance
compared with both V-Net and TransVNet, supporting the potential benefit
of integrating adaptive transformer-based feature modeling with convolutional
representations. The final submitted single-model approach achieved a DSC of
52.25%, an ASSD of 9.12 mm, and an HD95 of 32.02 mm for lesion segmentation,
while achieving a balanced accuracy of 82.89% for lesion detection. The proposed
5-fold ensemble did not improve final performance, highlighting the challenges
of applying ensemble strategies with voxel-wise prediction averaging. Further
evaluation on larger and more diverse datasets, along with additional ablation
studies are required to fully assess the generalizability and clinical applicability
of the proposed approach.
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