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Abstract
This paper explores UNET and Swin-UNET archi-
tectures for the task of multi-region segmentation
of brain tumors using stacked modalities and com-
bined MRI scans. UNET and Swin-UNET models
were developed using MONAI and PyTorch, and
transformer blocks were implemented for Swin-
UNET architecture. The models were trained and
evaluated on the BRaTS 2021 Task 1 Dataset.
Models were evaluated based on standard metrics
of Dice Score and Loss quantification. Predicted
segmentation outputs were generated. The find-
ings from this work lay a baseline for future itera-
tions of models, and establish that further model
finetuning is needed and possible with expanded
training.

1. Introduction
A brain tumor is a form of abnormal cell growth in the brain
or central spinal tract, and can be a sign of one of the most
life-threatening forms of cancer. The National Brain Tumor
Society estimates that every year 13,000 patients die, and
29,000 patients suffer from primary brain tumors (Saouli
et al., 2018). With this number consistently growing, the
experts are consistently outnumbered by new cases.

With developments in imaging technology, imaging technol-
ogy has been applied to tumor detection. Initially, computed
tomography technology was used for detection, but with
further developments in magnetic resonance technology and
theories surrounding digital image reconstruction, magnetic
resonance imaging is popular among experts as it does not
cause ionizing radiation damage to the body (Wadhwa et al.,
2019). Regardless of imaging type, brain tumor diagnoses
are based on clinician experience. When a clinician analyzes
an MRI, they undergo a process of manually segmenting,
diagnosing and annotating the tumor. This process is highly
inefficient and a demanding task for image analysts, leading
to missed treatment windows. Therefore, this work seeks
to aid in increasing the efficiency and reducing diagnostic
errors involved in these manual processes.

Interdisciplinary works in medicine and machine learning
have explored the integration of deep learning methods for

tumor segmentation in the past. Autonomous brain tumor
segmentation aims to computationally identify the size and
location of brain tumors from MRI scans. Convolutional
Neural Networks (CNN) have been explored by researchers,
with results displaying good segmentation performance and
convenient feature extraction (Hao et al., 2021). However,
CNNs face issues when it comes to processing and ana-
lyzing a large number of dense images (Yang et al., 2020).
Alternative models often require large amounts of annotated
data or depend on heavily augmented data (Liu et al., 2021a).
Therefore, lightweight deep learning architectures such as
UNet have been proposed.

1.1. U-Net Architecture

UNets were first developed by Olaf Ronnenberg et al. (Ron-
neberger et al., 2015) for the purpose of biomedical image
segmentation, and remained popular due to its accurate re-
sults and performance based on a smaller amount of training
data. The model takes a form similar to the architecture of an
auto-encoder, with a contracting path serving as an encoder,
and an expanding path serving as a decoder. The contracting
path is based on the structure of a CNN, and down-samples
the input image. The expanding path is built with decon-
volutional and convolutional layers, recovering the input
image resolution using some optimized techniques such
as concatenated skip connections. Through the expansion
path, the network learns spatial classification information
by generating predictions in a higher resolution. The output
resolution is continuously increased and finally passed to a
final convolutional layer which creates the segmented image
in the same shape as the input image. Through this pro-
cess, the network processes an input image with a specific
shape (h, w, d) to generate an output image (h, w, d), while
highlighting the segmented region of interest.

Within the contracting path, the model follows a typical
CNN Network, consisting of successive convolutions fol-
lowed by activations and pooling layers. This is repeated
until reaching the bottleneck. The input is successively
downsampled due to strided convolutions, but the number
of channels is successively increased. Within the expan-
sion path, each stage features up-convolutional and normal
convolutional layers. With each upsampling, the number
of channels is halved, and the up-convolution increases the
width and height of the image. In addition, dimensions are
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Figure 1. Basic UNet Structure for brain tumor segmentation
(Yousef et al., 2023)

increased by the concatenation of feature maps from the
down-sample block in the same layer within the contracting
path. Named skip-connections, this method increases the
efficiency of the model and recovers data that was lost with
the down-sampling process. The final layer in the UNet is
a final convolution that reduces the feature map to fit the
sizing of the input.

1.2. Swin UNETR

Swin UNEt TRansformers, alternatively known as Swin
UNETR is proposed as a specific model for 3D brain tumor
segmentation where the semantic segmentation problem is
restructured into a sequence-to-sequence prediction prob-
lem. Specifically, the Swin UNETR methodology takes
multi-modal input data and projects it into a 1D sequence
of embedding, which is then passed to a Swin Transformer
as an encoder (Hatamizadeh et al., 2021). The Swin Trans-
former encoder extracts feature maps at differing resolu-
tions (classically at five different resolutions as a result of
four depth layers) via shifted windows for computing self-
attention, and is connected to a CCN-based decoder at each
resolution via skip connections.

1.2.1. SWIN TRANSFORMER

The Swin Transformer is a hierarchical transformer whose
representation is computed with Shifted Windows. The
positive of this is that the shifted window scheme brings
higher efficiency by limiting self-attention computation to
non-overlapping local windows while allowing for cross-
window connection. This allows for greater flexibility at
higher-order scales, offering linear computational complex-
ity increase as image size grows. (Liu et al., 2021b)

The transformer itself splits an input image into non-
overlapping patches via a patch-splitting module. Then
each patch (henceforth referred to as a ”token”) and its fea-
tures are set as a concatenation of raw RGB values. A linear

embedding layer is applied to project it to an arbitrary dimen-
sion. The set of tokens is modified with the application of
several transformer blocks featuring modified self-attention
computation. As the transformer is applied over various
depths, the number of tokens is reduced by merging lay-
ers, reducing the count by a downsampling factor. This
continues in the Swin UNETR architecture until the bottle-
neck structure of the network. The transformer block itself
consists of a shifted window-based MSA (multi-headed
self-attention) module which alternates partitioning config-
urations in consecutive Swin Transformer blocks, solving
modeling power limitations found in base window-based
self-attention modules.

Figure 2. Architecture of Swin Transformer and Transformer
Block (Liu et al., 2021b)

2. Methodology
2.1. Dataset Analysis and Preprocessing

This project utilizes the Brain Tumor Segmentation (BraTS)
2021 challenge dataset. The dataset is comprised of 1251
training and 219 validation samples of brain MRIs. The
dataset consisted of mpMRI images in NIfTI format and
included native (T1), post-contrast T1-weighted (T1CE), T2-
weighted (T2), and T2 Fluid Attenuated Inversion Recovery
(T2-FLAIR) volumes, along with manually annotated GD-
enhancing tumor, peritumoral edematous/invaded tissue,
necrotic tumor core, and normal tissue. (Baid et al., 2021).

Figure 3. Typical tumor segments based on BRaTS dataset (Baid
et al., 2021)

Each series of files associated with one MRI was stacked
and standardized in preparation for training processing. By
stacking the MRIs, volumes of the brain were merged to
form a 4D array of the 3 modalities x length x width x num-
ber of slices, allowing for richer segmentation capabilities.
The merged scans were saved, and mask feature labels were
converted to labels of 0, 1, 2, 3. This data was divided into
a training and validation split of 80:20.
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2.2. UNet Model Development

In developing the UNet Model, several hyperparameters
were explored, including batch size, dropout rate, optimizer
functions, learning rate, and overlap. To prevent overfitting,
dropout approach and batch normalization were applied for
model regularization. Dropout rate was set to 0.2 for all
encoder and decoder modules of the UNet. The batch size
was set to 1 due to computational restrictions related to com-
pute capacity. The small batch size enabled for regularizing
effect, which typically leads to lower generalization error.
(He et al., 2019) Adam optimizer was used as the optimizer
function with a variable learning rate via a Pytorch learning
scheduler based on Cosine Annealing. Finally, overlap was
set to 0.5 similar to previous works (Noori et al., 2019).

In terms of model structure, the model was built with a
high-level structure of 4 blocks down and 3 blocks up. On
the encoder side, the model featured four layers of depth
described as follows. The first layer of depth featured one
convolution and a downsampling block. The second depth
layer features two convolutions and a downsampling block.
The third depth layer features two convolutions and a final
downsample leading to the bottleneck. Each of the down-
sampling blocks downsample the feature set by a factor of
two. In the bottleneck, the model features 4 convolution
steps. After completion, the model moves to the decoder
side, featuring three layers of depth, each with one upsam-
ple block followed by a convolution. The uneven structure
between the encoder and decoder blocks fall in line with
standardized UNet architectures as evidenced by previous
works in the space.

2.3. Swin UNetr Model Development

In developing the SwinUNetr Model, the hyperparameters
of batch size, fold, overlap, dropout rate, optimizer func-
tions, and learning rate were explored. For this model, batch
size was set to 2, and fold was set to 1 as a result of com-
pute resource restrictions similar to those mentioned while
developing the base UNet Model. Overlap was set to 0.5 as
it is the standard in this field, and the dropout was set to 0.
Adam optimizer was used as the optimizer function with a
variable learning rate via a Pytorch learning scheduler based
on Cosine Annealing.

In terms of model structure, the model was built with en-
coder and decoder halves, similar to the UNet mentioned
previously, but follows the protocol used in previous stan-
dard works. The input to the Swin UNetr model is passed
through as a token with a patch resolution of 2x2x2x4, with
the 4th dimension in the patch courtesy of the four input
channels in the MRI images from the BRaTS dataset. Then
self-attention was computed into the non-overlapping win-
dows that were created in the partitioning stage for efficient
token interaction modeling. The encoder stage has 4 depth

layers, where with each subsequent depth layer, the feature
sizes of the representations are downsampled by a factor of
2.

The decoder half is built starting from the bottleneck at the
end of the encoder step. Bottleneck output feature repre-
sentations are reshaped to the dimensions of its encoder
counterpart at the same depth layer and fed into a residual
block comprised of two convolutional layers which are nor-
malized by pooling layers. The resolution of the feature
representations is upsampled by a factor of 2. Skip con-
nections are added at each depth layer connecting encoder
components ”skipping” the bottleneck. The skip connection
features are concatenated with the newly created feature
representations and fed into the next residual block a depth
layer above the current layer. The final segmented outputs
are passed through a final convolutional block of size 1x1x1
and a sigmoid activation function.

Figure 4. Swin UNETR architecture followed and created based
on standard work. (Hatamizadeh et al., 2021)

2.4. Implementation Details

The Dice Loss (Equation 1) was utilized as an evaluation
metric for both the training and testing phases. It calcu-
lates the ratio between the intersection and the union of the
segmented and ground truth regions, focusing only on the
segmentation classes and not the background class. In the
equation, y is the true segmentation while p is the predicted
segmentation.

DiceLoss (y, p) = 1− (2yp+ 1)

(y + p+ 1)
(1)

Both models were built using PyTorch and additional
MONAI libraries. The models were trained on NVIDIA
A100 Tensor Core GPUs with a 6-day cap on continuous
training and 6GB of usable GPU memory via the University
of North Carolina Longleaf Computing Cluster. As such,
the UNET model completed 300 epochs of training, while
the Swin UNETR model completed 100 epochs of training.

3. Results & Discussion
Best Dice Score metric results are presented in Table 1.
The scores indicate that the developed models both present
promising results in brain tumor segmentation. For the
UNET model, the best model was achieved in epoch 223.
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For the Swin-UNETR, the best model was achieved in epoch
100. Additionally, Figure 5 and 6 display the loss graphs
and dice score curves for both UNET and Swin-UNETR
models. These curves suggest that with further training Dice
Scores and Loss can be improved upon with greater epochs
of training.

Table 1. Best Dice Score among UNET and Swin-UNETR models

MODEL DICE SCORE LITERATURE VALUE

UNET 0.7506 0.899
SWIN-UNETR 0.7769 0.90

Figure 5. UNET Loss and Dice Score curves.

Figure 6. SWIN-UNETR Loss and Dice Score curves.

The results were further visualized by running segmentation
tasks on sample MRIs. Figures 7 and 8 are the segmented
MRI images from the UNET and Swin-UNETR models
respectively. Overall, both models performed effective seg-
mentations. However, the common trend between both
models was that certain edge definitions or smaller edge
variations would not maintain the specificity depicted in
the label images. It is believed that with further training
epochs, these issues may be resolved over time. Regardless,
the segmented outputs appear to have generalizable positive
impacts for segmenting brain MRI images.

Both methods have significant implications for early brain
tumor detection, which is crucial for effective treatment
and ultimately saving lives. With tumors being one of the
leading causes of mortality worldwide, the model outputs
are critical in detecting and forecasting tumor expansion.
Early detection provides patients with the best chance for
survival and successful treatment. The developed models
help facilitate accurate and effective medical diagnostics
and provide a basis for future research.

Figure 7. UNET Model Segmented MRI images. The first row
features raw inputs of all MRI types (T1, T1CE, T2, FLAIR). The
second row features labels among tumor channels (Enhancing,
Tumor Core, Whole Tumor). The third row features the model’s
predicted segmented outputs.

Figure 8. SWIN-UNETR Segmented MRI images. Moving left to
right, the first image is the raw FLAIR input, the second image is
the expected segmented output, and the third image is the model’s
predicted segmented output.

3.1. Limitations

The development of such models is dependent on the com-
puting hardware that was used. During the development
process, training was initially done on Google Colab TPUs.
However, training times, efficiency and memory usage on
TPUs were capped at 3 hours a session such that a maximum
of 10 epochs of training would be completed within that
timespan. Training shifted to the UNC Longleaf platform,
with a max training session length of 6 days. Given the size
of the UNET and Swin-UNETR models, this allowed for
a limited number of epochs (300 and 100 respectively) to
be trained upon. The number of epochs falls short of other
standard works for this model architecture as well. Future
work will be done looking to optimize training methods and
extend epochs trained.

4. Conclusion
In this paper, UNET and Swin-UNETR GAN Models were
implemented for the task of segmenting brain MRI images.
The data was preprocessed by stacking modalities of the
MRI scan in the NIfTI format to achieve a richer feature rep-
resentation. The work exhibits the benefits possible using
GAN methodologies, and the improvements found when
using Transformer architecture for segmentation tasks. This
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stacking of modalities also facilitated the one-time segmen-
tation tasks across both models. The solutions developed
in this project contribute further to the future development
of accurate segmentation tools for brain tumors, allowing
physicians to develop effective treatment plans for patients
based on tumor regions observed from the accurate segmen-
tations obtained.
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