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Accurate brain segmentation is critical for magnetic resonance imaging (MRI)
analysis pipelines. Machine-learning-based brain MR image segmentation
methods are among the state-of-the-art techniques for this task. Nevertheless,
the segmentations produced by machine learning models often degrade in
the presence of expected domain shifts between the test and train sets
data distributions. These domain shifts are expected due to several factors,
such as scanner hardware and software differences, technology updates, and
differences in MRI acquisition parameters. Domain adaptation (DA) methods
can make machine learning models more resilient to these domain shifts.
This paper proposes a benchmark for investigating DA techniques for brain
MR image segmentation using data collected across sites with scanners
from different vendors (Philips, Siemens, and General Electric). Our work
provides labeled data, publicly available source code for a set of baseline
and DA models, and a benchmark for assessing different brain MR image
segmentation techniques. We applied the proposed benchmark to evaluate
two segmentation tasks: skull-stripping; and white-matter, gray-matter, and
cerebrospinal fluid segmentation, but the benchmark can be extended to
other brain structures. Our main findings during the development of this
benchmark are that there is not a single DA technique that consistently
outperforms others, and hyperparameter tuning and computational times
for these methods still pose a challenge before broader adoption of these
methods in the clinical practice.
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FIGURE 4
Haussdorff distance results (mean + standard deviation) for the skull-stripping segmentation displayed as heatmaps. The main diagonal values in
the heatmaps (B—E) are from the baseline models since the source and the target domains are the same. The cases where the DA model
improved the results compared to the baseline are underlined and the best score each model achieved is shown in bold. (A) Baseline, (B)
fine-tuning last layers, (C) fine-tuning first layers, (D) self-ensembling, (E) unlearning.
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The improvement percentage is the average metric improvement obtained by the DA method in relation to the baseline method and negative values represents that the DA method had worse results comparing to the baseline method. The methods with

highest improvement percentage are highlighted in bold. Rank first, second, and third represent the percentage of cases each DA method was ranked first, second, or third, respectively.
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FIGURE 5

Representative sample skull-stripping segmentation generated
by the baseline models. Rows indicate the source domain which
the model is trained on and columns indicate the target domain
on which the model is tested. The first row from the bottom
indicates the ground truth mask.

and target domain train set (unlabeled data) serves as the
training data for this method. All samples with their respective
predictions take part in the training through consistency
loss. The labeled data also contribute to segmentation loss
when their respective predictions are compared with ground
truth masks.

4.4.5. Unlearning: Adversarial unlearning of
scanner-variant features

Dinsdale et al. (2021) extended the idea of domain
generalization by removing domain-variant features, initially
proposed in Ganin et al. (2016) for classification problems,
to image segmentation problems. Their unlearning method
uses a binary classifier as the domain discriminator attached
to a U-Net model as the segmentation network. By attaching
a discriminative task like domain classification to the main
task (segmentation) and considering an adversarial loss term,
the model is encouraged to learn discriminative features for
the main task and indiscriminative in regards to the domain
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classification task. This leads to feature representations that
are invariant to where the data was collected while still
doing the main segmentation task with minimal performance
loss. They achieved promising segmentation results for brain
tissue segmentation with T1-weighted brain MRIs acquired by
different scanners. We implemented the unlearning method for
both of our segmentation tasks by training a three-part network
consisting of a domain classifier with parameters 6, a feature
extractor with parameters Orepr, and a segmentation network
with parameters 6, which does our main segmentation task
using the features extracted by the feature extractor network.
We used our baseline U-Net model for the feature extractor
and segmentation network. The total loss of the method is
composed of three terms: a term used in the first stage to pre-
train the segmentation task, a term to tune the domain classifier’s
parameters, and a confusion loss term to tune the Orepr in
such a way to remove the domain variant features from the
feature extractor results so it can confuse the domain classifier

in distinguishing from which domain the data come from.

Siemens Philips GE

Ground Truth

GE

Philips Siemens
FIGURE 6

Representative sample skull-stripping segmentation generated
by fine-tuning the last layers of the U-Net. Rows indicate the
source domain which the model is trained on and columns
indicate the target domain on which the model is tested. The
first row from the bottom indicates the ground truth mask.
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We use the Dice score for the segmentation loss, categorical
cross-entropy for the domain classifier loss, and sum of log
losses for the confusion loss. The contribution of the domain
classifier loss and the confusion loss is controlled by weighting
the corresponding loss terms with parameters o and B which
have negative values to make adversarial training possible. This
method can be implemented both as an unsupervised method
using unlabeled target domain data for training the domain
predictor and using only the source labeled data for learning the
segmentation masks, or as a semi-supervised method by using
some labeled target domain data for training the segmentation
network too. We used the semi-supervised approach proposed
by Dinsdale et al. (2021) in this benchmark.

4.5. Implementation details

The benchmark code is implemented in Python 3.6.8, and
PyTorch 1.9.1 is used as the deep learning framework. We

Siemens Philips GE

Ground Truth

GE

Philips Siemens
FIGURE 7

Representative sample skull-stripping segmentation generated
by fine-tuning the first layers of the U-Net. Rows indicate the
source domain which the model is trained on and columns
indicate the target domain on which the model is tested. The
first row from the bottom indicates the ground truth mask.
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trained our models on an NVIDIA Tesla V100 GPU with 16
GB memory. The training times vary based on the method,
segmentation task and domains. For the baseline method, each
epoch takes about 243 s to run. Fine-tuning first layers takes
216 s. For fine-tuning last-layers, it is 227 s, 850 s for the self-
ensembling method, and 450 s for the unlearning method for
skull-stripping segmentation. The same methods for WM, GM,
and CSF fluid segmentation take 304, 203, 180, 923, and 688
s to run per epoch, respectively. To avoid overfitting, we set
an early stopping controller for 25 epochs. All methods are
trained with batch size of 16. The hyperparameters of the fine-
tuning methods and the self-ensembling method are set to the
suggested values proposed in their original publications. We
investigated tuning them, but we did not see improvement in
the DA results. We initially tried employing the hyperparameters
proposed by the authors for the unlearning models, but they
either failed to converge or achieved poor results. For this
reason, we conducted a grid search on the hyperparameters
space (o and ) to optimize the DA capabilities of the models.

Siemens Philips GE

Ground Truth

GE

Philips Siemens
FIGURE 8

Representative sample skull-stripping segmentation generated
by the self-ensembling. Rows indicate the source domain which
the model is trained on and columns indicate the target domain
on which the model is tested. The first row from the bottom
indicates the ground truth mask.
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The grid search was run for all domains for both segmentation
tasks individually on the interval of [5,60] with step size of 5.
The best hyperparameters we found were « = 30 and 8 = 30
for all configurations and segmentation tasks.

4.6. New submissions

Our benchmark, including the implementation of the above
methods and the code to extract the metrics and generate
the ranking of the different methods, is publicly available
on the benchmark repository. Our benchmark accepts new
submissions from independent research groups. A list of
test volumes is provided within the benchmark. Researchers
interested in submitting methods to our benchmark can submit
their predicted segmentation masks for this test data, and
our team will process the results and make an update to
the benchmark leaderboard (https://www.ccdataset.com/brain-
mri-segmentation-playground). Our code repository provides

Siemens Philips GE

Ground Truth

GE

Philips Siemens
FIGURE 9

Representative sample skull-stripping segmentation generated
by unlearning. Rows indicate the source domain which the
model is trained on and columns indicate the target domain on
which the model is tested. The first row from the bottom
indicates the ground truth mask.
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FIGURE 10
Dice coefficient results (mean =+ standard deviation) for the WM, GM, and CSF segmentation displayed as heatmaps. The main diagonal values in
the heatmaps (B—E) are from the baseline models since the source and the target domains are the same. The cases where the DA model
improved the results compared to the baseline are underlined and the best score each model achieved is shown in bold. (A) Baseline, (B)
fine-tuning last layers, (C) fine-tuning first layers, (D) self-ensembling, and (E) unlearning.
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FIGURE 11
Haussdorff distance results (mean =+ standard deviation) for WM, GM, and CSF segmentation displayed as heatmaps. The main diagonal values in
the heatmaps (B—E) are from the baseline models since the source and the target domains are the same. The cases where the DA model
improved the results compared to the baseline are underlined and the best score each model achieved is shown in bold. (A) Baseline, (B)
fine-tuning last layers, (C) fine-tuning first layers, (D) self-ensembling, and (E) unlearning.
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instructions that allow researchers to reproduce the exact
same experimental setup that we use here, thus making the
comparison of new future submissions objective and fair.

5. Results

The Dice coefficient and Hausdorff distance results for
the skull-stripping segmentation problem are summarized in
Figures 3, 4, respectively. The rows in these figures represent
the domain which the model is trained on, and the columns
represent the test domains. By comparing the results of the
baseline Dice score and DA methods, we see that the DA
methods compensate for the domain shift in most scenarios.
For the Dice coefficient metric, the unlearning Dice metric
slightly decreased when compared to the baseline model when
the source domain data are from GE and the target domain
data are from Siemens. For the Hausdorff distance metric,
the fine-tuning last layers models only improved the results
in two out of the six domain configurations, unlearning
improved in five domain configurations, while fine-tuning

GE

# % > ‘§A
R 3:‘?
AC@),— /

Philips

[Dice Score=086
[Hausdortt Distance=3.96|

Dice Score=092

9 Dice Score=0.17
Hausdort Distance=424)

0.7
Hausdortt Distance=429)

Siemens

Ground Truth

GE Philips Siemens
FIGURE 12

Representative sample WM, GM, CSF segmentation generated
by the baseline models. Rows indicate the source domain which
the model is trained on and columns indicate the target domain
on which the model is tested. The first row from the bottom
indicates the ground truth mask.
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first layers and self-ensembling improved the results in all
domain configurations.

The ranking of the DA methods and the percentage of
improvement is depicted in Table 3. The ranking for the Dice
coefficient metric shows that fine-tuning the first layers of
U-Net is more often generating better results and is ranked
first among the DA methods in 50% of cases. Self-ensembling
is the best DA method in 33.33% of cases. The unlearning
method was shown to be the best in 16.67% of the cases, while
fine-tuning the last layers was not ranked first in any of the
domain configurations.

For the Hausdorft distance results, we can see that unlearing
has the greatest percentage of improvement (72.96%) followed
by fine-tuning the first layers (34.08%). The self-ensembling
method showed an improvement of 22.36%. Fine-tuning the last
layers had a negative percentage of improvement (—88.23%).
The unlearning method ranked first in 50% of cases among
all DA methods in terms of improving Hausdorft distance,
followed by the self-ensembling methods, which ranked first in
33.33% of the cases, and then the fine-tuning the first layers
of the U-Net, which was ranked first in 16.67% of the cases.

Siemens Philips GE

Ground Truth

GE

Philips Siemens
FIGURE 13

Representative sample WM, GM, CSF segmentation generated
by fine-tuning the last layers of the U-Net models. Rows indicate
the source domain which the model is trained on and columns
indicate the target domain on which the model is tested. The
first row from the bottom indicates the ground truth mask.
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FIGURE 14

Representative sample WM, GM, CSF segmentation generated
by fine-tuning the first layers of the U-Net models. For the
scenarios where the train and the test domains are the same, we
display the baseline models’ results. Rows indicate the source
domain which the model is trained on and columns indicate the
target domain on which the model is tested. The first row from
the bottom indicates the ground truth mask.
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FIGURE 15

Representative sample WM, GM, CSF segmentation generated
by the self-ensembling models. For the scenarios where the
train and the test domains are the same, we display the baseline
models’ results. Rows indicate the source domain which the
model is trained on and columns indicate the target domain on
which the model is tested. The first row from the bottom
indicates the ground truth mask.

Fine-tuning the last layers of the U-Net has always ranked as
the last method in improving the Hausdorff distance. Sample
segmentations for the baseline, fine-tuning final layers, fine-
tuning first layers, self-ensembling, and unlearning methods are
summarized in Figures 5-9, respectively. In these figures, we can
see clear segmentation failures for the baseline model trained on
GE data and tested on Philips data that all DA methods, except
for fine-tuning last layers, were able to improve.

The Dice coefficient and Hausdorff distance results for
the WM, GM, CSF segmentation problem are summarized in
Figures 10, 11, respectively. The rows in these figures represent
the domain which the model is trained on, and the columns
represent the test domains. Fine-tuning the first layers of U-
Net showed high performance in improving the segmentation
results of the WM, GM, CSF segmentation in terms of Dice
score by being the best method in 50% of domain configuration
cases. The unlearning method ranked first at 83.33% of
scenarios in terms of improving the Hausdorft distance. Sample
segmentations for the baseline, fine-tuning final layers, fine-
tuning first layers, self-ensembling, and unlearning methods are
summarized in Figures 12-16, respectively. These figures show
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segmentation failures for some of the DA methods for some
specific target domain sets.

The DA results are summarized in Table 3. Box-plots
highlighting the Dice coeflicient and Hausdorff distance results
for the skull-stripping and WM, GM, CSF segmentation
problems for the different domains are depicted in Figure 17.

Cause the distribution of the test results are not normal, we
chose a non-parametric statistical test to assess the effectiveness
of DA methods in resolving the domain shift. The Wilcoxon
signed-rank statistical significance test was computed for each
method per segmentation task and per segmentation metric,
leading to a total of 16 test results. In all cases, the differences
were deemed to be significant (p < 0.05). In 14 cases, p < 0.001,
and in the other two p < 0.005.

6. Discussion
6.1. Benchmark

In the present work we addressed the problem of absence
of objective metrics that can compare performance of different

frontiersin.org
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GE

Siemens Philips

Ground Truth

GE Siemens

Philips

FIGURE 16

Representative sample WM, GM, CSF segmentation generated
by the unlearning models. For the scenarios where the train and
the test domains are the same, we display the baseline models’
results. Rows indicate the source domain which the model is
trained on and columns indicate the target domain on which
the model is tested. The first row from the bottom indicates the
ground truth mask.

domain adaptation (DA) techniques. We built a DA benchmark
for MRI brain segmentation using the CC-359 dataset, which
consists of three data domains. The benchmark currently
consists of a baseline model with no DA strategy along with
four DA methods. Three supervised DA methods based on fine-
tuning either the first or last layers of models pre-trained using
source domain data, and another method based on unlearning
domain specific features. One unsupervised DA method that
uses a self-ensembling approach. Our results showed that the
performance of the baseline segmentation model degrades
across domains, and employing DA methods can be used to
improve results. The fine-tuning of the first layers of the baseline
was ranked first in most of the target domain results considering
the Dice score as the evaluation metric, while based on the
Haussdorf distance metric the unlearning method ranks first in
most cases.

Fine-tuning pre-trained models is relatively easy to
implement and fast to run. Fine-tuning also has the advantage
that access to source domain data os not needed.The unlearning
model aims to create scanner-invariant features using an
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iterative training scheme based on domain adaptation
techniques, whilst simultaneously completing the desired
segmentation task. The limitation of these methods is the
necessity of having labeled data in the target domain, which
may not always be available. The self-ensembling DA method
does not require labeled data in the target domain, hence is
more desirable for medical applications. However, it is a more
complex model and slower to train compared to fine-tuning
and unlearning.

The purpose of this benchmark was to provide labeled
data, open source code for a set of baseline models, and
a benchmark for comparing different brain MR image
segmentation techniques. However, we experienced various
difficulties along the way. Most methods we have used in the
paper did have their source code but we had to adapt them
to our dataset. The hyperparameter tuning was also difficult
as our dataset has three domains (GE, Philips, Siemensi) and
two tasks [skull-stripping (SS), WM, GM, CSF segmentation],
which results in training and hyperparameter tuning of 12
different models.

The source code for most of the domain adaptation
methods other than the ones mentioned in our work was
unavailable. The majority of the works’ implementation details
are also insufficient, making the process of writing the code
ourselves significantly more time-consuming. Most techniques
also needed hyperparameter calibration, as details are missing
from the respective papers. We tried many alternative ways in
addition to those described in this study, but the results were
poor for the reasons mentioned. We believe that our work will
greatly enhance the transparency and accessibility of scientific
research in the field of neuroscience. For all of the approaches
discussed in the study, we have kept publicly available data as
well as an up-to-date code repository accessible. We also have a
webpage with all of the information and hyperparameter settings
for smoother navigation of our work.

6.2. Skull-stripping

As Table 3 reports, fine-tuning the first layer of the U-Net
method is often ranked first among the other DA methods
(in 50% of scenarios), followed by the self-ensembling method
(in 33.33% of scenarios) and unlearning method (in 16.67% of
scenarios) while fine-tuning the last layers of U-Net never shows
up as the best method. The greatest percentage of improvements
in terms of both average Dice score and average Haussdorf
distance belongs to the unlearning method.

The lower performance of fine-tuning the last layers of U-
Net could be interpreted as evidence to support the assumption
that the first layers of a model contain more domain-specific
information (Shirokikh et al., 2020) and the last layers are
dealing with higher-level features, almost independent of the
data domain. Therefore, fine-tuning the first layers of the U-Net
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eliminates the effect of having features dependent on the source
domain data distribution and can be used to tune pre-trained
models to the target domain distribution.

6.3. WM, GM, CSF segmentation

WM, GM, CSF Segmentation is a multi-class segmentation
problem and more complex than the skull-stripping problem.
Based on the results, fine-tuning the first layers of U-Net is the
best DA method to resolve the domain shift since it is ranked
first (50% of cases) among all three DA methods, based on the
Dice score. Fine-tuning the last layers of U-Net also improves
the baseline performance, but the improvements are not as
effective as fine-tuning the first layers. Self-ensembling also is
the first ranked method in 33.33% of cases. Considering the
Haussdorf distance metric, the unlearning method has the most
improvement percentage and also is mostly ranked first (83.33%
of cases) among all other methods.

7. Conclusions

In this work, we proposed a benchmark for evaluating
different DA methods for brain MRI segmentation. Our
benchmark and the CC-359 dataset used to develop our method
are publicly available. Therefore, our benchmark can be used by
other researchers for the assessment of novel DA methods. The
benchmark consists of baseline, supervised, and unsupervised
DA methods to cover different possible approaches. We showed
that both supervised and unsupervised DA methods are effective
in addressing the issue of domain shifts. Fine-tuning the first
layers of the U-Net has outperformed the fine-tuning the last
layers, unlearning, and also the self-ensembling method in
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both skull-stripping and WM, GM, and CSF segmentation
regarding the improvements of the dice score. Nevertheless,
the unlearning method has achieved the best improvement in
terms of the Haussdorf distance metric. This finding associated
with difficulties in hyperparameter tuning, long training times of
models, such as unlearning, are an obstacle to practical adoption
of these methods and present an interesting research venue that
has been little explored.

Different segmentation tasks and DA methods can be
added to the benchmark to create a comprehensive platform
for evaluating different brain MRI segmentation methods’
performance, and determining, which methods are more robust
in terms of generalizability across different data domains. Future
research works should aim for adding more DA methods to the
benchmark and developing an ensemble method that can choose
the best DA method for each data domain.
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