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Abstract

Magnetic resonance imaging (MRI) is the central modality for acquiring images of
the brain in biomedical research. Advanced computational pipelines aid researchers
along the way, from initially acquiring MRI to ultimately reaching research conclusions.
The researchers’ interaction with these pipelines impacts the power and validity of
research findings. Software tools can mitigate error and bias, but inadequate analysis
methods can also introduce them. To aid the research community, we propose three
novel methods that make neuroimage analysis more robust and intervene at different
points in the analysis process.

First, we propose a method to track head motion during the MRI acquisition. Motion
artifacts are the most prominent MRI artifacts and are known to cause biased morpho-
metric analysis results. Our measurements allow researchers to reduce this bias by
including head motion in statistical modeling. The method introduces an improved
robust registration approach for depth images acquired by an optical tracking camera,
along with head motion metrics and novel evaluation approaches. Additionally, we
show that the acquired measurements can be used to train a deep-learning model that
estimates the head motion from images alone. Second, we address a major challenge in
the robustness of neuroimaging methods by providing a novel approach for analyzing
lesion-affected scans. We propose a lesion inpainting tool that replaces damaged tissue
with healthy-looking tissue in MRI scans. This tool allows consecutive analyses to run
as if no lesions were present, enabling new analyses on data that would previously
be discarded. It leverages a denoising diffusion probabilistic model (DDPM) com-
bined with a novel inference scheme, allowing for mask-independent, memory-efficient
volumetric inpainting. Finally, we address multiple gaps in current corpus callosum
analysis methods. The corpus callosum (CC) is the central connection between the
brain’s hemispheres and of high interest for research of disease and aging. Previous
work has successfully developed automated tools for CC analysis but has shortcomings
in accuracy, reliability, and performance. To close this gap, we propose a comprehensive
corpus callosum analysis tool that performs segmentation and surface reconstruction
and then derives suitable metrics for statistical modeling. We show that building a
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state-of-the-art analysis method extends far beyond simple volumetric segmentation.
Our method standardizes the head position specifically for unbiased segmentation, then
uses the CC segmentation to derive curvature, length, thickness, and other advanced
CC-specific metrics. The combination of method improvements in every step results in
a method that detects disease effects where they would be missed by previous methods.
We place special attention on the thorough evaluation of the proposed methods, testing
generalization to unseen datasets and diseases. All proposed methods were released to
the research community as open-source tools (on github.com/Deep-MI). The motion-
tracking tools are currently deployed in the Rhineland Study, a large population study
with over 10,000 participants. Furthermore, the general image processing tools are
integrated into the established FastSurfer neuroimage toolbox, allowing the global
research community to seamlessly interface with these novel analysis techniques.
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Chapter 1.

Introduction

1.1. Motivation

Robustness in a software context can be defined as software being "capable of per-
forming without failure under a wide range of conditions" [1]. While robust software
methods are desirable in general, software used in a medical context requires utmost
care in its design, testing, and application to minimize negative effects on patient care
and biomedical research. Specifically, neuroimaging research is experiencing a rapid
growth in available methods, some of which are distributed to the global research
community as readily available analysis tools. When selecting an analysis method,
robustness is a critical but multifaceted criterion. Foremost, robust methods are trust-
worthy and can produce valid results without extensive modification or continuous
validation. Furthermore, more reliable measurements can reveal previously missed
correlations from the same body of measurements. They can also allow researchers to
reach the same conclusions using fewer measurements, which can ultimately lead to
fewer required participants in clinical trials and research studies, reducing research
costs and the burden on medical professionals. Finally, robust methods may be applied
to previously underrepresented groups, like individuals with rare diseases, reducing
selection bias and ultimately improving fairness in medical imaging.

Unfortunately, the diversity of cohorts, MRI scanners, and scan protocols makes
it challenging to evaluate method robustness. Even the most common sources of
error and bias, like image quality and anatomical variation, are challenging to fully
capture in large multi-site datasets. While the high heterogeneity of neuroimaging
data is already a grand challenge, some sources of bias and confounders are specific
to individual brain structures or analysis methods. Therefore, no general solution
to medical imaging robustness can exist, but robustness has to be built into study
design, method development, and analysis individually. In this thesis, we propose
three different approaches to tackle three major challenges in neuroimage robustness,
which, combined with rigorous testing, showcase a general set of paradigms to address
robustness concerns through method innovation.
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Chapter 1. Introduction

Figure 1.1.: Overview of the three challenges addressed in this thesis.

1.2. Objectives

The overarching objective of this work is enabling accurate and reliable brain morphom-
etry based on structural MRI. Three major challenges in common neuroimage pipelines
are:

• Head motion artifacts causing analysis errors and biased morphometry

• Brain lesions biasing or completely preventing automated morphometric analysis

• Hidden analysis errors due to erroneous standardization of the head pose, seg-
mentation errors, and choice of analysis metrics, for example, in the analysis of
the corpus callosum.

This thesis addresses these challenges with methodological improvements while care-
fully selecting appropriate points of intervention in the established neuroimage analysis
workflow.

1.3. Contributions

We propose a suite of methods to address each of the aforementioned challenges:

• Measuring head motion: First, we propose a set of methods to estimate head
motion during the MRI acquisition based on recordings from an in-MRI depth
camera. After extensively validating the method, we use it to train a deep
learning model that predicts average head motion directly from an MR image.
These estimates can be included as a confounder in statistical modeling, provide
automated quality control, and enable further research on strategies to mitigate
head motion.
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Chapter 1. Introduction

• Inpainting brain lesions: To enable processing of brain MRI with large lesions,
e.g., post-surgery or radiotherapy, we develop a general lesion inpainting tool that
replaces damaged tissue with healthy-looking tissue in the MR image. Then we
combine this novel tool with a modified whole-brain segmentation and cortical
surface reconstruction pipeline. Our method results in segmentation accuracy
comparable to lesion-free MRI, despite none of the involved methods being
trained on images with lesions.

• Corpus callosum morphometry: Accurate and unbiased corpus callosum anal-
ysis in structural MRI relies on multiple interdependent factors. First, accurate
standardization of the head pose is critical for choosing an unbiased frame of
reference for later analysis. Second, robust and well-validated segmentation
tools are required for reliable volumetric descriptions. Third, advanced shape
metrics are needed to measure disease-specific changes. Since one or multiple
of these criteria are often overlooked in prior work, we develop a fast, accurate,
and comprehensive corpus callosum morphometry framework, which measures,
for example, corpus callosum sub-regions, curvature, length, and local thickness.
Our tool’s accuracy remains stable in challenging scenarios, finds previously
missed correlations, and addresses shortcomings of prior corpus callosum sub-
segmentation schemes.

In addition to methodological contributions, a notable aspect of our work is the
comprehensive validation performed to ensure that tools are ready to use by the
research community. Where appropriate, we employ datasets unseen during devel-
opment, realistic use cases, and deliberate out-of-distribution testing to rigorously
evaluate a method’s performance. Finally, we release the tools as software packages
(github.com/Deep-MI/), making them directly available to the research community.
The methods, along with their evaluations, are extensively discussed in four publica-
tions:

• Clemens Pollak, David Kügler, Monique M. B. Breteler & Martin Reuter (2023).
"Quantifying MR head motion in the Rhineland Study – A robust method for population
cohorts". NeuroImage, 275, 120176.
DOI: 10.1016/j.neuroimage.2023.120176

• Clemens Pollak, David Kügler, & Martin Reuter (2023). "Estimating head motion
from MR-images". 2023 IEEE 20th International Symposium on Biomedical Imaging
(ISBI), pp. 1-5. IEEE
DOI: 10.1109/ISBI53787.2023.10230717

• Clemens Pollak, David Kügler, Tobias Bauer, Theodor Rüber, & Martin Reuter
(2025). "FastSurfer-LIT: Lesion inpainting tool for whole-brain MRI segmentation with
tumors, cavities, and abnormalities.". Imaging Neuroscience, Volume 3 (2025).
DOI: 10.1162/imag_a_00446
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Chapter 1. Introduction

• Clemens Pollak, Kersten Diers, Santiago Estrada, David Kügler, & Martin Reuter.
"FastSurfer-CC: A robust, accurate, and comprehensive framework for corpus callosum
morphometry". arXiv, currently under review at Imaging Neuroscience.
DOI: arXiv.2511.16471

1.4. Organization

This thesis is divided into the following five sections:

• Chapter 2 presents general background information on neuroimaging studies.

• Chapter 3 presents a summary of our publication "Quantifying MR head motion
in the Rhineland Study – A robust method for population cohorts" [2].

• Chapter 4 presents a summary of our publication "Estimating head motion from
MR-images" [3].

• Chapter 5 presents a summary of our publication "FastSurfer-LIT: Lesion inpaint-
ing tool for whole-brain MRI segmentation with tumors, cavities, and abnormali-
ties" [4].

• Chapter 6 presents a summary of our publication "FastSurfer-CC: A robust, accu-
rate, and comprehensive framework for corpus callosum morphometry" [5].

• Chapter 7 concludes the thesis by discussing the impact of the presented methods
and providing an outlook of potential future directions.
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Chapter 2.

Background

This chapter first outlines the workflow of a typical brain morphometry study, com-
mencing with image acquisition and concluding with statistical analysis to answer the
research question. This introduces key points of vulnerability (sources of error and
bias) that motivate the methodological contributions in the following chapters. It will
also showcase the heterogeneous landscape of neuroimaging data, which outlines the
range of conditions the developed tools need to operate in. The second section of this
chapter presents technical background information about methods, evaluation criteria,
and statistical testing introduced in the later chapters.

2.1. Brain morphometry studies

For simplicity and brevity, we will focus on brain morphometry studies using structural
MRI, e.g., researching whether a diseased population shows structural differences
from a general population. In current studies the setups are frequently more complex,
involving, for example, multiple MRI modalities, genomics, and clinical data about
patient outcomes. Despite this complexity, structural analysis of the brain is the basic
building block for many other more complex analyses. Most steps in this structural
analysis are standardized using established software toolboxes and procedures, which
are utilized in studies across the globe. In Figure 2.1 we divide the process into four
steps. Since this thesis is focused on image analysis, we omit the study planning and
participant recruitment stages and start with (i) MRI acquisition, where the brain is
measured by an MRI scanner, resulting in a 3D image (MRI volume). The next step
(ii) is a preprocessing step, where images in a study population are standardized and
prepared for (iii) feature extraction. The feature extraction step derives morphometrics
from the standardized images. Often neuroimaging toolboxes provide a plethora
of metrics and intermediate outputs, like segmentations and structure sizes, surface
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Chapter 2. Background

Figure 2.1.: Overview of the discussed stages of a structural MRI study.
The MRI photo is courtesy of Wikimedia commons, author Mos.ru, Vantage Atlas MRI scanner from Toshiba, author Mos.ru, CC-BY 4.0

models, and surface thickness. Then in a final step (iv), the researcher confirms
or denies the research hypothesis by selecting appropriate metrics and performing
appropriate statistical tests. In the next sections, we will discuss these steps in more
detail and uncover sources of error, which can propagate to the subsequent stages.

2.1.1. MRI acquisition & reconstruction

This section describes the process of acquiring an MRI scan, from selecting appropriate
imaging protocols to finally saving the MR image for later analysis.

Scan preparation

The MRI acquisition is sometimes understood to be the protocol provided to the MRI
scanner to perform its measurements. A complete view of the image acquisition, how-
ever, starts with the study participant. In most studies participants provide informed
consent, are checked for contraindications, and can then enter the room with the MRI
scanner. Even in these initial stages, interventions can help with MR-image quality.
Children, for example, can receive a brief mock-scan training [6], and claustrophobic
participants can be helped to prepare for the scan with relaxation techniques and
familiarizing themselves with the environment [7]. These interventions can reduce
the scan abortion rate and in-MRI motion of participants. After participants lie down
on a movable scan table and place their head on a recessed pillow, padding can be
applied around the head, and headphones as well as a screen for movies can be set up
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to further increase patient comfort and reduce head motion and the resulting motion
artifacts [8–10]. To measure the head motion during the scan, an external camera [11]
can be positioned on the head coil, which we will discuss extensively in the next
chapter. After the participant is positioned comfortably, the head coils are placed over
the participant’s head, and the MRI technologist will move the table and mark an
anatomical landmark (e.g., chin or sternum) with a laser. Then the patient’s head is
automatically moved to the center of the main magnet, and the MRI scanner can begin
imaging the participant’s brain.

MRI scanner

MRI is the gold standard for structural imaging of the brain. Therefore the MRI scanner
is the central tool for acquiring neuroimaging study data. The largest part of an MRI
scanner is the main magnet. Depending on the scanner, this magnet can have field
strengths ranging from less than 0.01 Tesla (ultra low-field MRI [12]) to more than 11
Tesla (ultra high-field MRI [13]). Most common are scanners with field strengths of 1.5
or 3 Tesla, with higher field strengths generally offering higher fidelity images, and
ultra-low field MRI offering smaller and even portable scan setups – different from
most current studies. The scanner itself is a large source of heterogeneity in multi-site
neuroimaging studies. Scanners from different manufacturers can produce images with
different fidelity and contrast, even when the acquisition parameters are standardized
across scanners [14]. Additionally, image quality can vary over time even using the
same MRI scanner [15], requiring constant quality control for consistent imaging.

MRI modalities

During MR imaging the head coils are turned on and off to excite molecules and
then measure their relaxation time. Depending on the selected MRI protocol, different
molecules are excited, or measurements are taken in different orders or densities.
The MRI protocols are complex instructions for the MRI scanner and can drastically
and subtly vary the MR image. Exciting different molecules gives images a different
contrast, which is considered a distinct MRI modality. For example, fat can appear
bright and water can appear dark (T1-weighted sequence), or both can appear bright (T2-
weighted sequence), or scanners can add a timing pulse to null the signal from normal
free fluid while keeping T2w-contrast (FLuid Attenuated Inversion Recovery, FLAIR).
Other parameters affect the quality and resolution of the resulting image, with longer
sequences usually providing better image quality. Robust MRI sequences are an active
field of research, with many subfields. Even the order of measurements, for example,
affects the robustness of the sequence to motion artifacts [16]. After appropriate MRI

7



Chapter 2. Background

Figure 2.2.: Simulations of strong MRI artifacts for three different artifact types (B-C)
with the original image (A) for comparison.

sequences are selected, the scanner performs calibration and automatically sets the field
of view while supervised by the MRI technologist. Finally, the MRI scanner measures
the participant’s brain by recording the molecule relaxation pulses according to the
selected MRI modality.

MRI reconstruction

The scanner’s measurements result in a (sparse) image in the frequency domain. To
turn the frequency measurements into a (magnitude) grayscale image, the scanner
executes a proprietary reconstruction algorithm. These algorithms can already include
steps that we may originally attribute to the next section of image standardization, e.g.,
reduction of motion artifacts, bias field correction, and up-sampling based on sparse
measurements [17]. After the reconstruction is completed, the original measurements
are discarded along with the imaginary part of the reconstruction. The magnitude MR
image is saved along with metadata and can be processed in hospital PACS (picture
archiving and communication) systems or study databases. Researchers can then access
the images along with metadata to perform image standardization and analysis.

Pitfalls and limitations

Errors during the acquisition most prominently present themselves as MRI artifacts.
The most prevalent type of artifacts are motion artifacts [18] caused by head motion
during the acquisition (see Figure 2.2B). Motion artifacts can consistently alter, e.g.,
estimates of cortical thickness in later analysis [19]. While increasing patient comfort
can significantly reduce head motion, other subconscious movements like respiration

8
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cannot be completely suppressed. Besides head motion, common artifacts are aliasing
artifacts, which occur when the field of view is inaccurate or too small for the head.
Here, out-of-view parts of the head wrap around to the other side of the image (e.g., the
nose appearing at the back of the head). This is challenging to correct for retrospectively
but can be addressed with various MRI sequence modifications, like oversampling,
increasing the field of view, and changing the phase encoding direction. The bias field
is another type of artifact, showing as intensity non-uniformity in the MRI, based on
imperfections in the magnetic field. The bias field is mainly caused by the interaction
of the magnetic field with the head but can also be a sign of poor scanner calibration
or magnet performance. Retrospective correction is, however, a standard tool in many
neuroimaging toolboxes [20–22]. Another major challenge in neuroimaging is the
data heterogeneity. In multicenter studies, participants may be scanned using various
scanners and protocols. Ideally, analysis tools should function independent of the
MRI scanner used to image the participant. Finally, practical considerations, like the
participant’s body size, may amplify errors or cause selection bias. Obese people, for
example, can sometimes not lie in the MRI comfortably or can not enter the scanner at
all – leading to their exclusion. Similar issues can arise for people with claustrophobia
or motion disorders. Ultimately researchers cannot address all errors and biases in brain
MRI studies, but by designing subsequent methods to handle errors and heterogeneity,
we can mitigate their effects.

2.1.2. Image standardization

To reduce the aforementioned data heterogeneity, most feature extraction requires
prior image standardization. Common standardization steps can be divided into six
categories:

• Intensity standardization

• Standardization of head pose

• Standardization of image resolution

• Artifact removal

• Exclusion

• Advanced standardization and harmonization

This list is not exhaustive and specifically does not include highly specific standard-
ization steps, like cropping the image to show a specific structure, since those steps
exploit knowledge about the brain structure and therefore have overlap with the next
stage of feature extraction. Since the general steps in these lists can be skipped and
reordered arbitrarily, depending on the standardization methods of choice, we discuss
each step separately in the following sections.

9
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Intensity normalization

Intensity normalization is the most straightforward step of the standardization stage.
Since most MRI modalities do not provide absolute measurements but define the
contrast between brain regions, the intensity profiles across images can differ drastically.
The goal of intensity normalization is to unify intensity profiles while keeping the
participant-specific contrast differences. For deep-learning methods intensities are
usually expected to be between zero and one or centered around zero with a standard
deviation of one. Traditional tools [23] sometimes scale to 8-bit integer representation
to save computational resources. While a simple scaling is sometimes sufficient, some
voxels may appear extremely bright due to measurement errors. Therefore, a robust
rescaling can provide more uniform intensity profiles. A common approach is to set a
percentile of the highest values to the maximum value of the scaling range and then
scale the other values as before. Other more sophisticated approaches, like scaling the
gray or white matter to predefined intensity ranges, can even introduce meaningful
absolute intensities into standard MRI.

Standardization of head pose

While the MRI technologist likely already adjusted the scan field of view of the scanner
to fit the participant’s head position, this adjustment is often not accurate or reliable
enough for consecutive analyses. Therefore, the head position is often standardized
with registration to a template or, as we propose in Chapter 6, with anatomical land-
marks. Registration-based approaches consider global information for the alignment,
making them potentially robust to local changes. Landmark-based standardization, on
the other hand, can produce unexpected results when landmarks are distorted/missing
in abnormal anatomies, but they offer verifiable, anatomically motivated alignments,
which are crucial for some applications. Often they are also faster than traditional
registration approaches. Changing the head pose in an image standardizes it but also
degrades the image quality due to interpolation artifacts. Therefore, methods that are
robust to changes in head position can avoid the standardization of head pose and
therefore leverage more accurate information. They can also generate intermediate
volumetric outputs (e.g., segmentations) in the desired output space, avoiding interpo-
lation after the feature extraction as well.

Standardization of image resolution

Image interpolation is also frequently used to standardize the image resolution – also
known as down-sampling and up-sampling. In addition to interpolation artifacts, image
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information is discarded when images are of higher resolution than the desired standard
(down-sampling). Methods that can operate on the original resolution can therefore use
more information and produce higher-quality analysis results – making methods that
operate natively on multiple resolutions highly desirable. For deep-learning methods
this was introduced by FastSurferVINN [24] using interpolation layers that standardize
the image resolution only in the latent space of the network. This allows training and
inference on multiple resolutions natively, allowing the networks to learn from high-
and low-resolution data at the same time.

Artifact removal

MRI artifacts are highly specific to the MRI scanner and the participant. Motion
artifacts, for example, are almost universally present in some populations (e.g., chil-
dren [25]), while other, highly compliant, populations exhibit minimal head motion,
which is dominated by respiratory movement and barely visible [3]. Additionally,
the manifestation of motion artifacts is highly dependent on the MRI scanner and
protocol [26], with some sequences specifically being designed to be robust to head
motion or to mitigate its effects [16]. Therefore, retrospective removal of motion artifacts
is challenging, especially without information about the MRI reconstruction. A more
consistent artifact is the scanner’s bias field. The bias field still depends on both the
participant and the scanner, but it typically exhibits a similar pattern, with scanners
of higher field strength generally displaying a stronger bias field. A popular tool for
this task is N4 bias field correction [27], which iteratively deconvolves the intensity
histogram with a Gaussian, remaps the intensities, and spatially smooths the output
using a B-spline model of the bias field. This is based on the assumption that the
low-frequency bias field corruption can be represented by a Gaussian convolution of
the intensity histograms. There are many more types of artifacts (see e.g., [28] for an
overview), with dedicated mitigation and correction strategies, though most of them
are typically addressed during image acquisition and reconstruction and don’t have to
be tackled by researchers retrospectively.

Exclusion

Most MRI studies have multiple stages of quality control, where images are flagged or
excluded. The first check happens directly after the scan, when the MRI technologist
views the image to ensure the scan was completed successfully. At this stage, the
participant can be scanned again – e.g., in case strong motion artifacts are present or
acquisition parameters were incorrect. Prior to image analysis, the MRIs are usually
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reviewed by researchers, who ensure sufficient quality to answer their research ques-
tion. This process can be quite rigorous and can target specific areas, excluding, for
example, participants with brain injury or local artifacts. It can also be mandated to
screen for incidental findings. Finally, intermediate analysis results, like segmentations
and surfaces, can be reviewed along with analysis metrics to ensure that the feature
extraction has succeeded. While all quality control steps are likely to reduce errors, the
second step of rigorous review is the most impactful. Here decisions about inclusion
and exclusion can be made with ample time and with the research question in mind.
Only reviewing analysis outputs may seem compelling, but many methods will crash
or not warn the user and instead produce realistic-looking outputs that have no basis
in valid measurements. Beyond simply excluding problematic cases, researchers can
attempt to recover some data (e.g., by artifact removal or correcting metadata), but this
individual treatment is challenging in large studies.

Advanced standardization and harmonization

Beyond the previously discussed standardization methods, there are more complex
approaches that can further unify datasets for neuroimage analyses. One prominent
example is the image harmonization tool SynthSR [29], which performs contrast
adjustment that can turn other MRI modalities or CT images into synthetic structural
MR images of one millimeter resolution. Harmonization tools generally aim to remove
non-biological variance in MRI, often combining previously discussed standardization
with additional (often learned) adjustments to the appearance of the brain in the MRI.
In Chapter 5 we will introduce an advanced standardization method that focuses on
lesion in-painting. This process replaces damaged areas with healthy-looking areas in
the MRI to enable running tools that usually cannot handle damaged tissue (lesions).
Some advanced standardization and harmonization techniques risk altering biological
variance in the image, which can potentially affect the validity of research findings.
Therefore, thorough evaluation is required.

Pitfalls and limitations

Data standardization is an essential step in current neuroimage analysis pipelines.
Sometimes the choice of standardization is done explicitly by researchers performing
the analysis; other times they are chosen by method developers and directly integrated
with feature extraction. Nonetheless, understanding how the analysis process alters the
image information is crucial. In the prior subsections, we saw that many standardiza-
tion approaches are accompanied by information loss, which can reduce accuracy or
introduce errors and bias in subsequent steps. Additionally, some standardization steps,
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like traditional registration and bias field removal, can add considerable processing
time. Therefore, less standardization is preferable, but only if the following methods
are robust enough to still produce high-quality features for statistical analysis.

2.1.3. Feature extraction

During the feature extraction stage, measurements are taken from the MR image. The
tools at this stage are often highly specific to a structure or even a research question.
Nonetheless, many current structural image feature extraction tools share a set of
similar output formats and paradigms.

Intermediate outputs

Most methods first extract an intermediate output that describes the structure in
question. In whole brain analysis toolboxes the most prominent intermediates are
segmentations of individual structures and surface models, e.g., of the cortical sur-
face [21, 30]. These intermediates can be quality controlled and evaluated with respect
to accuracy, reliability, and robustness. Then metrics like the structure’s volume or
the surface thickness are calculated. Intermediates improve the interpretability and
evaluation of methods but are not available for all markers. Brain age difference [31],
for example, is a popular biomarker that describes the difference between the predicted
age of a participant based on brain MRI and the chronological age. This more abstract
marker can be predicted directly from the image, in which case no intermediates are
present for verification or inspection.

Morphometrics

Researchers seek highly descriptive metrics for statistical evaluation to describe the
brain structure (morphology). A selection of these morphometrics should be able to
answer the research question by summarizing complex structural changes in a small
set of values. A common and straightforward metric is the volume of a structure,
which can often suffice to explain group differences. However, complex brain changes
can be missed by simple volumetric descriptors. Changes in different regions of a
structure can, for example, be associated with different diseases [32]. Additionally,
structural changes in the brain can cause complex pressure changes, causing changes in
a structure’s shape without visible loss of tissue. Therefore, advanced but interpretable
shape descriptors, like thickness or curvature, can be required to capture structural
differences in neuroimaging studies. Ultimately, the choice of metrics is dependent on
the research question, which is why neuroimaging tools and toolboxes offer a wide
range of metrics for researchers to choose from.
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Pitfalls and limitations

The variability among human medical images means that currently no methods can
be applied to any MRI without adjustments. Due to genetic variance or surgery,
entire structures of the brain can be missing or change their positions considerably.
Many of these extreme changes are rare but can be of high interest for research.
Frequently, researchers need to perform rigorous evaluation to gauge whether a method
is applicable to their research question and which level of quality control is required.
When a new method is developed, this evaluation should already be performed for
a set of common (and ideally also some uncommon) scenarios. When intermediate
outputs are generated, for example, these can be compared to manual annotations or
other methods’ outputs. The final metrics can be used to reproduce known effects,
testing whether increased accuracy and reliability lead to lower p-values. Performing
these tests in a realistic environment, using unseen data, allows the research community
to judge whether the method will perform adequately on a dataset found in the wild.
Ideally the method’s generalizability is also tested during evaluation by including,
e.g., disease or MRI protocols that were not part of the original dataset. In cases
where training and evaluation are limited to a single homogeneous dataset, evaluations
could be skewed by valuing accuracy over generalizability – essentially encouraging
overfitting. A detrimental error in the evaluation of methods is data leakage, which
describes generating overly optimistic results by using data in the training process that
is also used during evaluation. Generally errors by the feature extraction method are
more challenging to predict than in previous stages, especially since many tools rely on
deep learning, where interpretability is still an open research question. Nonetheless,
best practices like sanity checking and defensive programming can often raise errors
when they occur and ease the burden of manual quality control.

2.1.4. Statistical testing

While advanced statistical modeling of biomedical data is not a focus of this thesis, it is
a crucial step in neuroimaging analysis. Here researchers combine appropriate features
with appropriate statistical testing to discern the significance of group differences or
longitudinal effects.

Hypothesis-driven analysis

In hypothesis-driven analysis, researchers aim to confirm or deny their research hy-
pothesis, using features specific to the research question – often changes in a specific
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structure or brain region. Often multiple metrics are available that describe slightly
different structural characteristics but are highly correlated. Furthermore, researchers
have to identify confounders of their analysis (like the intracranial volume or age)
and also include them for appropriate statistical modeling. Multiple features can be
included, e.g., using general linear models (GLM) [33], defined as

Y = Xβ + ϵ, (2.1)

where Y is the structural measure, X are the predictors, β represents the effect size,
and is ϵ the residual. In this modeling, however, correlation between measures may
reduce their individual significance. Therefore, it is advisable to carefully select only
the most robust descriptors, thereby maximizing statistical power and interpretability
while mitigating issues of multicollinearity.

Exploratory and mass-univariate analysis

In contrast to hypothesis-driven approaches, exploratory, data-driven analyses do
not restrict the search to a predefined region. Instead, they assess the entire brain
to uncover spatially distributed patterns of atrophy or development. Often mass-
univariate frameworks are used for this purpose. In this approach, general linear
models are applied independently to a large body of measurements, sometimes across
all image voxels or vertices of a cortical surface. While this can allow researchers to
discover new, unexpected correlations, it also drastically increases the chance of false
positives. Therefore, multiple comparison correction methods need to be applied before
interpreting the results.

Pitfalls and limitations

Any type of advanced statistical analysis comes with its pitfalls. One prevalent issue
is "double dipping" [34]. This describes a circular hypothesis-driven analysis, where
data used to select a statistically significant region is subsequently used for the final
statistical testing. Since the noise in the selected region aligns with the selection criteria,
analysis results will be distorted and potentially invalid. Another common set of errors
are assumption violations. Longitudinal modeling, for instance, is another common
type of statistical modeling, where brain changes are observed over time. Here the
GLM can not be used as described above, since the residual errors are not independent.
An appropriate statistical model is, for example, linear mixed effect models (LME) [35],

Y = Xβ + Zu + ϵ, (2.2)
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with the term Zu describing the random effects design matrix and corresponding
random intercept and slope. Overall, appropriate statistical modeling and potential
errors are specific to the research question, but following best practices in study design,
model selection, and validation can avoid most pitfalls.

2.1.5. Contributions in the context of neuroimaging studies

The methods and resulting tools presented in this thesis improve the robustness of
structural neuroimage analysis at carefully chosen intervention points in the presented
study process. The first presented projects around head motion are interlinked with
the scan process. Here, we measure head motion directly at the scanner to provide
a confounding variable for the final statistical analysis step. But we also formulate
the motion estimation task as a feature extraction task, where we predict head motion
during the acquisition from MRI images alone. The second project makes analysis
robust to brain lesions with a novel standardization method and then combines it with
suitable pre-existing feature extraction methods. Making the feature extraction itself
robust may be appealing at first, but the lack of ground truth labels for deep learning
and the requirement to modify every feature extraction tool in a large toolbox make
this approach much less effective. Finally, we combine head pose standardization and
novel feature extraction to derive robust metrics for statistical analysis in our corpus
callosum analysis framework.
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2.2. Technical terms and definitions

This section briefly introduces some core concepts related to the later discussed deep
learning and registration methods, evaluation criteria, and statistical testing. More
detail is provided in the method sections of the corresponding publications.

2.2.1. Deep learning methods

The Convolutional Neural Network (CNN) is a basic neural network architecture,
which uses filter kernels (convolutions) for (image) processing.

The DenseNet [36] builds on the early CNN architecture, which introduces blocks
of densely connected convolutions. Here, one convolution receives the outputs of all
previous convolutions in a block as input. This, among other benefits, addresses the
vanishing gradient problem and allows for training of deeper networks.

Fully Convolutional Neural Network (FCN) [37] architectures use only convolutions
and specifically omit, e.g., fully connected layers often used in standard CNNs. This
architecture uses few parameters for deep models and is expected to focus on local
features.

The U-Net [38] is a type of neural network specifically designed for image segmentation
and is based on FCNs. Inside the U-Net, input data is first down-sampled and later
up-sampled again, typically producing the same size output as was given as input.

The Voxel size Independent Neural Network (VINN) [24] builds on the U-Net archi-
tecture and can natively handle inputs at various image resolutions. This is achieved
by re-sampling images in the latent space of the U-Net to a standard resolution and
then restoring the original resolution prior to output.

Denoising Diffusion Probabilistic Models (DDPM) [39] are methods for image genera-
tion, using an iterative denoising process learned by a neural network. The architecture
is flexible but usually have a U-Net or Transformer [40] component. The core benefit
of the denoising process is preventing regression to the mean during learning and
inference. Instead, the model produces a random walk through the space of possible
data.
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2.2.2. Robust estimators in registration

A straightforward extremum estimator is the Least-Squares (LS) estimator. It mini-
mizes the sum of squared residuals ∑i r2

i , where ri is the i-th residual. This standard
operator is highly sensitive to outliers, as squaring large residuals assigns them a
disproportionately large weight.

Tukey’s biweight function [41], on the other hand, is a robust criterion function.
It is often used for optimization in registration tasks due to its “redescending” property
(see Figure 2.3). Here strong outliers are completely ignored, providing high robustness.
The function is defined as:

ρ(r) =

{
c2

6

(
1 −

[
1 − (r/c)2]3

)
if |r| ≤ c

c2

6 if |r| > c
(2.3)

The Huber function [42] behaves like the standard LS for small residuals but switches
to the robust L1 norm for residuals larger than a threshold c. This maintains high
efficiency for small errors while reducing, but not discarding, outliers. It is formulated
as:

ρ(r) =

{
r2/2 if |r| ≤ c
c|r| − c2/2 if |r| > c

(2.4)

The robust iterative closest point algorithm (robust ICP) [43] incorporates a robust
extremum estimator into the standard ICP algorithm. Instead of finding the trans-
formation that minimizes the sum of squared distances (LS) between matched points
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Figure 2.3.: The behavior of criterion functions Least Squares, Huber, and Tukey’s
Biweight with increasing residuals. The thresholds c are chosen to best
illustrate criterion differences.
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like the standard ICP [44], it minimizes a robust criterion in every iteration. We use
the iterative reweighted least squares to solve the non-linear criteria function ∑ ρ(ri)
efficiently. This method linearizes the problem by reformulating the criterion function
to a weighted least-squares (WLS) problem. In particular, the objective function is
rewritten as EWLS = ∑i wi · r2

i (T), where T is the transformation and wi is the weight
given to the i-th residual. To find the weight wi, use the formula wi =

ψ(ri)
ri

, where
ψ(r) = ρ′(r) is the influence function (see [45]), and ri is the residual from the prior
iteration. This formulation is not only efficient but also allows for straightforward
visualization of weights and therefore influence of outliers, as well as easy intervention
during registration with additional modifications of wi.

2.2.3. Evaluation metrics

There are multiple avenues for evaluating method performance for medical image
analysis. One option is to perform end-to-end analysis on a population with a known
analysis outcome (as described in the previous chapter). If the method finds the
expected significant differences, we can consider the method able to detect the investi-
gated morphological changes. This approach, however, covers only one population per
test and only evaluates performance on already known cases. For more interpretable
analysis on heterogenous data, we compare our methods’ (intermediate) outputs to a
reference standard. This data can be manually or synthetically generated. Depending
on the type of outputs we employ a set of difference metrics, that are introduced below.

Segmentation

The Dice Similarity Coefficient (DSC) [46, 47] measures the overlap of two binary
segmentation masks X, Y:

DSC(X, Y) =
2|X ∩ Y|
|X|+ |Y| , (2.5)

where 1 describes a perfect match and zero indicates no overlap between the masks.

The Hausdorff Distance (HD) measures the maximum distance from a segmenta-
tion boundary in one mask X to the boundary points in the other set Y [48]:

HD(X, Y) = max

{
sup
x∈X

d(x, Y), sup
y∈Y

d(X, y)

}
(2.6)

For more robust estimates we use the 95th percentile (HD95).
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Registration

The Head Pose Difference (HPD), also known as Jenkinson’s RMS Deviation [49]
quantifies the difference between two rigid or affine transformations T1, T2, by first split-
ting the difference T2T−1

1 − I into rotational component A and translational component
t. Then the difference in millimeters can be estimated as an integral over a sphere with
the size of an average head:

HPD(A, t) =

√
1
5

R2Trace(A⊤A) + (t + Axc)⊤(t + Axc). (2.7)

For more details, please refer to the original tech report [49].

Image generation

The Structural Similarity Index Measure (SSIM) is a perceptual metric quantifying
image quality degradation by comparing local patterns of pixel intensities normalized
for luminance and contrast [50]. The SSIM between two images x and y is defined as

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
. (2.8)

An SSIM of 1 is a perfect match of x and y and -1 is the lowest possible score.
Similarly, the Peak Signal-to-Noise Ratio (PSNR) is the ratio between the maximum
possible power of a signal and the power of corrupting noise that affects the image
fidelity [50]:

PSNR(x, y) = 10 · log10

(
M2

MSE(x, y)

)
. (2.9)

The PSNR measures image similarity in decibel (dB). Both metrics capture slightly
different aspects of image similarity. Due to the complex nature of the comparison,
reporting multiple metrics is preferable.

Signal processing

To measure the similarity of two variables (e.g., time series), despite different mean and
variance, we can use Mutual Information (MI):

MI(X; Y) = ∑
y∈Y

∑
x∈X

p(x, y) log
(

p(x, y)
p(x)p(y)

)
(2.10)
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2.2.4. Statistical testing

In addition to statistical medical image analysis (described in the previous section), we
use statistics to test whether our proposed methods significantly outperform state-of-
the-art methods.

The Wilcoxon Signed-Rank Test [51] is a non-parametric paired difference test, suitable
to assess whether higher metrics (e.g., DSC) of one method are significantly higher than
another. Importantly, it does not assume a Gaussian distribution in the input sampled
(like, for example, Student’s t-test). This is important, as variation in medical imaging
and method effects can cause shifted distributions and strong outliers (e.g., in the case
of motion artifacts or disease).

For categorical data in small datasets, Fisher’s exact test [52] is used to determine
method differences. This test is also non-parametric and useful for categorical manual
annotations of method results (e.g., better, worse, equal). When data sizes are larger,
the chi-squared test [53] is preferred.

For comparing the similarity of measurements, instead of their differences, we use
the Intraclass Correlation Coefficient (ICC) [54], specifically measuring the degree of
absolute agreement among measurements (criterion-referenced reliability [55]), which
compares equality, not only correlation. This is especially useful to establish test-retest
reliability of our methods, i.e., whether two MRI scans of the same person yield the
same measurements, despite potential variations in head pose and scan settings and
quality.
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Chapter 3.

Quantifying MR head motion in the
Rhineland Study – A robust method for
population cohorts

This chapter is based on the peer-reviewed publication by Pollak et al. [2], which
addresses error and bias caused by head motion at the first and the final step of the
previously described analysis process. In this paper, we propose a robust registration
method that can measure head movement during MRI acquisition based on depth
images taken by an optical camera. These measurements can be used in statistical
analysis to correct the systematic errors that are caused by head motion [56] or to
further study motion effects.

Quantifying MR head motion in the Rhineland Study – A robust method for
population cohorts.
Authors: Clemens Pollak, David Kügler, Monique M. B. Breteler, and Martin
Reuter.
Published in: NeuroImage, 275, 120176.
DOI: 10.1016/j.neuroimage.2023.120176
Github: Deep-MI/head-motion-tools
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3.1. Summary

3.1.1. Motivation

Statistical analyses of MRI in large cohort studies and clinical trials generally consider
confounding variables and demographic factors. However, they frequently overlook po-
tential confounders associated with MR acquisition, such as discrepancies in sequence,
hardware, or firmware. A prominent confounder of MRI analysis is head motion.
Head motion during the MRI acquisition has been demonstrated to systematically
distort MRI-based neuromorphometric analysis [19, 57–64]. Motion-induced imaging
artifacts can lead to erroneous conclusions regarding diminished gray matter volume
estimates in T1-weighted MRI analysis [19, 60–64], and even persist despite expert
quality control [19, 61]. These motion-induced biases are anticipated to increase with
the implementation of higher-resolution imaging sequences [65] and prolonged scan
durations per sequence. Furthermore, increased head motion is frequently associated
with research variables such as age [62, 66], body mass index (BMI) [67, 68], and various
neurological disorders, including autism [69–71], Parkinson’s [72], Alzheimer’s [73],
and Huntington’s disease [74], which may lead to an under- or overestimation of these
effects.

3.1.2. Contributions

To address the aforementioned challenges, we propose to use an iterative closest point
registration algorithm with a robust criterion function and an additional stabilizer
to dampen movements at the back of the head. We also introduce an aggregated
motion score for precise head tracking and motion quantification during MR acquisition
using a commercially available depth camera. Our registration produces a time series
of head poses (motion trace) by aligning individual point cloud data obtained from
depth video frames to a reference frame. Our approach significantly outperforms
the vendor-provided head tracking technique [11, 75] across three novel assessments:
1. increased similarity with functional MRI motion estimates, 2. greater mutual
information with high-frequency respiratory measurements, and 3. superior correlation
of our motion score with multiple image quality metrics. Additionally, we reproduce
known correlations of motion with age and BMI using the proposed method. Ultimately,
we implement our method in the Rhineland Study [76, 77], marking the inaugural
application of optical tracking in a large population cohort study. Unlike other studies
that focus on datasets with high motion levels, our approach tackles the head tracking
task within a general population cohort marked by low motion levels, requiring
heightened sensitivity and the ability to track hundreds of participants with minimal
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Figure 3.1.: Robust alignment of motion capture (green to red) with a) a reference point
cloud and b) structural MRI (grey to black). Red and yellow areas are
assigned lower weights during robust registration.

intervention. In the Rhineland Study, we further validate our method by confirming
previously known correlations of BMI and age with motion. We also find that head
motion increases over the course of the scan session and that motion measured from
functional MRI (fMRI) acquisitions can serve as a reasonable proxy of motion in adjacent
scans. fMRI-derived head motion can therefore be used as a surrogate control variable
when no dedicated head tracking is available.

3.1.3. Motion tracking pipeline

Up to seven distinct MRI sequences are obtained by the scanner during the one-
hour MRI session in the Rhineland Study protocol [78]. Throughout the session,
simultaneous optical head tracking and respiration tracking are carried out. Head
tracking is facilitated by a depth camera (TracInnovations, Copenhagen, Denmark) [11,
79, 80] mounted on the head coil of the scanner. It records a portion of the participant’s
face during the scan. The captured facial regions are acquired at different intervals,
contain artifacts, and vary based on the head’s size and position, making motion
tracking challenging. To address this, we propose a modified version of the iterative
closest point algorithm [81, 82], where we choose Huber’s function as the most suitable
criterion function and introduce an anatomically motivated stabilizer, which reduces
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motion at the back of the head. Using this registration method, we compute a motion
trace by rigidly registering all point clouds (generated from depth images) to the
manually cleaned reference point cloud (see Figure 3.1 a), providing information on
how much the participant’s head moved during the scan.

After acquiring a series of head poses via registration, we correct for synchronization
errors between the motion camera and the MRI scanner using a novel metric called
motion trace difference, which quantifies the transformation distance between two time
series in an unbiased fashion. For synchronization, we minimize the difference between
scanner-based fMRI motion estimates and motion camera-based estimates by changing
the time difference between MRI and motion camera measurements. Next, we ensure
that the motion estimates are equidistant by resampling the translation vectors and
quaternions [83] of the motion trace, using a sliding window with a triangular weight
function for averaging. The correctly time-stamped, equidistant head poses can then
be summarized in a motion score for each acquired MR image. We propose to use
the average head velocity during the scan and calculate it by calculating the head pose
difference (HPD) between consecutive measurements. HPD is derived by averaging
the displacements within a ball, which represents the head [49]. These displacements
reflect the movement from one pose to another (described by transformation matrices),
essentially weighting translational and rotational components of the transformation
matrices.

3.1.4. Evaluation

Since this is the first publication that extensively validates head motion estimates
derived from an optical in-MRI camera in a large population cohort, we propose several
novel evaluation criteria. These criteria use correlates and other estimates of head
motion to validate our method, since no gold-standard method exists. We propose four
evaluations:

1. Difference to fMRI-based motion estimates: We extend the HPD to compare
series of head poses (motion trace difference, MTD) instead of single time points
by applying our re-sampling and registration to T1w images (see Figure 3.1 b)
and then comparing head poses independent of their reference by considering
every time point as a reference starting point. MTD provides a fair and symmetric
difference measure between our method and reference motion estimates derived
from an established fMRI analysis toolbox (McFLIRT [84]).

2. Mutual information with respiratory measurements: We utilize respiration
information captured during the scan to validate that we can detect respiration
in the head motion estimates derived with our method. For this we sample both
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signals at the same time point, then keep the translational and rotational parts
as separate values to calculate the mutual information with each value to the
respiratory measurements.

3. Correlation with image quality metrics: To see whether the motion estimates
derived with our method show motion relevant to the acquired MRI’s quality, we
use the MRIQC [85] toolbox to extract five quality metrics for T1w MR images.
Then we test the correlation of our motion score for the T1w acquisition with the
quality metrics.

4. Correlation with BMI and age: BMI and age are two well-known correlates of
head motion. We reproduce these known correlations in the Rhineland Study
using motion scores derived by our method.

Overall this evaluation scheme uses accurate low-frequency measurements (fMRI), rela-
tive high-frequency measurements (respiration), image quality, and research variables
to test different aspects of tracking methods, giving reliable assessments of accuracy in
the absence of ground truth measurements.

3.1.5. Results

We use the proposed evaluations to compare our method to the vendor-supplied track-
ing method and a baseline (dummy method). The proposed motion tracking method
outperforms the vendor-supplied method and baseline methods in all evaluations,
indicating superior robustness and accuracy. Additionally, since the optical tracking
method is independent of the scanner, we can, for the first time, directly compare
motion in a one-hour scan session across multiple MR sequences. We observe that
motion increases consistently over time (approximately 29% after 30 minutes of scan
time). This means that the sequences most affected by head motion should be scheduled
first, and the order of sequences in a protocol should remain the same throughout a
study. Furthermore, we find that in the absence of a motion camera, motion estimates
from fMRI can be used to approximate motion during later scans.

3.1.6. Conclusion

In summary, we introduced a fully automatic, extensively validated motion-tracking
pipeline. The tracking tools are available in an open-source repository (github.com/Deep-
MI/head-motion-tools). The optimized registration algorithms allow users to register
point clouds in real time. The tool is currently used in the Rhineland Study, a large
population cohort with over 10,000 participants. Other studies with optical head track-
ing can equally benefit from the tracking and evaluation tools.
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3.2. Author Contributions

In this publication, Clemens Pollak designed the project in collaboration with David
Kügler and Martin Reuter. He further developed and implemented all stages of the
motion tracking pipeline and conducted experiments to validate it. He curated motion
camera data, which was recorded and provided by the Rhineland Study team led by
Monique Breteler, along with curated MRI. Clemens analyzed the motion effects and
method performance. Together with David Kügler and Martin Reuter, Clemens wrote
the first and final drafts, including reviewing and editing, with valuable input from
Monique Breteler. Finally, Clemens deployed the open-source tool.
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Estimating head motion from MR-images

This chapter is based on the peer-reviewed publication by Pollak et al. [3]. It expands
on the previous chapter by predicting a motion score directly from the MRI without
the need for a motion camera.

Estimating head motion from MR-images.
Authors: Clemens Pollak, David Kügler, and Martin Reuter.
Published in: 2023 IEEE 20th International Symposium on Biomedical Imaging
(ISBI), pp. 1-5. IEEE
DOI: 10.1109/ISBI53787.2023.10230717
Github: Deep-MI/head-motion-from-MRI
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4.1. Summary

4.1.1. Motivation

As established in the previous chapter, head motion is a ubiquitous challenge for
magnetic resonance image (MRI) acquisition. It causes a range of image artifacts that
introduce bias in downstream analysis [19, 60–64], which persists despite expert quality
control [19, 61]. Therefore, prior tools that predict expert motion ratings [86–94] cannot
capture all relevant artifacts. This is especially relevant when considering compliant,
healthy participants of the large population studies like the Rhineland Study, where
few cases are found to contain artifacts upon visual inspection. The development of
our motion tracking toolbox now enabled us, for the first time, to estimate an objective
motion score directly from MRI sequences.

4.1.2. Contributions

We proposed a tool that can predict motion scores directly from T1-weighted, T2-
weighted, and FLAIR MR images. For this purpose we present a deep-learning method,
which outperforms DenseNet and state-of-the-art quality/motion estimation methods
on the challenging Rhineland Study dataset. Furthermore, we show that our learning
setup can even detect distinct artifacts of motion from respiration and (relaxation)
drift. Finally, our method detects the significant, known correlation between predicted
motion and age.

4.1.3. Motion estimation pipeline

In our motion prediction pipeline we choose to avoid standardization, since subtle
motion artifacts could be masked by interpolation artifacts. One exception is intensity
normalization—interestingly, here we find that reducing the image to the 8 least signifi-
cant bits in integer representation enhances prediction accuracy, potentially focusing the
network on fine image differences (see Figure 4.1 left). Then, for prediction of motion
scores, we adopt a fully 3D convolutional neural network (CNN) architecture [37].
Instead of directly regressing the motion score, we follow the scheme proposed by
Peng et al. [37] for brain age prediction and use a classifier-style neural network. For
this approach we generously define the expected range of motion and split this range
into 40 bins of "prototypes". The network then predicts the probability that the current
motion score belongs to the prototype. For training we use the Kullback-Leibler loss.
To reconstruct the motion score from the predicted probability distribution, we sum the
product of prototype centers and predictions.
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Figure 4.1.: Interpretability analysis for our motion detection model. On the left is the
preprocessed input MRI; in the middle the intensities are scaled to focus on
the background for reference. On the right we see the results of gradient-
weighted class activation mapping (GRAD-CAM), which seems to show
background artifacts highlighted. Areas highlighted in green support the
predicted class (positive influence), while red areas support other classes
(negative influence), white areas have no strong impact (values close to
zero).

4.1.4. Evaluation

First we validate our choice of architecture by comparing our method to i) the clas-
sical DenseNet [95], ii) the model our architecture is based on, SFCN [37], and iii)
a CNN specifically designed for quality estimation from MRI (MIQA) [93]. We use
the coefficient of determination (R2) and Spearman’s-ρ to test agreement with the
camera-derived scores. Next, we use the same evaluation to compare our method to
existing tools that can estimate head motion from images. First we test four metrics
for motion/quality from the MIQA tool [93], then we test the average edge strength
(AES) [96], which is a known predictor of head motion during structural MRI [96].
For final validation, we verify that our method can detect the same correlations with
BMI and age that we could detect with the camera-derived motion estimates. To
showcase the generalization of our method, we also train it on T2-weighted and FLAIR
MR images, where no method for motion detection exists currently. Finally, we also
test whether our method can be retrained to detect different kinds of movement, like
respiration and slow drifting motion that occurs when neck muscles relax throughout
the scan session.
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4.1.5. Results

Our method outperforms the other retrained architectures and state-of-the-art methods
across the board and can approximate motion camera estimates. Our method achieves
good scores on three different MRI modalities, showing that the method is not specific
to a protocol or acquisition scheme and can be used where currently no other tools
exist. In further unpublished interpretability analysis (see Figure 2.2) we see that the
network indeed seems to focus on motion artifacts with high contrast, typically in
the image background. It is even able to detect the magnitude of respiration or slow
relaxation drift, two movements that cause fundamentally different artifacts in the
scanner. Furthermore, we find significant correlations with BMI and age as expected.
This demonstrates that our method is a suitable replacement for measuring head motion
during the MRI acquisition.

4.1.6. Conclusion

We introduce the first method to predict objective head motion estimates from MR
images. Our method learns the relationship between the complex MRI acquisition
pipeline and the large variety of head movements during the scan and can accurately
predict motion during the scan from an image alone. Furthermore, during application
in the Rhineland Study, we were able to observe that our method perfectly separated
scans that contained visible artifacts from scans without visible artifacts. This showcases
that it is not only a tool for motion detection but also a valuable quality control tool.
A limitation of the current method is that the learned relationship between MRI
acquisition and motion artifacts is highly scanner and protocol specific – therefore,
retraining is likely necessary for unseen scanners and acquisition protocols. To enable
retraining our method and use of our tools with the existing protocols, we release it in
an open-source repository (github.com/Deep-MI/head-motion-from-MRI).

4.2. Author Contributions

In this publication Clemens Pollak designed the project in collaboration with David
Kügler, and Martin Reuter. He further developed and implemented all stages of the
motion estimation method and conducted experiments to validate it. He curated motion
camera data, which was provided by the Rhineland Study team lead by Monique
Breteler, along with curated MR images. Together with David Kügler and Martin
Reuter, Clemens wrote the first and final drafts, including reviewing and editing.
Finally, Clemens deployed the open-source tool.
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Chapter 5.

FastSurfer-LIT: Lesion inpainting tool for
whole-brain MRI segmentation with tumors,
cavities, and abnormalities

This chapter is based on the peer-reviewed publication by Pollak et al. [4] and presents
a novel method for processing structural MRI with damaged brain tissue (brain lesions).
It leverages Diffusion Denoising Probabilistic Models (DDPM) to replace damaged
tissue with healthy tissue. This enables tools that originally are not designed to handle
MRI with damaged tissue, like the established FreeSurfer and FastSurfer toolboxes, to
aid in the analyses of intervention effects, e.g., side effects of surgery or radiotherapy
treatment.

FastSurfer-LIT: Lesion inpainting tool for whole-brain MRI segmentation with
tumors, cavities, and abnormalities.
Authors: Clemens Pollak, David Kügler, Tobias Bauer, Theodor Rüber, and
Martin Reuter.
Published in: Imaging Neuroscience (2025), 3.
DOI: 10.1162/imag_a_00446
Github: Deep-MI/LIT
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Chapter 5. Lesion inpainting tool for whole-brain MRI segmentation

5.1. Summary

5.1.1. Motivation

Tumors, resection cavities, and other lesions can fundamentally alter brain structure
and present as abnormalities in brain MRI. In some cases neuroimaging pipelines like
FreeSurfer [23], FSL [97], or SPM [98] can generate results for images with lesions [99].
None of these tools, however, are developed for or validated on images with lesions.
When the present lesions are large, traditional pipelines and recent deep learning
tools frequently fail catastrophically by either crashing or producing obviously flawed
outputs. Even when standard toolboxes completed without obvious failures, the
measurements on images containing lesions were found to be biased [100]. Meanwhile,
the study of disease effects and the study of intervention (side) effects require analyses
on brain MRI with pathologies. To address this gap, researchers require specialized
tools, which can generate accurate morphometric measurements in the presence of
such pathologies and cavities.

5.1.2. Contributions

We introduced FastSurfer-LIT, a pipeline designed to perform whole-brain segmentation
and surface reconstruction in the presence of small and large lesions, as well as cavities
– while operating across various resolutions, scanners, and lesion types. The lesion
inpainting (LIT) network is the pipeline’s first stage. We propose a novel volumetric
and resolution-independent Denoising Diffusion Probabilistic Model (DDPM) to enable
high-quality inpainting for arbitrary lesion shapes at multiple desired resolutions. This
network architecture can operate on multiple resolutions with high accuracy and allows
inpainting for any size or shape of mask. Additionally, we present an inference scheme
that uses the reverse diffusion process to transmit spatial information. This enables
us to present the first structural MRI inpainting technique that natively operates on
sub-millimeter MRI while maintaining low memory requirements. We integrated the
lesion inpainting tool LIT with FastSurfer (for whole brain segmentation and surface
reconstruction) to create the FastSurfer-LIT neuroimaging pipeline. We also added
post-processing tools to the pipeline to remove abnormal regions from volumetric
and surface statistical analysis, allowing for seamless group analysis that includes
participants with brain lesions.
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Lesion 
Inpainting 
Tool (LIT)

Whole Brain
Segmentation

Surface 
Generation

Figure 5.1.: Overview of the proposed lesion-robust whole-brain analysis pipeline.
The Figure is courtesy of Imaging Neuroscience, authors Pollak et. al [4], CC-BY 4.0

5.1.3. Lesion-robust whole brain analysis pipeline

The proposed whole brain analysis pipeline for MRI with lesions requires a structural
MRI and a lesion mask, which marks the area of damaged tissue (see Figure 5.1). The
pipeline can be divided into three distinct steps:

1. Lesion inpainting: The first and central step of the pipeline is the lesion inpaint-
ing tool. For the inpainting task, we propose a novel, resolution-independent [24]
unconditional DDPM, which is trained unsupervised on a lesion-free, structural
MRI. Then we modified the DDPM inference by keeping the area outside of the
lesion mask fixed (but with an appropriate noise level), essentially guiding the
network to generate an anatomically plausible healthy patch of tissue. Addition-
ally, we expand the memory-intensive 2D U-Net architecture to volumetric data
by training three view-specific 2D networks (for axial, coronal, and sagittal MRI
slices). Then we apply the networks in an alternating fashion, which generates
spatially consistent 3D images with minimal additional computational cost. We
combine this technique with multi-channel 2D networks (2.5D). These networks
process a rotating set of image slabs, which further disseminates spatial informa-
tion and image generation artifacts.

2. Whole brain segmentation: For whole brain segmentation we use the pre-
trained FastSurfer whole brain segmentation network [21, 24]. To ensure high
segmentation quality, our in-painting method is trained on the same data as
the segmentation network, which means it generates data that is close to the
training distribution. After segmentation, resulting statistics from the whole brain
segmentation are adjusted for the lesion and exclude inpainted areas.

3. Cortical surface reconstruction: Similar to the previous step, we use FastSurfer’s
cortical surface reconstruction pipeline. Then, after surfaces are reconstructed, we

34



Chapter 5. Lesion inpainting tool for whole-brain MRI segmentation

map the lesion mask onto the cortical surface maps. These surface labels are then
used to exclude lesion-affected areas from analysis of cortical folds or thickness.
Since these regions can be excluded on a participant level, group-level statistics
can still be generated for a complete cortical surface model.

5.1.4. Evaluation

We compare our tool with two recent methods capable of lesion inpainting: SynthSR [29]
and VBG (Virtual Brain Grafting) [99]. To demonstrate that our approach is a general
standardization approach to enable processing of lesion-affected MRI, we do not only
use FastSurfer for segmentation and surface reconstruction but also replace it with
FreeSurfer in all methods and repeat the evaluations. For direct comparison, we
generate two evaluation datasets: i) A dataset of glioblastoma computationally grown
in healthy brain MRI [101] and ii) multiple sclerosis lesions transferred from patients
onto healthy MRI via registration. This procedure provides us with pairs of healthy
and artificially diseased images, where we can use the segmentations of healthy brains
as a reference standard. During data processing, we also track runtimes, crashes, and
surface reconstruction errors. Using real clinical samples, we evaluate the test-retest
reliability of cortical surfaces before and after temporo-mesial resection surgery and
also perform a blinded comparison study with experts rating the segmentation quality
based on different inpainting methods. This clinical dataset is highly heterogenous and
includes 14 different types of brain lesions.

5.1.5. Results

Our method significantly outperforms others, using either FreeSurfer or FastSurfer as
segmentation module. Notably, this is true for medium to large lesions (glioblastoma)
and small lesions (multiple sclerosis) with very different distribution patterns. Our
method also outperforms the state-of-the-art (VBG) in cortical surface reconstruction
reliability. One likely reason for this is that our method uniquely ensures that the areas
outside the lesion mask remain unaltered during the inpainting process. Finally, we
observe no crashes or other failures when running our method and see that it is much
faster than the state-of-the-art (roughly a two-hour speedup on a desktop machine).
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Figure 5.2.: Qualitative comparison of inpainting results for a case with simulated
multiple sclerosis lesions.

5.1.6. Conclusion

In this work, we introduce FastSurfer-LIT, a whole-brain segmentation and surface
reconstruction pipeline for structural MRI with lesions and cavities. Besides leaving
areas outside of the specified lesion mask unchanged, our learned brain model also
allows LIT to generate tissue that is completely individualized to the target brain,
leading to more plausible inpaintings compared to template-based approaches. With
these contributions, we hope to accelerate research on the impact of interventions
and disease (e.g., radiotherapy, surgery) on overall brain health. FastSurfer-LIT could
grant new insights into cortical reorganization [102], with higher resolution data, more
accurate cortical reconstruction, and the ability to exclude only the lesion area, instead
of limiting the analysis to areas where all patients are lesion-free. Besides accelerating
and improving research, this work can also contribute to fairness and accessibility of
personalized medicine (e.g., personalized structural connectomics [103]), which can
be made available for individuals with abnormal brain structures. Since LIT can run
independently from the downstream segmentation or surface reconstruction steps
of the pipeline, it can easily be combined with other neuroimaging tools. In our
evaluation, we focus on segmentation and surface reconstruction with challenging data.
We expect LIT to also enable use of other neuroimage analysis software with lesions,
such as structural sub-segmentation [104, 105] or subject-to-subject and subject-to-atlas
registration (previously demonstrated by SynthSR [29, 106]). Therefore, we release both
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a standalone version of the tool (github.com/Deep-MI/LIT) and an integration into the
FastSurfer toolbox (github.com/Deep-MI/FastSurfer).

5.2. Author Contributions

In this publication Clemens Pollak designed the project in collaboration with David
Kügler, and Martin Reuter. He further developed and implemented all stages of the
lesion inpainting method and the FastSurfer-LIT pipeline and conducted experiments
to validate them. Tobias Bauer and Theodor Rüber provided the data for evaluation
from the Center for Epileptology at the university clinic in Bonn, along with valuable
insight regarding the clinical application of the tool. Together with David Kügler and
Martin Reuter, Clemens wrote the first and final drafts, including reviewing and editing.
Finally, Clemens deployed the open-source tool.
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Chapter 6.

FastSurfer-CC: A robust, accurate and
comprehensive framework for corpus
callosum morphometry

This chapter is based on the research paper by Pollak et al. [5] currently under review
at Imaging Neuroscience. The work introduces a comprehensive corpus callosum
morphometry framework that includes localization of landmarks, rapid standardization
of the head pose, segmentation, surface reconstruction, and shape analysis. FastSurfer-
CC outperforms existing specialized tools across the individual tasks and reveals
statistically significant differences between Huntington’s disease patients and healthy
controls that are not detected by the current state-of-the-art.

FastSurfer-CC: A robust, accurate, and comprehensive framework for corpus
callosum morphometry.
Authors: Clemens Pollak, Kersten Diers, Santiago Estrada, David Kügler, and
Martin Reuter.
Published in: arXiv, under review
DOI: arXiv.2511.16471
Github: Deep-MI/FastSurfer
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Chapter 6. A robust, accurate and comprehensive framework for corpus callosum morphometry

Figure 6.1.: Change of corpus callosum thickness between a group and controls and
Huntington’s disease patients, displayed on a template CC mesh.

6.0.1. Motivation

The corpus callosum is the largest commissure in the human brain. It connects the brain
hemispheres, which makes it a central focus in research on aging and neurological
diseases, like epilepsy [107], autism [108], schizophrenia [109], multiple sclerosis [110],
cerebral palsy [111], Parkinson’s disease [112], bipolar disorder [113], and Alzheimer’s
disease [114]. Additionally, it is a target for therapies like deep brain stimulation [115]
and is a central biomarker in clinical trials on remyelination therapies [116]. Even
though just the size of the corpus callosum serves as a valuable biomarker, atrophy in
particular regions correlates with various diseases and is of extensive research interest.
Consequently, local sub-segment areas and thickness variations throughout the corpus
callosum are significant morphometric factors. Although corpus callosum segmentation
has been studied extensively, there aren’t many publicly accessible tools that offer a
comprehensive, automated analysis pipeline. We identify five steps that are required
for robust and accurate CC analysis:

1. Find the mid-sagittal plane: The lack of clear CC boundaries in the lateral
direction motivates finding an accurate mid-sagittal plane and is often addressed
by segmenting the CC in mid-sagittal slices of the brain within a pre-defined
width [23, 117, 118]. Accurately determining mid-sagittal slices independently
of the image slicing direction is crucial, as the shape, thickness, and area of the
corpus callosum can vary significantly based on the position and orientation of
the chosen mid-sagittal plane.

2. Localize the anterior and posterior commissures: The anterior and posterior
commissures (AC & PC) are neuroanatomical landmarks used for localization
of neuroanatomical structures during deep brain stimulation (DBS), stereotactic
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and functional surgery [119], the definition of corpus callosum subsegments [120].
Their relative position is also a useful biomarker [121]. Here, they are required
for multiple tasks: i) standardizing the head position in the remaining direction
(nodding), ii) finding the corpus callosum end-points, and iii) estimating the CC
location in the mid-sagittal slice as initialization for the segmentation task.

3. Segment CC and fornix: Segmenting the CC is at the core of most CC analysis
pipelines. In midsagittal slices the CC is bright with high contrast to most
surrounding structures. The fornix, however, frequently sits right below the CC
and also appears as bright white matter in structural MRI. Previous tools [20, 117]
struggled to differentiate the fornix and corpus callosum when they appear close
to each other or touch. Therefore, we also include the fornix in this segmentation
task.

4. Derive morphometric estimates: Advanced shape metrics can show changes in a
more sensitive and interpretable way than simple area estimates. They also allow
researchers to quantify local morphological changes, important to the understand-
ing of aging and degenerative diseases. Therefore, deriving corpus callosum
length, curvature, and thickness is a central part of the pipeline (illustrated in
Figure 6.1).

5. Subdivide the CC: Finally, corpus callosum subdivision is a common task in neu-
roimage analysis, with a plethora of existing subdivision schemes for researchers
to choose from. We observe, however, that individual variance in CC shape can
introduce inconsistencies when performing subdivision with currently established
schemes.

6.0.2. Contributions

Researchers who investigate corpus callosum changes in aging, disease, and interven-
tion studies require an accurate tool for deriving markers of corpus callosum thickness,
shape, area, and volume. Our framework, FastSurfer-CC, not only addresses all five
sub-tasks in an open-source framework but also improves upon the existing approaches
in every step. FastSurfer-CC:

1. Precisely determines the ideal midsagittal plane for corpus callosum examination.
2. Performs better than current specialized tools in segmenting the corpus callosum

and fornix, as well as localizing the anterior and posterior commissures.
3. Demonstrates superior robustness and accuracy on challenging cases compared

to other methods.
4. Presents new, reliable metrics for the length and curvature of the corpus callosum.
5. Provides efficient, precise, and robust thickness estimation along the corpus

callosum.
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6. Incorporates a novel shape-aware subdivision technique that works with existing
schemes.

This integrated approach not only reduces processing inefficiencies but also ensures
concerns of robustness and accuracy can be addressed with a holistic view. Overall,
FastSurfer-CC is a fast, robust, accurate, and comprehensive tool for advanced corpus
callosum morphometry.

6.0.3. Overview of the corpus callosum morphometry pipeline

Our pipeline is integrated with the FastSurfer whole-brain analysis toolbox. There-
fore, we can use FastSurfer’s whole brain segmentation as a prior for estimating the
mid-sagittal plane. Taking the centroids of all structures and registering them to a
symmetrical template segmentation reliably aligns the head to an upright position, with
the CC accurately divided along its left-right symmetry axis. This position also reveals
the anterior and posterior commissures in mid-sagittal slices. To localize AC & PC, we
use a 2D DenseNet [122], which is trained to predict coordinates. We use the Yuki [123]
tool to generate a large corpus of pre-training data and then fine-tune the network
with manual annotations. Next, we use the AC & PC locations to roughly estimate
the CC location and use cropped mid-sagittal slabs to train a 2.5D VINN (Voxel-size
Independent Neural Network [24]) U-Net to segment CC and fornix based on manual
labels. Then we apply the marching squares algorithm to create contours and triangle
meshes from the CC segmentations, essentially removing the further analysis from
the image voxel grid. Central to our measurement approach is the CC midline, which
is generated by solving the Laplace equation with a positive and a negative charge
at the opposing inferior and superior boundaries. The length and curvature of the
midline describe the length and curvature of the CC. We can also derive CC thickness
estimates by rotating the Laplace gradients and measuring equally spaced level sets
along the midline. This procedure provides a thickness profile with a user-defined
resolution and allows comparison and tracking of local thickness changes. Finally, we
also use the midline to introduce a novel sub-segmentation approach that cuts the
CC into user-defined sub-segments. This geometry-informed approach is more robust
to individual CC variance than previous approaches, which used a global direction
for subdivision. In addition to our proposed pipeline, we also implement previously
introduced and validated CC metrics (CC index [124] and CC circularity [125]), as well
as five previously proposed subdivision schemes [23, 120, 126–128]. These additional
features allow researchers to reproduce previous findings with our pipeline.
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Figure 6.2.: Comparison of local CC thickness estimation for our method (FastSurfer-
CC) and the previous state-of-the-art. Shown are significance (p-values) for
a group comparison between Huntington’s disease patients and controls
(adapted from [5]). While the methods agree in the area of highest signifi-
cance (arrows), FastSurfer-CC finds more significant regions, with overall
higher significance.

6.0.4. Evaluation

For the tasks of mid-sagittal plane detection, AC & PC localization, and CC & fornix
segmentation tasks of our pipeline, we individually choose state-of-the-art methods
for comparison and perform separate evaluations. Then we compare the sensitivity of
our pipeline to the overall state-of-the-art in CC analysis with our method in a realistic
research scenario. Following, we briefly list the task-specific evaluation methods. First,
we compare the midsagittal planes generated by four methods in a blind manual
comparison. For this, we use a dedicated rating tool, developed to compare mid-sagittal
planes with respect to CC symmetry. Next, we compare our localization method to
two other methods for localization of anterior and posterior commissures. We pay
special attention to method robustness by using a randomly sampled test set and a
more challenging test set (consisting of cases that were difficult to annotate manually).
The same paradigm is also used for the evaluation of the segmentation network, which
is compared to two dedicated CC segmentation methods (CCSeg [117], Yuki [118]),
one method that also segments CC and fornix (FreeSurfer’s mri_cc [30]), as well as
two fornix segmentation methods (SCLimbic [129], OSHy-X [130]). Finally, we use
both CCSeg and our method to determine CC group differences between Huntington’s
disease patients and controls.

6.0.5. Results

Our method outperforms the dedicated method for all evaluated sub-tasks. While the
performance of some other methods drastically decreases for challenging cases, our
method’s performance remains stable. Furthermore, our CC analysis pipeline is more
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sensitive than the previous state-of-the-art CCSeg in the chosen group comparison. Our
method reveals group differences missed by CCSeg in the comparison of Huntington’s
disease patients and controls – both in aggregate metrics and local area and thickness
changes (see Figure 6.2).

6.0.6. Conclusion

We propose a fast, robust, and accurate framework for corpus callosum morphometry.
We have validated its components individually in a realistic group comparison scenario.
Our evaluation is specifically designed to consider performance on challenging cases,
which include brain lesions, strong atrophy, and artifacts, all of which were unseen dur-
ing training. Furthermore, our method offers improved sub-segmentation approaches
and additional downstream metrics, making it more comprehensive than previous
tools. In addition to corpus callosum analysis, our framework facilitates head pose
normalization, offering a rapid alternative to rigid template registration and serving
as an initialization for other affine or non-linear registration tasks. The alignment
requires mere seconds, enabling its use for preprocessing extensive datasets and its
applicability in real-time applications. Our enhancements offer researchers a highly
sensitive, innovative tool to investigate and assess changes in CC morphology related
to disease and aging. FastSurfer-CC is available as part of the open-source FastSurfer
toolbox (github.com/DeepMI/FastSurfer).

6.1. Author Contributions

In this publication Clemens Pollak designed the project in collaboration with David
Kügler, and Martin Reuter. He further developed the corpus callosum analysis method,
with support from Martin Reuter for shape analysis. Kersten Diers, Santiago Estrada,
and David Kügler supported the project with data annotation and data curation. They
also provided valuable insight and suggestions in the preparation of the manuscript.
Together with David Kügler and Martin Reuter, Clemens wrote the first and final drafts,
including reviewing and editing. Finally, Clemens deployed the open-source tool and
incorporated it into the FastSurfer toolbox with support from David Kügler.
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Chapter 7.

Summary and Outlook

This thesis presents three distinct approaches aimed at enhancing the robustness of neu-
roimaging pipelines through method innovation. The three main targets are i) reducing
the negative effects of head motion, ii) brain lesions, and iii) measurement errors during
CC analysis. We also scrutinize the robustness and generalizability of the methods we
develop and thereby mitigate errors that are introduced by competing methods, like
registration errors due to optical camera artifacts, slicing artifacts in DDPM generation,
out-of-distribution errors in CC segmentation methods, and many more. Considering
these additional sources of error is of utmost importance in method development for
neuroimaging pipelines, as biomedical research depends on accurate and robust tools
to deliver unbiased research results. To provide robust and accurate research tools, we
have combined a large toolbox of methods, including deep learning (FCN, DenseNet,
VINN, DDPM), registration (SVD, robust ICP, McFLIRT, etc.; HPD/RMSD), mesh-based
shape analysis (Laplace, geometric), statistics (LME, ICC, R2, etc.), and visualization
(point-cloud series, 2D/3D statistical analysis, segmentation, etc.).

With the proposed methods, we have also outlined general intervention points for
the standard structural image analysis pipeline: image acquisition, standardization,
and feature extraction. Improving the accuracy and robustness of feature extraction
directly is often preferable to adding additional preprocessing steps because it does
not introduce additional complexity and reduces the analysis runtime. In many cases,
however (e.g., clinical cases with large lesions), such improvements are stifled by
the absence of high-quality training data for deep learning methods. Additionally,
good standardization approaches can improve a plethora of existing methods, while
modifying feature extraction is usually done one method at a time. In other areas, like
head motion, the effects on modern pipelines are currently not well researched and
need to be established before developing more specific mitigation strategies. These
examples showcase that choosing the point of intervention is a critical first step in
neuroimage method development – and highly dependent on the error at hand. We
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hope that the range of approaches in this thesis can provide multiple blueprints for
approaching errors in neuroimaging pipelines from a method perspective.

All presented methods are available as open-source pipelines. Therefore, they offer
direct access to more robust and accurate analysis for the research community. The
motion-tracking tool is currently used [78] in the Rheinland Study, a large population
cohort with over 10,000 participants. The lesion inpainting and corpus callosum analysis
tools are integrated into the established FastSurfer toolbox for comprehensive structural
neuroimage analysis. Following, we summarize the thesis contributions in more detail.

7.1. Head motion

The first major contribution of this thesis centers on the development of a robust
framework for head motion quantification. We propose a registration method that
leverages a commercially available depth camera to deliver precise head pose estimates
during the MR acquisition. These estimates are then aggregated into a comprehensive
motion score per image. Our method outperforms the vendor-supplied registration
method, as evidenced by increased agreement with functional MRI-based motion
estimates, higher mutual information with high-frequency respiratory traces, and
superior correlation with a range of image quality metrics. Our method is used in
the Rhineland Study, a large-scale population cohort characterized by low average
motion, thereby necessitating high sensitivity and minimal intervention for effective
tracking. This marks the first deployment of markerless motion tracking in a large
cohort study. With the publication and open-sourcing of our novel evaluation criteria,
in combination with the proposed tracking algorithm, we hope that markerless motion
tracking technology can become more approachable for researchers in the community.

7.2. Whole-brain analysis in the presence of lesions

The second major contribution tackles the challenge of MRI analysis in the presence
of structural abnormalities, like brain lesions and surgical cavities. We address this
challenge by introducing FastSurfer-LIT, a pipeline for whole-brain segmentation and
surface reconstruction that explicitly accommodates the presence of both small and
large lesions, as well as complex anatomical variations, across a wide range of MRI
resolutions and scanner types. At the core of the framework is a novel, volumetric,
and resolution-independent denoising diffusion probabilistic model designed for high-
fidelity lesion inpainting. This model enables accurate reconstruction of arbitrarily
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shaped lesions at multiple resolutions. It considers information present in the 3D MRI
space while keeping memory requirements comparable to 2D inpainting approaches.
We show that the proposed inpainting leads to more accurate and more reliable
segmentations and cortical reconstructions than previous state-of-the-art inpainting
approaches – while also being faster. Beyond the presented application of inpainting
for whole brain segmentation and cortical surface reconstruction, the method can also
be applied to any other task currently inhibited by the presence of brain lesions or
cavities.

7.3. Robust corpus callosum analysis

The third major contribution is the development and validation of FastSurfer-CC, a
comprehensive open-source framework for corpus callosum morphometry. Unlike
existing methods, FastSurfer-CC integrates all common sub-tasks into a unified, robust,
and efficient pipeline, while also outperforming specialized tools. It i) accurately
determines the optimal mid-sagittal plane for corpus callosum analysis, ii) outperforms
specialized tools in the localization of the anterior and posterior commissures, as well
as in the segmentation of the corpus callosum and fornix, iii) demonstrates superior
robustness and accuracy in challenging anatomical cases, iv) introduces novel and
reliable metrics for corpus callosum length and curvature, v) enables rapid and precise
thickness estimation along the entire corpus callosum, and vi) implements a novel
shape-aware subdivision approach that is compatible with previously established
morphometric schemes. We specifically tested the method on unseen datasets using
cases with lesions and cavities to assess the generalization of our deep-learning-based
approach. In addition to rapid corpus callosum analysis within FastSurfer’s whole-
brain segmentation pipeline, the tool also provides anatomically driven standardization
of the head, serving as an effective preprocessing stage for subsequent analysis.

7.4. Future work

Our contributions open up research avenues for the development of new methods or
improvements of existing tools. First, the proposed motion tracking tool can supply new
insights into how study participants move in the scanner. This data is a valuable research
target, as it can supplement existing motion studies on gait and tremor in the Rhineland
Study with head motion during rest. Additionally, the scanner-external measurement
of head motion can be applied to any MRI acquisition – allowing researchers to quantify
how head motion affects the image quality and downstream estimates of fMRI, T1w,
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T2w, FLAIR, and diffusion MRI sequences. A crucial challenge for this future work is
mapping the head position during the acquisition to a single MRI measurement point.
With a highly accurate synchronization and exchange of scanner information, we could
predict the impact on image quality – which is, for example, higher when the head
position differs a lot between low-frequency scanner measurements [26]. Even without
accurate measurement of head motion, our modeling on quantifying head motion
could provide a useful framework for quality estimation tools. Recent work [131], for
example, is building on ideas proposed for our motion score and motion estimation
network, but instead of using real motion traces, simulated motion is used to induce
a large variety of artifacts that may be related to any acquisition sequence. With this
scheme it may be possible to learn a measure of frequency space perturbation that
generalizes across scanners and sequences.

Our proposed lesion inpainting tool also enables a plethora of new research avenues.
With this tool researchers can now quantify the effects of radiotherapy treatment
or brain surgery on the undamaged parts of the brain, empowering research on
interventions with fewer side effects. Since the lesion in-painting tool is a general
approach, this analysis is not limited to whole-brain segmentation and cortical surface
reconstruction but could also be applied and validated with other pipelines, like
voxel-based morphometry. Since the tool is completely independent of the area that
shall be inpainted, it could also be used to replace other abnormalities, like local
scanner artifacts. Re-training and expanding the tool to new modalities and cohorts
is straightforward, since only raw MRI volumes are needed for the unsupervised
training. A limitation of the in-painting approach in general is the need for a prior
lesion segmentation. To generate lesion masks automatically, the method could be
combined with an anomaly detection approach, some of which are also based on
DDPMs trained on healthy data [132].

Finally, the corpus callosum morphometry tool could be adapted for the analysis of
other tubular structures in the brain, like the fornix, the brainstem, ventricles, optical
nerve, or arteries. Here we could similarly apply the proposed thickness, curvature,
and length metrics with local components and apply localization and segmentation
strategies for robust feature extraction. With our CC tool, we have shown that well-
designed deep learning tools have remarkable generalization capabilities. To directly
improve existing tools, we could incorporate our rapid, anatomically motivated head-
pose standardization into existing toolboxes. Currently slow registration (e.g., with a
Talairach template) is frequently required as an initial processing step. Since many of
the template brains already follow the same anatomical alignment convention as our
method, this procedure could be a drop-in replacement, potentially improving existing
methods’ speed and robustness.
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7.5. Conclusion

Overall, this thesis proposes three distinct and comprehensive frameworks for address-
ing robustness concerns in neuroimaging pipelines. In each framework we introduce
new methodological approaches touching the areas of registration, 3D time-series data,
3D diffusion denoising probabilistic models, segmentation, localization, robustness
testing in neuroimaging, and robust shape analysis. The proposed tools will have a
direct impact on the accuracy and robustness of brain analyses, as they are incorporated
in the Rhineland Study or tightly integrated in FastSurfer, a widely used open-source
toolbox for structural MRI analysis.
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Head motion during MR acquisition reduces image quality and has been shown to bias neuromorphometric anal- 

ysis. The quantification of head motion, therefore, has both neuroscientific as well as clinical applications, for 

example, to control for motion in statistical analyses of brain morphology, or as a variable of interest in neuro- 

logical studies. The accuracy of markerless optical head tracking, however, is largely unexplored. Furthermore, 

no quantitative analysis of head motion in a general, mostly healthy population cohort exists thus far. In this 

work, we present a robust registration method for the alignment of depth camera data that sensitively estimates 

even small head movements of compliant participants. Our method outperforms the vendor-supplied method in 

three validation experiments: 1. similarity to fMRI motion traces as a low-frequency reference, 2. recovery of 

the independently acquired breathing signal as a high-frequency reference, and 3. correlation with image-based 

quality metrics in structural T1-weighted MRI. In addition to the core algorithm, we establish an analysis pipeline 

that computes average motion scores per time interval or per sequence for inclusion in downstream analyses. We 

apply the pipeline in the Rhineland Study, a large population cohort study, where we replicate age and body mass 

index (BMI) as motion correlates and show that head motion significantly increases over the duration of the scan 

session. We observe weak, yet significant interactions between this within-session increase and age, BMI, and sex. 

High correlations between fMRI and camera-based motion scores of proceeding sequences further suggest that 

fMRI motion estimates can be used as a surrogate score in the absence of better measures to control for motion 

in statistical analyses. 

1. Introduction 

Magnetic resonance imaging (MRI) of the brain is recognized as the 

gold-standard for in-vivo analysis of the central nervous system, its or- 

ganisation, function, and diagnosis. The advent of high-quality struc- 

tural 3D MR acquisition and sensitive software tools for its morphomet- 

ric analysis have enabled accurate quantification of subtle neuroanatom- 

ical changes (Fischl, 2012 ; Henschel et al., 2022 ; Jenkinson et al., 

2012 ; Reuter et al., 2012) , e.g. in large cohort studies and clini- 

cal trials. While these neuromorphometric association studies com- 

monly control for confounding variables and demographics, they fre- 

quently omit potential confounders of the MR acquisition (such as se- 

quence, hardware, or firmware differences). This is especially prob- 

lematic if confounding variables correlate with variables of interest 

and may bias statistical analysis. One such confounder is head motion. 

Head motion has been shown to systematically bias MRI-based neu- 
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romorphometric analysis (Alexander-Bloch et al., 2016 ; Biller et al., 

2015 ; Gilmore et al., 2021 ; Nakamura et al., 2014 ; Pardoe et al., 

2016 ; Reuter et al., 2015 ; Rosen et al., 2018 ; Savalia et al., 2017 ; 

Streitbürger et al., 2012) . Specifically, motion-induced imaging arte- 

facts can result in spurious findings of reduced gray matter volume 

estimates in T1-weighted MRI analysis (Alexander-Bloch et al., 2016 ; 

Gilmore et al., 2021 ; Pardoe et al., 2016 ; Reuter et al., 2015 ; Rosen et al., 

2018 ; Savalia et al., 2017) , even when they are barely visually de- 

tectable. Such motion induced biases are expected to increase with 

the introduction of higher resolution imaging sequences (Stucht et al., 

2015) and extended scan times per sequence. Moreover, increased head 

motion is often correlated with variables of interest such as age (Madan, 

2018 ; Savalia et al., 2017) , body mass index (BMI) (Beyer et al. (2017, 

2020) , and various neurological disorders including autism (Cox et al., 

2017 ; Dosenbach et al., 2017 ; Torres and Denisova, 2016) , Parkin- 

son’s (Thenganatt and Jankovic, 2016) , Alzheimer’s (Versluis et al., 
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2010) , and Huntington’s disease (Rizk-Jackson et al., 2011) , potentially 

resulting in an overestimation of these effects. 

Common practice, such as the attempts to reduce motion by ver- 

bal instructions and cushioning of participants during acquisition, are 

highly recommended, yet, cannot completely control head motion. Ret- 

rospective expert grading of motion, based on imaging artifacts, can help 

identify severe motion cases, leading to their exclusion, but will not ad- 

dress consistent biases induced by small head motion. In contrast, the 

explicit inclusion of motion measurements as a control variable in sta- 

tistical models offers a way to control even small motion biases and can 

help to disentangle motion effects from real anatomical changes. This, 

however, requires an accurate measurement of motion during MR ac- 

quisition in the first place. 

In order to address this demand, we propose a robust registration 

method and an aggregated motion score for highly accurate head track- 

ing and motion quantification during MR acquisition via a commercially 

available depth camera. For this, our registration yields a time series of 

head poses ( motion trace ) by robustly registering individual point cloud 

data derived from depth video frames to a reference frame. The resulting 

motion trace is highly accurate and able to recover high-frequency de- 

tails. Our method significantly outperforms the vendor-supplied head 

tracking method (Slipsager et al. 2019, 2022) on three novel evalu- 

ations: 1. increased similarity to functional MRI motion estimates, 2. 

larger mutual information with a high frequency respiratory measure- 

ments, and 3. improved correlation of our motion score with various 

image quality metrics. 

Finally, we apply our method in the Rhineland Study (Breteler et al., 

2014 ; Stöcker, 2016) , which is the first time optical tracking is used in 

a large population cohort study. While other work focuses on datasets 

with high motion levels, our method tackles the head tracking task in 

a cohort from the general population, where motion levels are low (re- 

quiring high sensitivity) and tracking needs to work on hundreds of par- 

ticipants with minimal intervention. We use our method to confirm pre- 

viously known correlations of BMI and age with motion in the Rhineland 

Study. Additionally, we establish, that head motion increases over the 

course of the scan session, and that motion measured from functional 

MRI (fMRI) acquisitions can serve as a reasonable proxy of motion in 

adjacent scans. 

1.1. Head motion estimation 

As previously motivated, neuroimaging studies require quantitative 

head motion estimates to statistically model motion-induced biases and 

correct for correlates of increased head motion. These motion esti- 

mates can either be obtained during acquisition or retrospectively es- 

timated from acquired images (Pollak et al., 2023) . In practice, head 

motion is a composite of different motion patterns ranging from abrupt, 

large movements to slow drift and periodical patterns such as breath- 

ing (Zaitsev et al., 2015) . To capture all types of motion (including small 

and rapid motion), a head tracking with high accuracy and high fre- 

quency is required. Coughing and diseases related burst movements can 

occur within a fraction of a second (Dbouk and Drikakis, 2020) or mil- 

liseconds (Eberhardt and Topka, 2017) and might not be detectable in 

motion tracking with sampling rates at 2 Hz or below. 

Multiple recording and processing paradigms have been established 

for head tracking. They either directly utilize the MRI scanner or in- 

troduce external devices and are subject to individual trade-offs with 

respect to ease of use, accuracy, and sampling frequency. The most 

widespread approach is to register and align subsequent images (frames) 

of fMRI sequences. While its primary purpose is to correct inter-frame 

motion to establish frame-to-frame correspondences (Goto et al., 2015 ; 

Jenkinson et al., 2002 ; Maknojia et al., 2019) , individual frame-to- 

frame alignments yield low-frequency motion estimates for the time 

frame of the fMRI sequence. Depending on its specific acquisition pa- 

rameters, individual frames are acquired over 0.5 to several seconds 

aggregating the head motion across the frame and limiting the sam- 

pling rate and ability to detect short bursts of motion. Unfortunately, 

the acquisition and alignment of fMRI images itself is also affected 

by motion artifacts induced by intra-frame motion, resulting in unre- 

liable estimates for rapid motion (Maknojia et al., 2019) . Finally, the 

multi-frame nature of the approach makes it inapplicable to single- 

frame MRI modalities, such as T1-weighted (T1w) structural scans 

and others. Based on the assumption of similar motion between func- 

tional scans and adjacent acquisitions, the fMRI-based motion esti- 

mate is sometimes used as a proxy for motion in adjacent structural 

scans (Pardoe et al., 2016 ; Savalia et al., 2017) . While it has been shown, 

that ranking participants fMRI-based motion estimates is stable over 

multiple fMRI sequences in the same session, a direct comparison with 

motion during structural imaging sequences has not been performed in 

previous work. 

Alternative MR scanner-based approaches rely on dedicated naviga- 

tor sequences or signals that can be divided into three categories “FID ”, 

“k-space ”, and “image-based ” navigators (Andronesi et al., 2021) . FID 

navigators (Kober et al., 2011) estimate motion from sensitivity profiles 

of multiple coils rapidly. However, the methods require calibration or 

modeling for quantitative tracking and have limited resolution in the ac- 

quired data (Andronesi et al., 2021) . K-space navigators, like navigator 

echoes (Costa et al., 2005 ; Fu et al., 1995) , are used to perform real- 

time and inter-scan motion correction (Andronesi et al., 2021) , which 

resulted in multiple methods (Van der Kouwe et al., 2006 ; Welch et al., 

2002) with varying trade-offs (Andronesi et al., 2021) between accu- 

racy and acquisition time. Image-based navigators acquire small vol- 

ume frames, such as echo planar sequences (EPI) (Alhamud et al., 2012 ; 

Hess et al., 2011 ; Tisdall et al., 2012) that are acquired interleaved 

with other modalities and can be used to estimate motion via image 

registration. This estimation method is limited by the low image res- 

olution and frequency of frames, and can increase the overall scan 

time (Andronesi et al., 2021) . None of the scanner-based methods are 

currently widely used and scanner manufacturers move toward support- 

ing external optical tracking systems (Andronesi et al., 2021) , due to 

their higher sampling rates and increased accuracy. 

Approaches based on optical tracking commonly detect the motion 

of markers, which are either fixed to the skin (Forman et al., 2011 ; 

Maclaren et al., 2012) or integrated into a dental brace (Maclaren et al., 

2012 ; Stucht et al., 2015 ; Todd et al., 2015) . Since optical systems op- 

erate independently of the scanner, they can capture high-frequency es- 

timates for all MRI modalities without requiring integration into the ac- 

quisition protocol – while providing higher frequency and lower latency 

estimates than navigators (Aksoy et al., 2017) . However, marker attach- 

ment may result in increased motion (e.g. saliva build up due to dental 

brace (Maclaren et al., 2012) ) and longer scan preparation, which limits 

their applicability in high-throughput settings (Herbst et al., 2013) . 

To mitigate this limitations, recent work introduced markerless 

tracking of portions of the face with external cameras (Kyme et al., 2020 ; 

Olesen et al., 2010 ; Pardoe et al., 2021 ; Slipsager et al., 2019) . These 

methods use high quality cameras e.g. time of flight cameras that cap- 

ture depth images, to infer the head pose. While markerless tracking 

represents an unobtrusive tracking paradigm, it is more susceptible to 

challenges posed by participant-specific features, e.g. facial hair, head 

size, proximity to camera, and eye or skin motion from facial expres- 

sions. 

The only available software that enables motion tracking 

based on 3D face captures is the camera vendor software “Trac- 

Suite ” (Bergström and Edlund, 2014) . In addition to scanner-based 

and optical tracking methods, EEG (Laustsen et al., 2022) and sensing 

pads (Musa et al., 2022) have very recently been proposed for within- 

scanner high-frequency head motion tracking. These approaches are 

promising as they are not affected by facial expressions and do not 

require marker attachment. Their tracking accuracy, however, is not 

yet well established. 

Generally, the lack of standardized evaluation metrics and experi- 

mental procedures limits the comparability of approaches across pub- 
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lications (Kyme et al., 2020 ; Laustsen et al., 2022 ; Maclaren et al., 

2012 ; Musa et al., 2022 ; Pardoe et al., 2021 ; Slipsager et al., 2019 ; 

Todd et al., 2015) . Especially prominent marker-based (Maclaren et al., 

2012) and markerless (Slipsager et al., 2019) optical tracking methods 

are primarily validated with MRI motion correction capabilities, which 

makes comparison challenging. Besides different sequences and correc- 

tion algorithms, the cohorts vary drastically from diseased pediatric pa- 

tients (Slipsager et al., 2019) to healthy adults with extensive MRI ex- 

perience (Maclaren et al., 2012) . 

On the other hand validations on phantoms with induced mo- 

tion (Einspänner et al., 2022) are repeatable, and can be adjusted for 

varying motion sizes and patterns. These movable phantoms, however, 

are not widely available and currently unable to model all aspects rel- 

evant to motion tracking, like non-rigid facial expressions or the wide 

range of motion types (such as breathing, swallowing, coughing, drift). 

Human studies with induced/requested motion can be used to study 

strong head motion for method development. But these studies lack both 

repeatability and realistic motion levels – making across study compar- 

isons extremely challenging. Unlike phantom studies, human studies can 

not be used for direct validation as the real motion (ground truth) is un- 

known. Due to these challenges, many head tracking approaches are not 

well validated, highlighting the need for multiple secondary metrics to 

test the validity of within-scanner head tracking approaches for human 

studies. 

1.2. Head motion as a variable of interest 

Beyond the confounding effect of motion on morphological analy- 

ses, head motion in the MRI scanner is subject to numerous research 

that aims to uncover the relationship between increased head move- 

ment and other biological markers. Motion has been shown to cor- 

relate with measures of impulsivity/hyperactivity, diabetes, hyperten- 

sion, nicotine, alcohol use (Couvy-Duchesne et al., 2016 ; Ekhtiari et al., 

2019 ; Hodgson et al., 2017 ; Kong et al., 2014 ; Wylie et al., 2014) , and 

various neurological disorders (Cox et al., 2017 ; Rizk-Jackson et al., 

2011 ; Thenganatt and Jankovic, 2016 ; Torres and Denisova, 2016) . 

A prominent correlate of within-scan motion is age, where head mo- 

tion is increased in younger pediatric cohorts (Afacan et al., 2016 ; 

Barkovich et al., 2019 ; Dosenbach et al., 2017 ; Janos et al., 2019 ; 

Oztek et al., 2020) , but decreased in younger adult cohorts (Andrews- 

Hanna et al., 2007 ; Chan et al., 2014 ; Madan, 2018 ; Pardoe et al., 2016 ; 

Savalia et al., 2017) . Another strong correlate of within-scanner mo- 

tion is the body mass index (BMI) (Beyer et al. (2017, 2020) ; Couvy- 

Duchesne et al., 2014 ; Ekhtiari et al., 2019 ; Hodgson et al., 2017 ; 

Kong et al., 2014) with a recent longitudinal study even showing the 

causality between weight loss and reduced within-scan motion in obese 

adults (Beyer et al., 2020) . 

On top of these correlates of in-scanner head motion, multiple inde- 

pendent studies (Couvy-Duchesne et al., 2014 ; Engelhardt et al., 2017 ; 

Hodgson et al., 2017) established in-scanner head motion as a herita- 

ble trait. Zeng et al. (Zeng et al., 2014) suggest that the association of 

reduced long-range connectivity and head motion is partially explained 

by individual variability in functional organization, in addition to bias 

due to motion artifacts, which outlines the previously discussed entan- 

glement of cause and effect of motion in MRI acquisitions. 

1.3. Scoring image quality and head motion 

To correct for motion in statistical models and to model the relation- 

ship of motion and disease, we desire a scalar motion score during MRI 

acquisitions. Previously, manual motion scores where obtained by eye- 

balling image artifacts, such as ringing or blurring, that may be caused 

by excessive motion during the scan. However, such visual inspection 

cannot reliably identify all motion artifacts affecting downstream anal- 

yses as motion effects can still be detected in high quality images that 

pass visual quality checks (Pollak et al., 2023 ; Reuter et al., 2015) . The 

Rhineland Study performs visual quality checks for all T1w images, with 

three possible ratings: (PASS, WARNING, FAIL). In the subset of images 

used in this work, none failed and only 2.2% were rated as warning, 

indicating a low level of visible artifacts. This outlines the fundamen- 

tal difference between general- and clinical cohorts, where Slipsager 

et al. (Slipsager et al., 2020) report 2.0% of images to be non-diagnostic 

and 7.9% of images to be of decreased clinical interpretability. These 

numbers likely understate the difference in image quality, since raters 

in the Rhineland Study look for any type of small image artifact, that 

can be caused by subtle movement, while clinicians primarily focus on 

the brain areas and motion levels that are relevant to diagnosis. 

To address the challenge of quantifying barely visible motion ar- 

tifacts, a variety of metrics are derived as continuous scores from 

images or motion traces. Image-based scores (Callaghan et al., 2015 ; 

Esteban et al., 2017 ; Pannetier et al., 2016) derive measures of qual- 

ity directly from the MR images, often without reference. While they 

capture motion artifacts in constrained settings of motion correction ex- 

periments (Callaghan et al., 2015 ; Pannetier et al., 2016) , image based 

scores struggle to disentangle the causes of image quality and thus can- 

not reliably quantify motion, constraining their usefulness to correct the 

biasing effect of motion in statistical models. The challenge to directly 

estimate motion from an image is rooted in the complex interaction of 

head-motion and modern MRI acquisition protocols, which is, for ex- 

ample, affected by parallel imaging and the chosen k-space trajectories. 

Therefore, even metrics that are known to be correlated with motion 

for specific acquisition protocols and in specific cohorts (Zaca et al., 

2018) are unlikely to generalize across all acquisitions, especially when 

motion levels may differ drastically between previously investigated 

clinical cohorts with tremor and general population cohorts. The ad- 

vent of deep learning may offer an opportunity to capture the complex 

interactions between motion and acquisition, however, initial research 

is still limited to predicting the experts sentiment (Fantini et al., 2018) ; 

(Küstner et al. (2018a,b) ; Largent et al., 2021 ; Lei et al., 2022 ; Ma et al., 

2020 ; Stpie ń et al., 2021 ; Sujit et al., 2019 ; Zuki ć et al., 2022) , or per- 

ceptual quality metrics, based on simulated data (Sciarra et al., 2022) . 

In initial work we leverage the motion quantification pipeline presented 

here with continuous motion scores to alleviate the reliance on manual 

labels (Pollak et al., 2023) . 

Since motion-based scores are computed from motion traces, they 

inherently reflect the participant’s motion unlike image-based scores. 

However, not all motion maps to image quality in the same way. Partic- 

ularly, a line of work on prospective motion correction (Castella et al., 

2018 ; Todd et al., 2015) proposes a metric, that calculates a weighted 

sum of head speed over planes of 2D MRI acquisition. The weights are 

determined by a numerical simulation of “impact ” on image and show 

that for the investigated acquisition, motion at scan start or end is less 

detrimental to quality. Unfortunately the metric can not be generated for 

3D MRI acquisitions and it is unclear how accurate the numerical sim- 

ulation and definition of motion relate to image quality in real-world 

settings. In fact, the analysis of timing, i.e. when motion occurs, as well 

as motion patterns, e.g. breathing, abrupt motion or drift remains an 

open question. 

1.4. Challenges 

The field of within-scan motion tracking has yet to unify metrics 

and methods to associate head motion with human characteristics and 

image quality for retrospective analysis. Comparison of tracking method 

is challenging due to the absence of real-world ground truth motion 

measurements in most datasets. 

We aim to establish an accurate and reliable within-scanner motion 

tracking method in the Rhineland Study (Breteler et al., 2014 ; Stöcker, 

2016) , an ongoing large population-based cohort study with mostly 

healthy participants. Multiple measures are taken to reduce head mo- 

tion during the image acquisition, leading to overall low head-motion 

compared to clinical datasets, or datasets recorded with induced mo- 
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tion, where motion levels are markedly increased. For this purpose we 

rely on a high frequency markerless registration approach. 

For reliable tracking of rapid and short motion events, multiple sam- 

ples should be taken during the event. Since quick head adjustments 

or coughing can occur in a fraction of a second (Dbouk and Drikakis, 

2020 ; Eberhardt and Topka, 2017) , tracking frequency should be sig- 

nificantly faster. We recommend tracking speeds of more than 5 Hz. 

Slow methods with frequency of 2 Hz or less are unlikely to capture 

such events, since movement occurs either during recording of a single 

sampling point or between two recordings. Additionally, high sensitiv- 

ity is required to quantify small movements, which are predominant 

in the mostly healthy cohort under investigation. Further, in a high- 

throughput environment, such as the Rhineland Study, we require a 

protocol with minimal setup to reduce the time participants spend in 

the MRI scanner. Ultimately, real-time performance is desirable to en- 

able applications beyond retrospective data analysis, such as providing 

immediate feedback to operators during acquisition to repeat severely 

motion-affected scans, or for automatic online motion correction. 

1.5. Contributions 

In order to address these challenges, we propose a method for gener- 

ating motion traces from depth images and aggregating them into a mo- 

tion score. This pipeline consists of a dedicated robust registration, that 

generates motion traces and further post-processing steps, where traces 

are synchronized, smoothed, re-sampled and aggregated to yield a score 

of average motion. We outline this process in Fig. 2 , where we show the 

building blocks of our processing pipeline as well as the method valida- 

tion. 

For the first time, we validate an optical tracking method on a large 

general population cohort with respect to three different indirect mea- 

sures of head motion: fMRI motion traces (rigid transformations), res- 

piration signal (scalar), and T1-weighted image quality measures. The 

introduced metrics can be applied to any within-scanner head tracking 

method and provide scalar scores to benchmark tracking performance. 

Using these tests, we show that i) our method captures accurate mo- 

tion traces, that are similar to motion traces from an established fMRI 

motion estimation toolbox, ii) our method captures high-frequency, res- 

piratory signals as recorded on the participants chest, and iii) our mo- 

tion score – from depth images during structural image acquisition –

correlates with known structural image quality measures. We outper- 

form the vendor-supplied registration method for markerless tracking 

on all three benchmarks. Furthermore, iv) we replicate previous find- 

ings of correlation between within-scanner head motion with age and 

body mass index, to demonstrate the applicability in the neuroimaging 

research domain. Finally, v) we show longitudinal, within-session ef- 

fects of increasing motion with time (within sequences and overall scan 

time). 

2. Materials and methods 

2.1. Data acquisition 

The data is acquired in the Rhineland Study (Breteler et al., 2014 ; 

Stöcker, 2016) , a large population cohort study. The study invites par- 

ticipants from the area of Bonn, Germany, of age 30 and over and it 

is carried out in accordance with the recommendations of the Interna- 

tional Council for Harmonisation’s “Good Clinical Practice ” standards 

(ICH-GCP). Written informed consent was obtained from all participants 

according to the Declaration of Helsinki. Approval was granted by the 

Ethics Committee of University Bonn. 

During the Rhineland Study’s 1-hour MRI session, the scanner ac- 

quires up to 7 different MRI sequences, including T1-weighted (T1w) 

images and fMRI. Simultaneous optical head motion- and respiration 

tracking is performed throughout the session. 

The participants are scanned with a 3T Siemens MAGNETOM Prisma 

MRI scanner (Siemens Healthcare, Erlangen, Germany) equipped with 

a 64-channel head-neck coil. The T1w images have a 0.8 mm isotropic 

voxel size and are acquired using a multi-echo magnetization-prepared 

rapid gradient-echo (ME-MPRAGE) sequence (van der Kouwe et al., 

2008) with 2D acceleration (Brenner et al., 2014) and elliptical sam- 

pling (Mugler III, 2014) (repetition time (TR) = 2560 ms, inversion 

time (TI) = 1100ms, flip angle = 7 ◦, field of view (FOV) = 256 × 256 

mm, voxel size = 0.8 mm isotropic). The rapid whole-brain resting-state 

fMRI acquisition (Stirnberg et al., 2017) consists of 1070 frames with 

a 2.4mm isotopic resolution, each captured in 0.53 ms (TR = 530 ms, 

TE = 30 ms, flip angle = 16 ◦, FOV = 192 × 192 × 144 mm, voxel size = 

2.4 mm isotropic). 

In one of the Rhineland Study’s scan centers, an infrared time-of- 

flight camera (TracInnovations, Copenhagen, Denmark) (Olesen et al. 

(2010, 2012) ; Slipsager et al., 2019) , mounted on the head-coil of the 

scanner, captures depth images of a portion of the participant’s face dur- 

ing the scan. The depth images (also represented as point clouds) give 

a 3D representation of part of the participants face, captured through 

the opening between head-coil and a mirror in front of the participant’s 

eyes. While the camera position is adjustable on a rail in the superior- 

inferior direction for a participant-specific field of view, neither distance 

to the participant nor the left-right position can be changed. Therefore, 

captured facial regions vary depending on head-size and position. 

Following the camera adjustment, the MRI operator defines a mask 

around the eye of the participant by drawing a polygon on a 2D 

grayscale image also captured by the motion camera. Additionally, Trac- 

Suite (the camera vendor software) (Bergström and Edlund, 2014) as- 

sists the operator in excluding areas unsuitable for the measurement of 

head motion (e.g. the head-coil). Fig. 1 b) illustrates the cleaned refer- 

ence point cloud resulting from this process. Throughout the session, 

the camera acquires depth-images at non-equidistant time points (ap- 

prox. 32 frames per second), which are converted to point clouds using 

the camera’s field of view. Due to storage limitations, we only save ev- 

ery fourth point cloud, resulting in a sampling rate of approx. 8 Hz. The 

vendor software TracSuite has functionality for real-time head tracking. 

In addition to the raw-point clouds we also save the head motion esti- 

mates of TracSuite for method comparison, as well as time-stamps and 

metadata. 

The Rhineland Study also measures the respiration of participants 

during the whole MRI session with a respiration sensor (PERU 098, 

Siemens Healthineers, Erlangen), that rests on the participants chest and 

captures its movement. 

To reduce the head motion during the scan session, MRI operators 

ensure that: 

1. The head is stabilized by inflatable (preferred), or foam cushions. 

2. Each session is interrupted by two short, scheduled breaks during 

which the operator speaks with the participant in the scanner. 

3. Nature scenes are shown during the whole session (Greene et al., 

2018 ; Huijbers et al., 2017 ; Madan, 2018 ; Vanderwal et al., 2015) , 

except for the initial resting state functional MRI scan, when partic- 

ipants are asked to fixate a cross on the screen. 

4. Participants are instructed to remain still and stay awake. 

The fraction of sessions with simultaneously acquired motion data 

(at the time of preparation of this work) consists of a total of 573 par- 

ticipants with a male/female distribution (self-reported sex) of 266/207 

and age-range from 30 to 95 years. For developing and optimizing reg- 

istration variants, we randomly select 10 participants, whose data we 

exclude from the method comparisons. For downstream analysis, we ex- 

clude 79 participants that did not complete the whole protocol or where 

motion data is not available for all scans (yielding 494 cases). 
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Fig. 1. Our method registers frames of the depth-image video ( a ) to the reference depth-image captured prior to acquisition ( b ). Our robust registration employs point- 

wise registration weights ( c ) to ensure less reliable depth-values impact the registration less (yellow) or not at all (red). These unreliable regions are predominantly 

located around the eye and on the head-coil, but also in areas of high noise and non-rigid motion. 

Fig. 2. Overview of the proposed method and pipeline to derive motion scores 

from depth images of the face. The two outputs of our method are i) a mo- 

tion trace (i.e. series of head positions), describing head motion during the scan 

session and ii) a per-sequence summary motion score. 

2.2. Motion estimation method 

We compute a motion trace, by rigidly registering all point clouds 

(generated from depth images) to the manually cleaned reference point 

cloud. The result of the registration is the mapping of all captured 

point clouds to the reference, giving information how much the par- 

ticipants head moved during the scan. A classic solution for point- 

to-point registration problems is the Iterative-Closest-Point (ICP) algo- 

rithm (Arun et al., 1987) . To address accuracy and robustness concerns 

of face registration such as noise and non-rigid facial skin motion, we 

introduce a robust criterion (following (Bergström and Edlund, 2014) ) 

as well as a regularizer. 

2.2.1. Robust registration 

We formulate the head tracking task as a sequential, rigid registra- 

tion of point clouds captured during the scan session 𝑃 𝑘 ∈ 𝑃 1…𝑁 to the 

reference point cloud 𝑃 ref . The resulting rigid body transformations con- 

sist of a rotation matrix 𝑅 𝑘 ∈ ℝ 

3 𝑥 3 , with 𝑅 𝑘 
𝑇 𝑅 𝑘 = 𝐼 and det ( 𝑅 𝑘 ) = 1 , and 

a translation vector 𝑡 𝑘 ∈ ℝ 

3 . We call a time series of these rigid trans- 

formations (rotation and translation) a motion trace. The registration of 

𝑃 𝑘 → 𝑃 ref can be characterized by solving the optimization problem: 

𝑅 𝑘 , 𝑡 𝑘 = arg min 
𝑅 𝑘 ,𝑡 𝑘 

∑
𝑝 𝑘 ∈𝑃 𝑘 

𝜓 
(

min 
𝑝 ref ∈𝑃 ref 

‖ 𝑅 𝑘 𝑝 𝑘 + 𝑡 𝑘 − 𝑝 ref ‖2 2 
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

∶= res 𝑝 

)
+ 𝜆 . (1) 

In contrast to the unmodified ICP algorithm, where 𝜓( res 𝑝 ) is the iden- 

tity function, we compare different robust criterion functions and, fur- 

thermore, introduce a regularizer 𝜆 = 𝜆( 𝑅 𝑘 , 𝑡 𝑘 ) to discourage implausible 

solutions. 

2.2.2. Robust criterion 

Numerous candidates for the robust criterion 𝜓( res 𝑝 ) exist, 

such as Tukey Bi-weight-, Cauchy-, Welsch-, and Huber func- 

tions (Bergström and Edlund, 2014) , which all down-weight or disre- 

gard point correspondences that do not satisfy the rigidity assumption 

based on the distance res 𝑝 to the nearest neighbour in the reference. We 

compare the criterion functions in Section 3.1 below and choose Huber’s 

function as the best performer: 

𝜓( res 𝑝 ) = 

⎧ ⎪ ⎨ ⎪ ⎩ 

1 
2 

res 𝑝 
2 if res 𝑝 ≤ 𝑍 

𝑍 res 𝑝 − 

𝑍 

2 

2 
if res 𝑝 > 𝑍 

𝑍 = (1 + 𝑟 𝑏 ) median ( res 1…𝑁 ) , 

(2) 

where the hyper-parameter 𝑟 𝑏 determines a relative threshold beyond 

which the impact of large residuals is reduced and res 𝑝 is the residual 

associated with point 𝑝 ∈ 𝑃 . This robust approach also offers a solu- 

tion to the partial registration problem, where a part of the registration 

object may be visible in one point cloud, but not in the other. While 

outliers in 𝑃 ref would never be considered due to the correspondence 
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search min 𝑝 ref ∈𝑃 ref 
, the robust criterion reduces the effect of outliers in 

𝑃 1…𝑁 by assigning them weights close to zero. 

2.2.3. Regularization 

In addition to the robustness criterion, we aim to incorporate known 

mechanics about within-scanner head motion into the registration. Be- 

cause the camera only records a part of the face visible through the 

head-coil, the whole head pose is inferred based on features in the lim- 

ited field of view of the camera at the front of the head (as seen in Fig. 1 ). 

This can reduce registration accuracy at the back of the head, where the 

skull is farthest from the visible region. Given that the head is resting on 

the pillow and tight padding prevents it from sliding, the contact point 

of the pillow and the back of the head can be encouraged to act as an 

additional (soft) anchor. Visual inspection of fMRI sequences confirmed 

that the back of the head is more stable than other regions, which is 

consistent with previous findings (Frost et al., 2019) , and motivates this 

additional regularization. 

The regularizing point 𝑝 𝑟𝑒𝑓 at the back of the head is added to the 

optimization as a per-participant constant. We weigh the anchor with 

a weight of 𝛼 = 0 . 03 (a fraction fixed across all participants determined 

by experiments in Section 3.1 ) and multiply by the sum of all weights 

𝜓( res 𝑝 ) , resulting in the term: 

𝜆( 𝑅 𝑘 , 𝑡 𝑘 ) = 𝛼
( ∑
𝑝 𝑘 ∈𝑃 𝑘 

𝜓( res 𝑝 𝑘 ) 
) (

𝑅 𝑘 𝑝 reg + 𝑡 𝑘 − 𝑝 reg 

)
(3) 

with additional variables in analogy to Eq. 1 . We determine 𝑝 𝑟𝑒𝑓 , by first 

aligning the T1w image with a template (with FreeSurfer’s robust regis- 

ter tool (Reuter et al., 2010) ) and by then searching for the first voxels in 

the anterior direction. To get a reliable estimate, we ignore background 

noise by robustly conforming intensities and find the voxel closest to 

the median center of the cluster to use as the point 𝑝 𝑟𝑒𝑓 . Finally, the 

regularizing point is mapped into the coordinate system of the motion 

camera as described in Section 2.3.1 . 

2.2.4. Performance and robustness considerations 

To enable fast and robust sequential registration, we add two pre- 

processing steps, for each point cloud. These steps leverage the temporal 

consistency of the sequential point cloud data. 

First, when registering the point cloud of the current frame to the 

reference, we initialize the rigid transformation with the result of the 

previous registration. This provides a good starting point for the reg- 

istration optimizer and we only need to fine-tune the registration for 

the small movement possible within the sampling rate of the camera 

(approximately 125 ms in our case). Thus, the optimizer can converge 

with relatively few iterations, resulting in quick computation and addi- 

tional robustness against unrealistically large movements (e.g. caused 

by measurement errors in a single frame). 

Second, we discard distant outlier points prior to the optimizer loop. 

This is helpful, because shifts of head position can decrease the size 

of the overlapping region between the current and the reference point 

cloud. Such distant outlier points do not aid the registration, but affect 

the robust criterion through the median residual (see Eq. 2 ). We ad- 

dress this, by discarding distant outliers farther than 5mm from the ref- 

erence point cloud, which enables us to keep the robust bound constant 

throughout all registrations. The registration accuracy is not affected, as 

the 5 mm distance threshold is conservatively estimated (about 30 stan- 

dard deviations of mean motion in 125 ms). In addition, the a-priori 

removal speeds-up the overall computation. 

Finally, to further increase registration speed, we under-sample the 

raw point clouds with a factor of three. This undersampling reduces head 

pose estimation time to approximately 110 ms, which is faster than the 

sampling interval of 125 ms per point cloud. 

2.3. Post-processing 

The time points inherited from point cloud samples, cause our mo- 

tion traces to be non-equidistant in time and not always accurately 

synchronized with the MRI scanner’s internal clock. To facilitate the 

use of motion estimates in downstream analyses, we establish a post- 

processing pipeline that synchronizes all acquired MR images with the 

output transformations, reduces noise, and re-samples the transforma- 

tions. 

2.3.1. Aligning motion-tracker and MRI space 

In order to compare head motion traces (e.g. camera-based traces 

with fMRI traces), they need to be defined with respect to a common 

coordinate system. Here, we choose the coordinate system of the partic- 

ipant’s T1-weighted image. Since we can easily approximate the head 

center (and size) from the T1w image, the aforementioned mapping also 

enables us to accurately quantify motion within the head volume and 

to find the back of the head for regularization. To get the mapping be- 

tween both coordinate spaces, we register the surface through the first 

high-intensity voxels of the T1w-image in posterior direction with the 

reference point cloud captured by the motion camera. To ensure good 

initial alignment, we pre-align the T1w images to a standardized tem- 

plate with FreeSurfer’s robust register tool (Reuter et al., 2010) . 

The established correspondence between reference point cloud 

and the participant-specific anatomical space (T1w image) ties our 

motion tracking pipeline into common neuroimaging toolboxes, like 

FreeSurfer (Fischl, 2012) . For example, registering functional MRI im- 

ages to the T1w image with FreeSurfer’s bbregister (Greve and Fischl, 

2009) enables a comparison of fMRI-based motion traces and motion 

traces from our method in a common space. 

2.3.2. Time synchronization 

The motion camera software (Slipsager et al., 2019) annotates indi- 

vidual point clouds with timestamps relative to the MRI session by re- 

questing the time from scanner ad-hoc and correcting for latency. To ad- 

dress imperfect clock synchronization, we search for the offset (max. 15 

seconds) that yields minimal differences between our and the fMRI mo- 

tion traces (see Section 2.4.3 ). After synchronizing scanner and motion- 

tracking timestamps, our post-processing pipeline automatically reads 

meta-data from the scanner’s DICOM files and annotates point clouds 

accordingly with the corresponding sequence and participant codes. 

2.3.3. Re-sampling transformations 

The time-stamps associated with the head poses determined by our 

registration are not equidistant, since the tracking system provides mea- 

surements at irregular intervals. Because post-processing steps, like mo- 

tion scoring, require equidistant measurements at varying frequencies, 

we implement a re-sampling directly on the translation vectors and 

quaternions (Gramkow, 2001) of the motion trace by averaging over 

a sliding window with a triangular weight function. To parameterize 

this step for all applications we specify the window size and triangle 

slope separately, with a slope of zero resulting in an average along the 

window size (e.g. for averaging head poses during the acquisition of an 

fMRI frame). 

2.4. Motion metrics 

After determining the motion traces during a scan session and per- 

forming post-processing to prepare them for down-stream analysis, we 

present multiple summary metrics to describe head motion in method 

validation and statistical analysis. 

2.4.1. Head pose difference 

For method validation and downstream analysis we require a 

metric that compares two head poses. While previous work com- 

pares head poses by translational and rotational errors of the head 

poses (Laustsen et al., 2022 ; Pardoe et al., 2021) , we aim to combine 

head rotation and translation into a single score that weights both com- 

ponents according to the medical imaging application, as suggested 

by Wilke (2012, 2014) . 
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Here, we employ the root mean square deviation for transforma- 

tions (Jenkinson, 1999) (further head pose difference , HPD) to reduce 

the six degrees of freedom of a rigid transform (3 rotational and 3 trans- 

lational) between two head poses into a single distance score. HPD is 

derived by averaging the displacements within a ball, which represents 

the head (Jenkinson, 1999) . These displacements reflect the movement 

from one pose to another (described by transformation matrices). We 

approximate the parameters to this metric (head radius and location) 

from the population-average (distance from face to head center: 82.5 

mm) and the individually placed scan origin, respectively. In practice, 

the latter is defined by the technician as part of the image acquisition 

for each participant. 

The HPD distance measure is applied in two different contexts: 1. 

to quantify motion, i.e. to quantify how much the head pose changes 

between two measurements, and 2. to compare two transformations, 

e.g. for a comparison of methods. 

2.4.2. Motion score 

In contrast to pairwise pose differences, we also desire a robust sum- 

mary motion score during a time interval (further motion score in mil- 

limeter per second), e.g., to quantify average motion for each MR se- 

quence and include it into statistical analysis. 

The proposed motion score is calculated by: 

1. Re-sampling the motion trace ( triangle slope = 0 . 1 , window size = 

9 samples), to create equidistant motion traces with head poses at 

exactly 8 Hz and to reduce measurement noise (see Section 2.3.3 Re- 

sampling). 

2. Calculating the head pose difference between consecutive head poses 

and summing these differences for each one second interval (see pre- 

vious section). 

3. Averaging the one second head pose differences during the time of a 

single MR sequence. 

The resulting summary scores are used as measure of average head 

volume displacement throughout each MR sequence. 

2.4.3. Motion trace difference 

For method validation, we require a metric that compares two mo- 

tion traces (series of head poses). When one wants to compare two mo- 

tion traces calculated from the same data (same sampling points), the 

head pose difference can be used on each pair directly. When compar- 

ing two motion traces acquired in the same time interval, but based on 

different samples and methods, we need to assert that 

1. sampling time points agree, 

2. transformations use the same coordinate space, and 

3. comparisons are independent of the specific reference that was used 

in each method. 

We ensure the first requirement of matching sampling points, by us- 

ing the previously established re-sampling method. Second, we ensure a 

common coordinate space in the anatomical space of the structural MR 

scan as described in Section 2.3.1 . The third challenge arises because 

head poses are always defined in comparison to a specific reference pose 

and these references can differ across methods (e.g. captured at differ- 

ent times, such as the beginning of the scan session or the beginning of 

the fMRI sequence). We, therefore, introduce a new metric motion trace 

difference (MTD) to compare motion traces from fMRI and optical track- 

ing, that is independent of the specific reference pose. Thus, we compute 

transformations between each pair of poses for each method and average 

the HPD distance between corresponding transformations across meth- 

ods (see Appendix D for details). This symmetric metric enables a fair 

comparison between two motion traces from different methods, with a 

summary measure of average displacement in the head. 

In this work, we compare our motion traces to fMRI based mo- 

tion traces, which are commonly used for in-MRI head motion analy- 

ses (Beyer et al., 2020 ; Dosenbach et al., 2017 ; Huijbers et al., 2017 ; 

Pardoe et al., 2016 ; Savalia et al., 2017) . While fMRI-based registra- 

tions are not without errors, we expect them to capture low-frequency 

head motion sufficiently well, especially since the whole skull is utilized 

for registration instead of only an area of the face as for the motion cam- 

era. We estimate the motion from fMRI with MCFLIRT (Jenkinson et al., 

2002) and compare MCFLIRT’s motion trace to our’s by first averaging 

our motion trace over the length of the fMRI frame (570 ms). Then, 

we map both traces to the reference space and calculate the MTD as 

described above. While we consider all 1070 fMRI frames per partici- 

pant in final results, 70 equally spaced fMRI frames sufficiently describe 

the performance characteristics for method development and testing in 

Section 3.1 . 

2.4.4. Mutual information of head motion and respiration 

For additional sensitivity validation of head tracking methods, we 

aim to investigate how much of the densely sampled (256 Hz) respira- 

tion signal is contained in the head motion trace. The scalar respiration 

signal is measured by a respiration sensor attached to each participant’s 

chest and indicates the respiratory phase and amplitude in the units of 

the sensor. As pre-processing, we re-sample the motion trace with our in- 

terpolation (see Section 2.3.3 , triangle slope = 0 . 1 𝑠 −1 and window size 

= 3 samples) and down-sample the respiration signal, with linear inter- 

polation, to the point cloud measurement frequency of 8 Hz. Next, we 

compare the scalar respiration signal to motion traces with six degrees 

of freedom. We accomplish this by converting the transformation matri- 

ces of the motion trace into two vectors for translation and rotation (the 

latter being represented by quaternions). We ensure, that no sign flip 

occurs during conversion, by testing that the dot product of rotations in 

quaternion representation is positive and use all four components of the 

quaternion representation. The concatenation of both vectors results in 

a motion signal over time, that can be compared to a scalar respiration 

measurement. Finally, we estimate mutual information (Kraskov et al., 

2004 ; Pedregosa et al., 2011) between the respiration signal and each 

of the motion signals. The sum of mutual information scores then repre- 

sents how much information captured by the respiration sensor is con- 

tained in the motion trace. 

2.5. Statistical methods 

We require statistical tests for the validation of our methods as well 

as for the analysis of cross-sectional and longitudinal motion effects in 

a scan session. First, we perform a paired difference test across methods 

using the non-parametric Wilcoxon’s signed-rank test. Second, to test 

whether two measures are linearly correlated, we use Pearson’s-r (e.g. 

for comparison of motion with image quality metrics). For both tests we 

employ the implementations of the SciPy (Virtanen et al., 2020) Python 

library. To reproduce previous cross-sectional results, which show cor- 

relation of risk factors age and body mass index with motion, we use 

a least squares regression model with BMI, age, and sex as dependent 

variable and average motion over all scan sequences as the variable of 

interest. 

Finally we test the hypothesis, that participant motion increases over 

the course of the scan session. For this task, we model motion using 

a longitudinal linear mixed effects model (LME). We include time as 

well as interaction terms of time with age, sex, and BMI. The model is 

described by the term (participant 𝑖 , sampling point 𝑗 at every 1 second 

interval): 

𝑌 𝑖,𝑗 = 𝛽1 + 𝛽2 𝑡 𝑖,𝑗 + 𝛽3 BMI 𝑖 + 𝛽4 age 𝑖 + 𝛽5 sex 𝑖 

+ 𝛽6 𝑡 𝑖,𝑗 BMI 𝑖 + 𝛽7 𝑡 𝑖,𝑗 age 𝑖 + 𝛽8 𝑡 𝑖,𝑗 sex 𝑖 + 𝑏 𝑖 + 𝑒 𝑖,𝑗 
(4) 

with 𝑏 𝑖 as subject specific random intercept, 𝛽1 as global intercept and 

𝑒 𝑖 the random error. The dependent variable 𝑌 𝑖,𝑗 is motion (i.e. head 

speed) in (mm/s). 𝑡 𝑖 is the time from start of first image acquisition, 

BMI is the body mass index, and age the participant’s age in years. The 

latter two markers are centered around zero prior to model fit. We also 
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include sex as a categorical variable. Data points are only sampled dur- 

ing scan sequences and not during breaks, where larger motion can oc- 

cur. Both statistical models are implemented in the statsmodels Python 

library (Seabold and Perktold, 2010) . 

3. Results 

In this section we compare our method to the state-of-the-art reg- 

istration – the software of the motion cameras manufacturer (Trac- 

Suite (Slipsager et al., 2019, 2022) , Version 3.0.0). We determine both 

methods’ quality by measuring similarity to functional MRI motion and 

to respiratory traces. Further, we explore the correlation of motion 

scores with structural image quality measures as well as with known 

correlates of motion (BMI and age). These downstream correlation anal- 

yses serve as a validation experiment for the pipeline consisting of the 

registration method and the proposed motion score for statistical analy- 

sis. Finally, we apply our method in the Rhineland Study to investigate, 

whether participants move more in later MR scans during a scan proto- 

col and whether fMRI motion estimates can be used as an approximation 

of motion for later sequences. 

3.1. Ablation study 

Prior to the comparison with another method, we peform an abla- 

tion study. This type of study investigates performance of a system by 

removing, adding, or exchanging individual components one-at-a-time 

to understand the contribution of each component to the overall sys- 

tem. Here, we investigate which choices are most important for the final 

method performance by running different variations of the robust regis- 

tration and thus determine our final method for the subsequent analyses. 

To prevent leaking information about the test data into method devel- 

opment we use a separate set of 10 scan sessions for the optimization of 

our method and exclude these cases from subsequent evaluation. 

The MTDs to MCFLIRT’s motion traces (i.e. the difference to fMRI- 

based motion estimates) of the registration variations are shown in 

Fig. 3) . We investigate the impact of the robust bound 𝑟 𝑏 , as well as the 

criterion function - both of which define the robustness of the iterative 

closest point registration. We find the best criterion function is Huber’s 

function with 𝑟 𝑏 = 0 . 2 . We test three other criterion functions, but for 

the same, optimized robust bound and same asymptotic variance of the 

functions, the difference in performance is small. A noticeable perfor- 

mance increase, however, occurs for the regularizer, whose introduction 

reduces the transformation series difference to the fMRI scan by more 

than 0.5 mm. 

To show the trade-off between method speed and performance we 

vary the number of internal iterations of the robust iterative closest 

point algorithm. We find that there is no performance gain for more 

than 15 performed iterations, indicating fast convergence for most reg- 

istrations. We conservatively choose 30 optimizer iterations for the final 

method. We also observe little performance loss for an under-sampling 

of point clouds on a grid up to every fourth point. This specific compari- 

son, however, may be insensitive to random noise, due to the averaging 

of multiple motion camera based head poses for the comparison with 

the low-frequency fMRI based motion trace. In an additional evaluation 

with the respiration signal on the ablation data set (no dedicated Fig- 

ure), we find that under-sampling decreases performance when looking 

at mutual information with respiratory measurements (1: 0.79, 2: 0.77, 

3: 0.76, 4: 0.71; [undersampling factor: mutual information]) showcas- 

ing the importance of different secondary metrics for method validation. 

Since MI drops substantially for an under-sampling factor greater than 

three, we choose three as factor for the final method – which still allows 

for online registration. 

Finally, we investigate how the reference point cloud affects the reg- 

istration performance. We compare different pre-processing steps of the 

reference point cloud and find that omitting pre-processing ( raw pc ) re- 

duces registration performance. Both smoothing and removing artifacts 

as a pre-processing ( cut pc ) as well as the additional manual masking 

step ( cut pc no eye ) increase accuracy. As an additional experiment, we 

extract a reference point cloud from the T1w image, which contains the 

whole face ( T1w pc no eye ). In our case, this MR-based reference per- 

forms worse than cleaned references based on the depth camera data. 

The full view of the face may, however, prove to be an advantage for 

large motion cases, where overlap of visible face region with the camera 

reference could become too small. 

3.2. Comparison to fMRI motion estimates 

As a first method validation, we compare the multiple kinds of mo- 

tion traces from the depth camera to motion traces based on resting 

state fMRI. The evaluation follows the same setup as our ablation study 

in the previous section, but is performed on the large dataset of 563 

fMRI acquisitions. 

The three evaluated methods are: 1. The trivial “no registration ”

method, which only predicts a series of identity matrices, 2. TracSuite –

the camera manufacturers method (Slipsager et al., 2019) , and 3. our 

registration method. We show the results of the analysis in Fig. 4 . Our 

method is significantly closer to the fMRI motion estimates than Trac- 

Suite or assuming no motion ( 𝑝 < . 001 ). This shows that our method 

captures similar movements as MCFLIRT from the independent fMRI 

acquisition. Surprisingly, TracSuite’s estimates are significantly farther 

from fMRI based motion traces for the investigated population cohort 

than assuming no motion ( 𝑝 < . 001 ). 

3.3. Comparison to respiratory chest movements 

We estimate the mutual information of motion traces and measure- 

ments of a respiration sensor on the participants chest. This comparison 

showcases the ability to capture subtle head movements, that can also 

be measured by a high-frequency respiration sensor. We test the mu- 

tual information between respiratory chest movements and 1. a random 

motion baseline (6 independent uniformly distributed random variables 

between 0 and 1), 2. TracSuite, and 3. our registration. 

The mutual information between respiration- and motion measure- 

ments is shown in Fig. 5 . Both head tracking methods capture informa- 

tion about the participant’s breathing and chest movements. Our method 

significantly outperforms TracSuite in this validation ( 𝑝 < . 001 ). For ad- 

ditional qualitative comparison, we show the motion traces and respi- 

ration signal of one representative sample in Appendix B . 

3.4. Motion correlates with image quality metrics 

To jointly validate our registration as well as our motion scoring 

method, we test the correlation of motion scores for the T1w image ac- 

quisition with different measures of structural image quality. 

The image quality metrics are determined with the 

MRIQC (Esteban et al., 2017) toolbox and have been either associated 

with motion (Atkinson et al., 1997 ; Provins et al., 2023 ; Shehzad et al., 

2015) or with perceived reduction in quality (Mortamet et al., 2009 ; 

Shehzad et al., 2015) . Since the competing method, TracSuite, does not 

provide a scoring method, we apply our scoring method to it’s motion 

traces. The results are presented in Fig. 6 , where the pair-wise linear 

correlation coefficient (Pearson’s-r) is shown for five quality metrics, 

that are associated with motion and motion artifacts in structural 

images. The motion score based on our registration method has a 

higher correlation than the score based on TracSuite across all metrics. 

3.5. Motion correlates with BMI and age 

As a final validation, we test whether we can find known correlates 

of head motion with the combination of our registration method and 

motion scoring. Increased head motion is known to be associated with 
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Fig. 3. We test different configurations of our registration method in an ablation, using the transformation series difference (MTD, see Section 2.4.3 , lower is better) 

to a fMRI based motion traces of MCFLIRT as metric. The top row depicts results for continuous parameters of the registration (left to right): the robust bound 𝑟 𝑏 , 
relative weight of regularization, the number of iterations of the robust registration, and the under-sampling factor of the input point clouds on a grid. The bottom 

row shows four different robustness criterion functions (Bergström and Edlund, 2014) (left), and four different reference point clouds (right) including a raw point 

cloud ( raw pc ), a point cloud generated from the T1w image with the eye cropped out ( T1w pc no eye ), the cleaned point cloud with cropped out head-coil and 

smoothing ( cut pc ), and the cleaned point cloud where the eye is additionally cropped out ( cut pc no eye ). 

Fig. 4. Comparison of registration methods with fMRI motion traces as refer- 

ence standard. The y-axis shows the transformation series difference (MTD) to 

motion traces of MCFLIRT. “no registration ” describes a motion trace, where 

zero motion is estimated (identity matrices). All pairwise differences between 

methods are significant, measured by the Wilcoxon signed-rank test ( 𝑝 < . 001 ). 

increased body mass index (BMI) (Beyer et al., 2017, 2020 ; Couvy- 

Duchesne et al., 2014 ; Ekhtiari et al., 2019 ; Hodgson et al., 2017 ; 

Kong et al., 2014) and with age (Andrews-Hanna et al., 2007 ; Chan et al., 

2014 ; Madan, 2018 ; Pardoe et al., 2016 ; Savalia et al., 2017) . To test 

whether we can replicate these cross-sectional effects with motion mea- 

sured by our method, we fit a linear regression model with average 

motion across all scans in the session as the dependent variable and 

the independent variables BMI, age, and sex. The correlation of both 

age ( 𝑟 = 0 . 0023 , 𝑝 < . 001 ) and BMI ( 𝑟 = 0 . 0053 , 𝑝 < . 001 ) with participant 

Fig. 5. Comparison of registration methods by mutual information (MI) with 

respiratory chest sensor movements. High MI indicates that chest movements 

are contained in the head motion traces. Random motion describes a randomly 

generated transformation series. All pairwise differences between methods are 

significant, measured by the Wilcoxon signed-rank test ( 𝑝 < . 001 ). 

motion is highly significant (see Fig. 8 ), confirming previous findings 

with our method. Participants sex is not significantly correlated with 

in-scanner head motion ( 𝑟 = 0 . 0089 , 𝑝 = . 446 ). These expected findings 

showcase, that our metric can be used to quantify motion for down- 

stream analysis. 

3.6. Longitudinal motion effects during a scan session 

Finally, we apply our method by modeling motion effects and in- 

teractions over the course of the whole scan session. Since the optical 
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Fig. 6. Comparison of registration methods by linear correlation coefficient 

(Pearson’s-r) of calculated motion score and T1w image quality metrics. Since 

competing methods do not generate a motion average, we use our mo- 

tion score to aggregate both motion traces. The shown metrics generated by 

the MRIQC (Esteban et al., 2017) toolbox are: the entropy focus criterion 

(EFC) (Atkinson et al., 1997) , Mortamet’s quality index 2 (QI2) (Mortamet et al., 

2009) , signal to noise ratio (SNR), foreground-to-background energy ratio 

(FBER) (Shehzad et al., 2015) , and mean background intensity (BG). 

Fig. 7. Motion (30-seconds moving average) increases during image acquisition 

and throughout the full MRI session. The line indicates the average of partici- 

pants motion, if samples of more than 20% of participants are available and the 

shaded area indicates the interquartile range if samples of more than 80% of 

participants are available. The number of available samples differs over time 

due to varying gaps between sequences. Annotations indicate the different MR 

sequences. 

tracking method is independent of the scanner we can, for the first time, 

directly compare motion in a 1h scan session across multiple MR se- 

quences. We perform this analysis with the linear mixed effects model 

(LME) described in Section 2.5 . 

In the standardized protocol of the Rhineland Study, motion in- 

creases significantly over time with approximately 0.6% per minute 

(0.001751 mm/s) of mean motion across all participants [MMAAP] 

(time: 𝑝 < . 001 , 𝑧 = 706 . 145 ) as illustrated in Fig. 7 . A similar increase 

can be observed per one year of participant age (0.7% MMAAP, 

0.002077 mm/s, 𝑝 < . 001 , 𝑧 = 5 . 159 ). We also find a strong correlation 

with the body mass index (BMI), where one point of BMI increased 

motion levels by around 1.5% MMAAP (0.004397 mm/s, 𝑝 < . 001 , 𝑧 = 

3 . 411 ). There is no significant difference in motion levels across sexes 

( 𝑧 = 0 . 493 , 𝑝 = . 622 ). 
The linear mixed effects model also contains time interactions. We 

observe a significantly higher increase of motion over time for increased 

age and body mass index of participants (time × BMI: 0.021% MMAAP 

0.000060 mm/s, 𝑧 = 132 . 906 , 𝑝 < . 001 , time × age: 0.002% MMAAP, 

0.000002 𝑧 = 40 . 322 , 𝑝 < . 001 ). This indicates that levels do not only in- 

crease in groups of higher BMI and age, but that the increase of mo- 

tion over time in the scanner is amplified by these correlates of head 

motion, though the additional increase is very small in comparison to 

the general increase of motion during the session. Participant sex has a 

larger measured impact on motion increase over time with male partici- 

pants having a slower increase of motion over time (time × sex: 0.069% 

MMAAP, 0.000199 mm/s, 𝑧 = 52 . 392 , 𝑝 < . 001 ), despite no significant 

cross-sectional effect. All of the described interaction effects, however, 

are weak compared to the overall increase over time, suggesting that 

cross-sectional motion differences are similar throughout the scan ses- 

sions. 

Since within-scanner motion tracking is not always available, we test 

whether motion can be inferred from one sequence to later sequences. 

A previously proposed motion correction strategy is using readily avail- 

able motion traces from fMRI to exclude participants with increased mo- 

tion levels (Pardoe et al., 2016 ; Savalia et al., 2017) from morphological 

statistical analyses in order to reduce bias. In the Rhineland Study’s stan- 

dardized protocol the resting state acquisition is first in the session. For 

the first time, we compare direct estimates of motion during functional 

MRI and other MRI sequences, to see whether motion levels are sta- 

ble throughout the scan session. In a paired linear correlation analysis, 

shown in Fig. 9 , we observe a high correlation coefficient for all scans in 

the one hour protocol (Pearson’s-r; adjacent to fMRI: 𝑡 = 0 . 88 , 𝑝 < . 001 ; 
35 minutes after fMRI: 𝑡 = 0 . 77 , 𝑝 < . 001 ). 

4. Discussion 

We present a robust method to extract motion traces and a repre- 

sentative motion score from a depth video of the face. The proposed 

registration method outperforms the vendor-supplied method on three 

indirect validation tasks. Besides the registration method we introduce 

tools to compare head motion traces. We, furthermore, perform associ- 

ation studies of head motion as a variable of interest with BMI, sex, age 

and scan session time in the Rhineland study. 

The proposed registration method combines a robust point-to-point 

registration with a-priori outlier detection and a regularizer specific to 

the face tracking application. A key to the performance and robustness 

of our method is exploiting the high sampling frequency of the camera. 

Contrary to e.g. fMRI based motion tracking, the movement performed 

between measurements is much smaller, allowing for a detailed estima- 

tion of the head motion. This also allows a highly constrained registra- 

tion, which targets a smaller range of movements possible in 125 ms and 

permits real time processing. Markerless tracking, however, comes with 

a trade-off. Contrary to MRI-based motion tracking, only a small part 

of the head is visible and the skin can cause non-rigid movements. We 

address these limitations with two additions to the registration. To ad- 

dress non-rigid movements and noise on the measured face area we add 

a robustness criterion (Bergström and Edlund, 2014) and to achieve sta- 

ble inference of the head position at the back of the head, we introduce 

an anatomically motivated regularizer. We evaluate the impact of these 

additions and their parameters in the ablations study ( Fig. 3 ) and see 

large improvements for sensible robustness criteria and regularization. 

Direct method validation with ground truth motion is exceedingly 

rare and difficult in the head motion tracking domain. A promising av- 

enue for this are movable head phantoms (Einspänner et al., 2022) . 

However, these phantoms are not widely available and can not yet im- 

itate realistic movement patterns of participants. Therefore secondary 

metrics of head motion, like fMRI-based estimates should be chosen for 

indirect method validation. We believe that multiple secondary metrics 
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Fig. 8. Our average motion score correlates significantly with body mass 

index (BMI) and age in a linear correlation model, that includes sex, BMI, 

and age ( 𝑝 < . 001 ). Depicted is the scatter data with independent linear 

fits. 

Fig. 9. Paired linear correlation (Pearson’s-r) analysis: motion during a rest- 

ing state fMRI (RS fMRI) sequence is a good approximation for depth camera 

motion estimates (1-minute moving averages) during following sequences. The 

measures were averaged in 1 minute bins and bins with less than 90% of total 

available samples were discarded. For a description of sequences and correla- 

tions per image acquisition see A.1 . 

are required for method validation in order to reduce bias in the com- 

parison of two imperfect motion estimates. Unfortunately, this practice 

is currently not widespread, with some previous markerless and marker- 

based optical tracking methods only using MRI motion correction capa- 

bilities as real-world validation (Maclaren et al., 2012 ; Slipsager et al., 

2019) . With the proposed extension of Jenkinson’s transformation dif- 

ference to motion traces and the use of three secondary sources of mo- 

tion measurements: 1. fMRI-based motion traces, 2. respiratory chest 

movement, 3. structural image quality metrics, we hope to contribute 

to the development and validation of head tracking methods in general. 

A limitation of our test setup is the storage space for motion se- 

quences, which only allows us to save every fourth point cloud for ret- 

rospective registration. The vendor-supplied software ”TracSuite ” pro- 

cesses all point clouds directly upon capture and, therefore, has access 

to additional point clouds. We expect this asymmetry of conditions in 

the method comparison with otherwise same conditions to favor Trac- 

Suite, since more point clouds can be used to reduce the acquisition 

noise (which was a key challenge throughout the development of this 

method). Future applications of our method executed in parallel with 

the MR acquisition could also benefit from the additional temporal res- 

olution. Furthermore, it would allow: i) using our metrics and accurate 

tracking to provide real-time feedback about participant motion to MRI 

operators, and ii) improving previously proposed (Frost et al., 2019 ; 

Slipsager et al., 2022) markerless online motion correction methods. 

Our method outperforms TracSuite on all three validations. While 

TracSuite has high mutual information with respiratory chest move- 

ment, matching the findings of (Slipsager et al., 2019) , it performs worse 

than no registration (identity) in comparison to fMRI based estimates for 

our 563 participant dataset. These inconsistent results underline the im- 

portance of multiple different metrics when performing indirect method 

validation. The surprising under-performance of TracSuite might be an 

indicator that it targets high-motion, clinical groups and does not gen- 

eralize well to compliant participants with little head motion, where no 

motion is a decent assumption. Since the competing method is not open 

source, we cannot further investigate this result. The overall low motion 

in our dataset can be seen by the seemingly high performance of the “no 

registration baseline ”. Participants remain still for large parts of the scan 

causing the residual MTD to MCFLIRT of the baseline and our method to 

be of similar magnitude. At short times, the difference between the two 

methods, can be larger than the head motion. However, when averaging 

over the whole dataset, our method agrees with MCFLIRTs estimates of 

head position. To showcase the difference to high-motion datasets we 

show the comparison to fMRI for a case of extreme, induced motion 

in Appendix C , where both methods clearly outperform the baseline. A 

strength of our methods is that the fMRI validation can be performed 

without additional hardware and therefore our method can easily be re- 

optimized and validated for different scan setups and cohorts. For the 

extreme motion case, for example, we re-ran the optimization and found 

that regularization is not helpful in large motion settings, but exchang- 

ing the motion-tracker derived reference by the reference derived from 

the T1w MR-image improves the registration performance for this case, 

which has very different, larger patterns of movement, due to induced 

motion and removed padding. 

While the estimation of head positions is optimized with fMRI-based 

estimates as ground truth, our score of average motion is theoretically 

motivated. In this work, we do not consider the way motion impacts 

MRI scans differently depending on the type and time-point of mo- 

tion. Nonetheless, we can show correlation with image quality metrics 

11 



C. Pollak, D. Kügler, M.M.B. Breteler et al. NeuroImage 275 (2023) 120176 

and achieve higher correlation coefficients than the competing method 

in a fair comparison (using the same scoring). This implies that our 

method quantifies motion relevant for acquisition more accurately than 

the other methods. 

The strength of the proposed scoring is the direct application as 

scanner-independent metric for statistical analyses in population stud- 

ies. We show this by performing a straightforward statistical analysis 

to replicate previous findings of motion associations with BMI and age 

and, furthermore, apply our method to test whether motion increases 

throughout the scan sessions. We find that time in the scanner is indeed a 

strong, significant correlate of motion, confirming previous fMRI-based 

studies of in-scanner head motion (Meissner et al., 2020) . Motion is, 

for example, increased by approximately 29% after 35 minutes of scan- 

ning in our dataset. This trend can also be observed in Fig. 7 , where 

we show motion increases over time. A confounder of this visualiza- 

tion is a reduced sample size at the start and end of MRI sequences. 

Since breaks between scans are inevitably of different length, the start 

and end of each sequence include fewer samples, containing partici- 

pants with exceptionally short or long breaks. We outline this effect, 

by removing the confidence interval and plotted line for fewer than 

20% and 80%, respectively. The resulting graph shows an intra-scan 

and intra-session increase of motion, but an inter-scan reduction of mo- 

tion in most cases, which is in agreement with the previously demon- 

strated effectiveness of short breaks (Meissner et al., 2020) . We also 

note, that motion measurements seems to increase more than expected 

during the Diffusion weighted image (DWI) acquisition and decreases 

afterwards. This phenomenon might be connected to the rapidly chang- 

ing gradients during DWI, which cause loud noises and vibrations. This, 

in turn, could affect participants’ head motion levels and possibly also 

the measurement system itself. We, however, did not find any notice- 

able vibration artifacts in the motion tracking point cloud data by visual 

inspection. 

Despite a marked increase of motion over time, overall motion lev- 

els can be considered low. The Rhineland Study with its compliant and 

predominantly healthy participants incorporates several procedures to 

reduce head motion, which results in small absolute effect sizes. This 

is corroborated by high structural image quality (shown by the afore- 

mentioned low number of WARN or FAIL ratings compared to clinical 

cohorts) and the fact that “no motion ” is a decent estimate for fMRI 

based head motion traces, while the difference is higher by an order of 

magnitude in an induced motion experiment (see Appendix C ). 

Nevertheless, the LME also reconfirms significant cross-sectional 

associations of BMI and age with motion. Given that motion can 

bias downstream morphometric analyses (Alexander-Bloch et al., 2016 ; 

Reuter et al., 2015) , it is likely beneficial to control for head motion, 

even when it is small, to disentangle motion effects from real anatomi- 

cal changes. The age correlation further underlines that quantifying and 

controlling for head motion could be important when aiming to find sub- 

tle longitudinal differences. 

Age and BMI are only two of the many potential markers that corre- 

late with motion. We did not yet investigate any disease states, smoking, 

sleep, sport, or medications, which is an obvious avenue for future work. 

Even beyond, high-frequency motion tracking can be used to analyze 

motion patterns of participant groups. Previous research, for example, 

has shown causation between increased BMI and increased motion lev- 

els (Beyer et al., 2020) with fMRI based motion estimates, but it remains 

unclear what type of movements were exhibited by overweight partic- 

ipants. The authors cite alterations in the respiratory system (Littleton, 

2012) and alterations in dopaminergic signaling (Tomasi and Volkow, 

2013) as possible reasons for a decrease of head motion after drastic 

weight loss, due to bariatric surgery. As we show in our validation, the 

proposed method captures head motion associated with respiration, in 

addition to larger, impulsive movements. By measuring the change in 

these different motion types, researchers could gain valuable informa- 

tion in the possible mechanisms of increased head motion. 

We note, that sex is not significantly associated with motion in the in- 

vestigated population, despite previously shown significant differences, 

with females moving less than males (Huijbers et al., 2017) , especially 

for pediatric patients (Dosenbach et al., 2017 ; Frew et al., 2022 ; Madan, 

2018 ; Pardoe et al., 2016) . Surprisingly, we find that males’ motion lev- 

els increase significantly less than females’ motion levels during the scan 

session. We also find significant interactions between time in the scanner 

with BMI and age, with increased BMI and age associated with a faster 

increase of motion over time. These results indicate, that the potentially 

increasing discomfort is amplified in older participants and participants 

with larger BMI. The interaction effect sizes, however, are very small 

compared to the cross-sectional motion effects and the overall motion 

increase with time. 

The small size of interaction effects indicates a high rank-consistency 

of motion levels during the scan session as previously shown during mul- 

tiple functional MRI measurements (Savalia et al., 2017) . Since motion 

tracking is not readily available on all sites, we investigate whether we 

can measure direct paired linear correlation between motion during the 

initial fMRI sequence and following sequences. High correlation indi- 

cates that a single measurement of motion at the beginning is predictive 

of motion levels, even at later stages of the scan protocol. Therefore 

an initial measurement could be enough to correct for motion in all 

sequences, given a consistent ordering of scans. Fig. 9 shows that cor- 

relation with average motion during resting state (RS) fMRI is highly 

correlated with two minute intervals during the same sequence, but the 

correlation drops sharply at the begin of the next sequence (T1w image 

acquisition) and then continuously decreases. This could be caused by 

a different scanning environment during functional scan (with a fixa- 

tion cross, typical for RS fMRI) and other sequences where a movie is 

shown to participants. Watching movies has been shown to reduce head 

motion compared to a fixation task (Greene et al., 2018 ; Huijbers et al., 

2017 ; Vanderwal et al., 2015) , which might influence correlation of mo- 

tion levels. Nonetheless, we see rather high paired linear correlation be- 

tween average RS fMRI and the following sequences, indicating that, 

in absence of dedicated motion tracking, fMRI can be used to estimate 

motion levels during the whole scan session. 

Due to the significant increase of motion over time, we recommend 

that important sequences or sequences with high sensitivity to motion 

should be acquired first - especially in long sessions. The common as- 

sumption of increased motion at the beginning of the first scan can be 

rejected in accordance with previous literature (Meissner et al., 2020) . 

Further, to reduce motion bias, the order of sequence acquisition should 

ideally remain constant in longitudinal studies. 

Overall, we introduced a performant, accurate method for robust reg- 

istration of depth images of the face. This method, in combination with 

extensive validation and reliable aggregation into an average score, is 

capable of finding previously known and unknown motion effects in a 

large population cohort study. It, furthermore, provides a sensitive mea- 

sure of head motion to analyze and control motion effects in statistical 

association studies. 
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Appendix A. Average motion levels 

Table A1 

We report the average motion for all MR scans in the protocol, as defined 

by our motion score (see Section 2.3 ). Additionally we show the pair-wise 

linear correlation coefficient of motion measured during the resting state fMRI 

sequence and other sequences. Finally, we show the approximate length of 

each image acquisition in seconds. 

Sequence 

average motion 

[mn/s] 

Pearson’s-r 

to fMRI 

scan 

duration [s] 

Resting state functional MRI 0.255 ± 0.126 1.000 625 

T1-weighted imaging 0.273 ± 0.124 0.879 395 

T2-weighted imaging 0.301 ± 0.162 0.863 287 

Fluid-attenuated inversion 

recovery (FLAIR) 

0.301 ± 0.153 0.824 277 

Diffusion-weighted imaging 0.315 ± 0.147 0.768 682 

Quantitative Susceptibility 

Mapping (QSM) 

0.313 ± 0.148 0.775 380 

Appendix B. Qualitative comparison of respiration- and head 

motion signals 

We show a qualitative visualization of the respiration signal (relative 

chest movement), TracSuite, and our method (motion quantified by HPD 

to initial reference depth image). Since TracSuite does not offer post- 

processing, we use our smooth equidistant re-sampling method to de- 

noise and re-sample both sequences equally. The result in Fig. B1 shows 

respiratory movements in both motion traces, however, the TracSuite 

signal contains a lot of ”jitter ”, which could indicate noisy measure- 

ments. This is also reflected in the mutual information scores (TracSuite: 

0.40, Ours: 0.73), even though the case was chosen to be as close as pos- 

sible to both methods’ 50th percentile mutual information score. At 45 

seconds we can observe a distinct pattern of an elongated spike with 

two peaks in all three signals. 

Appendix C. Induced motion experiment 

We show the comparison of fMRI-based motion estimates to our reg- 

istration method and TracSuite for one case, where the participant was 

asked to move in the scanner with removed padding. This results in 

much higher motion levels, than in the Rhineland Study ( Fig. 4 ), caus- 

ing a larger difference between “no registration ” baseline and motion 

estimates of MCFLIRT. We use the fMRI frames to re-adjust our method 

for higher motion levels, as shown in Section 3.1 , resulting in the param- 

eters: reference point cloud = T1w MRI, regularizer weight = 0, max. 

optimizer steps = 50, 𝑟 𝑏 = -0.5, criterion function = Huber’s function. 

For this single recorded high-motion case the difference of methods is 

not significant. Results can be seen in Fig. C1 below. 

Fig. C1. Comparison of registration methods with fMRI motion traces as refer- 

ence standard (as Fig. 4 ) for one case of induced motion. “Ours ∗ ” is our method 

with adjusted parameters for higher motion levels. 

Fig. B1. This figure shows a qualitative comparison of respiratory chest 

movements (top) with our registration method (middle) and TracSuite (bot- 

tom) for a short, representative time interval of a single participant. 
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Appendix D. Motion trace difference 

Here we describe the computation of motion trace differences in 

more detail. Prior to comparison we ensure with re-sampling and reg- 

istration (see Section 2.3 ) that the 𝑛 sampling time points of the two 

different motion traces agree and that they are defined with respect to 

the same aligned coordinate system (here from T1w MRI). 

A motion trace consists of multiple head poses that can be de- 

scribed as homogeneous transformation matrices 𝑀 𝑖 = 𝑃 𝑟𝑒𝑓 ←← → 𝑃 𝑖 map- 

ping a reference measurement (e.g. point cloud captured at the start 

of the session) 𝑃 𝑟𝑒𝑓 to a measurement at time point 𝑖 ( 𝑃 𝑖 ) of the trace. 

For the second motion trace, this reference is usually collected at a dif- 

ferent time point and, thus, transformations are not directly compara- 

ble. This could be solved by selecting the same time point as the ref- 

erence for both traces, e.g. time point one 𝑃 𝑟𝑒𝑓 = 𝑃 1 and multiplying 

every transformation with the inverse transformation of the first time- 

point 𝑃 1 ←← → 𝑃 1…𝑛 = 𝑀 1…𝑛 ×𝑀 

−1 
1 . However, fixing a single reference time 

point in this fashion introduces bias into the motion trace. When we 

consider 𝑀 1 to consist of registration error 𝜖 and true head pose 𝑇 , we 

see that calculating 𝑃 1 ←← → 𝑃 1…𝑛 = 𝑀 1…𝑛 ×𝑀 

−1 
1 = 𝑀 1…𝑛 × ( 𝑇 × 𝜖) −1 prop- 

agates the error 𝜖 to every head pose. 

To avoid emphasizing a specific time point with unknown head pose 

error we rephrase the motion-traces with respect to all possible time 

points. Consequently, we calculate the MTD, by averaging the HPD of 

all 𝑛 head poses with all possible 𝑛 time points as the reference 𝑃 𝑖 ←← → 𝑃 𝑗 
with 𝑖, 𝑗 ∈ 1 .𝑛 . This results in the term: 

MTD ( 𝐴 1…𝑛 , 𝐵 1…𝑛 ) = 

∑𝑛 
𝑘 =1 

∑𝑛 
𝑙=1 HPD ( 𝐴 𝑙 𝐴 𝑘 

−1 , 𝐵 𝑙 𝐵 𝑘 −1 , ℎ 𝑐 , ℎ 𝑟 ) 
𝑛 2 

(D.1) 

to compare two motion traces 𝐴 1…𝑛 , 𝐵 1…𝑛 (i.e. a series of homogeneous 

transformation matrices or head poses), with a head model of radius ℎ 𝑟 = 

82.5 mm and center ℎ 𝑐 . The resulting metric is a performant, symmetric, 

and interpretable measure of the difference between two transformation 

series, that describes the average difference of head pose estimates in 

millimeter. 

Appendix E. Ethics 

The Rhineland Study is carried out in accordance with the recom- 

mendations of the International Council for Harmonisation’s “Good Clin- 

ical Practice ” standards (ICH-GCP). Written informed consent was ob- 

tained from all participants according to the Declaration of Helsinki. 

Approval was granted by the Ethics Committee of University Bonn. 

The raw data visible in Figure 1 and 2 is specifically acquired for 

this work. The participant has given informed consent to inclusion of 

the motion tracking raw data in this publication. 
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ESTIMATING HEAD MOTION FROM MR-IMAGES
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ABSTRACT
Head motion is an omnipresent confounder of magnetic resonance image (MRI) analyses as it systematically
affects morphometric measurements, even when visual quality control is performed. In order to estimate
subtle head motion, that remains undetected by experts, we introduce a deep learning method to predict in-
scanner head motion directly from T1-weighted (T1w), T2-weighted (T2w) and fluid-attenuated inversion
recovery (FLAIR) images using motion estimates from an in-scanner depth camera as ground truth. Since
we work with data from compliant healthy participants of the Rhineland Study, head motion and resulting
imaging artifacts are less prevalent than in most clinical cohorts and more difficult to detect. Our method
demonstrates improved performance compared to state-of-the-art motion estimation methods and can quan-
tify drift and respiration movement independently. Finally, on unseen data, our predictions preserve the
known, significant correlation with age.

Keywords Motion estimation ·MRI quality · Deep learning ·Motion tracking

Corresponding author: Martin Reuter (martin.reuter[at]dzne.de)

1 Introduction

Head motion is a ubiquitous challenge for magnetic reso-
nance image (MRI) acquisition. It causes a range of image
artifacts that introduce bias in downstream analysis [1–6],
which persists despite expert quality control [1, 2]. While
initially explored for clinical cohorts with increased motion
levels [5–8] or induced motion [1, 9], less research focuses
on motion in studies of healthy, compliant population co-
horts [2, 10] such as the Rhineland Study [11, 12]. Critically,
the lack of a sensitive and reliable motion estimation method
to quantify subtle motion hinders the inclusion of motion es-
timates in statistical models to control motion-induced bi-
ases. For example, careful visual inspection of the Rhineland

*These authors contributed equally to this work

Study dataset, used in this paper, did not detect any cases
with clearly visible motion artefacts that would warrant ex-
clusion. Yet, even in the 75-participant subset reserved for
testing, a statistically significant correlation of motion with
age can be shown, underlining the need for sensitive estima-
tion and control of head motion in MRI analyses.

In this paper, we propose a method to directly estimate
head motion from the acquired MR image. We measure
head motion during MRI acquisition via head tracking with
a depth camera and establish a ground truth motion score
per sequence. This is contrary to the currently established
paradigm of predicting discrete motion severity levels estab-
lished via an expert manual quality control process [8–10,
13–18]. Expert ratings are limited by their subjectivity to

Accepted in IEEE 20th International Symposium on Biomedical Imaging (ISBI) ©2023 IEEE. Personal use of this material is per-
mitted. Permission from IEEE must be obtained for all other uses, in any current or future media, including reprinting/republishing
this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or
reuse of any copyrighted component of this work in other works.
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Estimating Head Motion from MR-Images

the specific task and human perception [18–20] hindering
their general utility, specifically for compliant, low-motion
cohorts. Camera-based motion measurements, on the con-
trary, are objective and sensitive even for low-motion co-
horts, where motion-induced image artifacts are almost in-
visible.

Since the rise of deep learning, tools have been able to pre-
dict expert motion ratings with increasing accuracy [8–10,
13–18] sometimes addressing previous limitations, for ex-
ample the subjectivity to the task [18]. Currently, the only al-
ternative to the prediction of expert labels is to predict a per-
ceptual image similarity metric between low motion ”base-
line” images and high-motion images, which are retrospec-
tively simulated [21]. This approach replaces the human
annotation task by a comparison of images with a percep-
tual similarity metric (SSIM), which may also suffer from
similar limitations as expert labels. Moreover, the methods
accuracy on real-world data relies on realistic, high-quality
simulation, which also has to be adapted to each acquisi-
tion sequence. Meanwhile, our method can be directly re-
trained even on different modalities, without any changes.
Recent work in the field of in-MRI motion tracking enabled
highly accurate tracking of head-motion during acquisition
with the MRI scanner [22, 23], optical cameras [24, 25] or
other devices [26, 27]. Yet, until tracking devices and meth-
ods are deployed to all imaging sites, image-derived motion
estimates may help reduce potential motion induced biases –
even retrospectively.

Our contributions are threefold – we 1. introduce – for the
first time – the estimation of an objective motion score from
images of three MRI sequences, 2. present a deep-learning-
based solution, which outperforms DenseNet and state-of-
the-art quality/motion estimation methods on a dataset of
compliant, low-motion participants, and 3. quantify motion
from respiration and (relaxation) drift. Finally, our method
detects the significant, known correlation between predicted
motion and age. We will publish our code on GitHub*.

2 Materials & Methods

2.1 Data acquisition

The Rhineland study is an ongoing population study recruit-
ing a representative cohort of healthy participants above the
age of 30. Our dataset describes a subset (ages 30 to 95
years) of 500 participants (282 female) with T1w, T2w and
FLAIR images (at 0.8, 0.8 and 1.0mm isotropic voxel size,

*https://github.com/Deep-MI/head-motion-from-MRI/

0.0 0.2 0.4 0.6 0.8 1.0 1.2
ground truth motion score (mm/s)

0.0
0.2
0.4
0.6
0.8
1.0
1.2

m
ot

io
n 

pr
ed

ict
io

n 
(m

m
/s

)

PASS
WARNING
No FAIL cases

Figure 1: Plot of ground truth and predicted motion score. Blue
PASS and orange WARN (visible artifacts) test images may be per-
fectly separated with a threshold of 0.6.

respectively) following a standardized acquisition protocol*.
This dataset also includes expert quality-labels of T1w im-
ages (PASS, WARN or FAIL), where WARN indicates visible
and FAIL strong artifacts (insufficient for downstream anal-
ysis). However, no images are rated as FAIL and only 9 im-
ages as WARN. The low number of WARN and FAIL cases is
likely founded on high compliance and extensive efforts to
reduce head motion during MRI acquisition including tight
head padding, scheduled speaking breaks, careful partici-
pant instruction, and calming nature scenes shown during
the scan.

To quantify the participant’s head motion, a video of depth
images showing a portion of their face is collected concur-
rently to the scan [24]. Individual frames are aligned with
a reference frame resulting in time series of rigid transfor-
mations. To obtain a per-sequence, scalar motion score, we
1. synchronize MRI and depth camera, 2. compute Jenkin-
son’s transformation differences [29] per pair of transforma-
tions, and 3. extract and average values for the duration of
individual sequences. The Jenkinson’s transformation dif-
ference summarizes rigid transformations by averaging dis-
placements within a spherical head model. The final motion
score quantifies the average motion in millimeter per second.
We randomly split the dataset into training, validation, and
evaluation sets of 350, 75 and 75 participants, respectively.

2.2 Distinguishing motion patterns

In addition to the per-sequence motion score, we distinguish
between three prominent types of in-scanner head motion

*For details on the acquisition of 3D T1w MPRAGE (scan
length 6.5 min), 3D T2w (4.6 min) and FLAIR (4.5 min) images,
see Lohner et al. [28].

2



Estimating Head Motion from MR-Images

corresponding to three frequency bands: i) head drift, ii)
periodic motion due to breathing, and iii) “noisy motion”,
which we expect is hard to estimate. To determine global
filter thresholds, we estimate upper and lower median res-
piratory frequency of participants during the T1w sequence
from an independent respiration sensor as 0.1Hz and 0.5Hz.
We apply symmetric Butterworth filters (low-pass, band-
pass and high-pass, respectively) to the time series of Jenk-
inson’s transformation differences. From the filtered signals,
we aggregate the motion score as before resulting in three
frequency-dependent targets.

2.3 Neural network & training

For the estimation of motion scores from 3D MR images,
we adopt a fully convolutional neural network (CNN) from
brain age estimation [30], an established regression task in
medical imaging. The lightweight architecture permits train-
ing the 3D CNN on a single NVIDIA A100 GPU with batch
size two. Instead of directly regressing the motion score,
we follow Peng et al. [30] in their approach and 1. gener-
ously define the expected range of motion [0, 3.12] mm/s, 2.
split it into 40 bins of ‘prototypes’, 3. for each prototype cal-
culate the probability that the current motion score belongs
into the prototype, and 4. train the CNN using a Kullback-
Leibler loss (Adam optimizer for 500 epochs, approx. 10 h
on one A100 GPU). To reconstruct the motion score from
the predicted probability distribution, we sum the product
of prototype centers and predictions. Many standard data
augmentation strategies are not suitable for motion estima-
tion, since the re-sampling of images affects the image noise,
which is why we avoid interpolation of images completely.
Helpful data augmentation, on the other hand, include inten-
sity scaling in the range [0.9,1.1] and random flipping with
30% probability along all axes. In our ablation study (Sec-
tion 3.3), we explore different pre-processing operations. A
focus on the 8 Least Significant Bits (LSB8) is useful for this
task, leaving only an integer representation of the fine image
differences.

2.4 Evaluation & statistical methods

We evaluate the regression model with the coefficient of de-
termination (R2 score – a measure for the average error) and
Spearman’s rank correlation coefficient (Spearman’s ρ – a
measure for correct ranking). The R2 score normalizes the
mean squared error to a range of [−∞, 1], where score <0
indicates a prediction error worse than a constant prediction
of the dataset mean and a score of 1 indicates perfect pre-
dictions. The Spearman’s ρ, on the other hand, is defined in

Method R2 Spr-ρ

re
-t

ra
in

ed

Ours 0.433 0.584
DenseNet [31] 0.395 0.447
SFCN [30] 0.275 0.454
MIQA CNN [8] -0.273 0.192

Q
C

to
ol

s MIQA MA / QS - 0.243 / 0.240
MIQA MA / QS1 - -2 / 0.338
AES [7] - 0.110

Table 1: Our methods outperforms SOTA approaches in both
Spearman’s ρ (Spr-ρ) and R2 scores (only valid for predicted mo-
tion scores) when predicting motion scores from T1w images on
the test set. MA: motion artefact score, QS: quality score, 1images
standardized, 2no motion detected

the range [0, 1]. It is not affected by large, absolute errors
of outliers and more sensitive to prediction errors, where the
sampling of values is denser (i.e. more sensitive to small er-
rors on values close together). We also analyze the rank cor-
relation between motion and age using this method. We use
the R2 score as the primary metric for ablation, and select
parameters that have the highest R2 score on the validation
set in experiments.

3 Results

We visualize the performance of our method on the un-
seen test set in Figure 1, which illustrates good correla-
tion between ground truth measured motion (horizontal axis)
and predictions from images (vertical). Perfect predictions
would lie on the black line. Our method perfectly separates
PASS (no artifacts) and WARN (mild artifacts) cases. A hor-
izontal separation line at ≈ 0.6mm/s can be found but no
vertical line for the ground truth motion score.

3.1 Comparison with state-of-the-art motion
estimation

To the best of our knowledge, there is currently no com-
peting method to predict measured, in-scanner head motion
from MR images. Since quality estimation methods cannot
be easily re-trained on our dataset, which has few WARN
and no FAIL labels, we compare with the pre-trained MIQA
quality estimator [8] and Average Edge Strength (AES) [7],
a heuristic known to correlate with motion [7]. Addition-
ally, we compare our method with three deep learning ar-
chitectures re-trained on our dataset: i) DenseNet [31], ii)
SFCN [30], a CNN for brain age prediction, and iii) the
CNN used by MIQA [8]. Our method, which is an improve-
ment of SFCN (e.g. initializer), achieves the best correlation

3
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Input Target R2 Spr-ρ

T1 motion score 0.433 0.584
T2 motion score 0.362 0.556
FLAIR motion score 0.299 0.489

T1 drift 0.183 0.637
T1 breathing band 0.185 0.382
T1 noisy motion 0.050 0.337

Table 2: The evaluations show generalization of our method to
predicting the motion score on T2w and FLAIR images and very
promising Spr-ρ performance for detection of drift on the test set.

with ground truth motion scores on the unseen test set (Ta-
ble 1). The negative R2 of the re-trained MIQA CNN indi-
cates failed generalization.

The pre-trained MIQA tool aggregates predictions of ex-
pert ratings for 9 artifact types including a ‘motion artifacts’
(MA) score into a continuous quality score (QS). We select
their probabilities as potential correlates of our motion score.
Since MIQA has been trained on the 1mm T1w-PREDICT-
HD dataset, we test, whether rescaling and resampling im-
ages with FastSurfer’s [32] conform tool to 1mm reduces
domain shift. We measure a low but significant correlation
between QS and motion score as well as between MA and
motion score on the native 0.8mm images. While previ-
ous work reported that probabilities of ratings, like those of
MIQA, quantify subtle differences in motion, despite binary
ground truth labels [16], MA probabilities are zero for all
conformed images (consistent with the lack of manual FAIL
labels). QS, on the other hand, significantly correlates with
the motion score. In addition to the deep learning estimators,
we evaluate the performance of AES [7], but do not find sig-
nificant correlation between AES and the ground truth mo-
tion score.

3.2 Generalization to T2/FLAIR and motion types

We test the generalizability of our method to new tasks by
predicting the motion score for T2w and FLAIR images, as
well as predicting drift and respiratory motion on T1w im-
ages. For each task we re-train the network architecture and
show the results in Table 2. While the R2 score is not directly
comparable across different tasks, we find good performance
by purely re-training the model for these modalities. The
Spearman’s-ρ in T2w and FLAIR experiments is similar to
T1w experiments despite optimization on T1w only.

To quantify different motion types, we define two distinct ag-
gregates of participant motion: i) slow relaxation-drift over

Method Images R2 Spr-ρ

CNN MSE loss T1 (LSB8) 0.117 0.376

CNN ours T1 (unprocessed) 0.341 0.551
CNN ours T1 (robust scaling) 0.322 0.489
CNN ours T1 (remove head) 0.369 0.525
CNN ours T1 (LSB8) 0.393 0.491

Table 3: Ablation of loss function and image pre-processing on the
validation set. LSB8: 8 Least Significant Bits.

time, and ii) periodic head motion due to breathing. We fil-
ter motion estimates as described in Section 2.2 and train
our architecture to predict the aggregates (Table 2). Our
method can predict both slow drift (low frequency) motion
and respiratory (medium frequency) motion from the T1w
images. The aggregate of high frequencies, which are not
associated with known motion types (noisy motion), cannot
be predicted.

3.3 Ablation study

To optimize the parameters for our method, we compare
choices for loss and preprocessing on the validation set.
A critical finding of this work is that direct prediction
trained using an Mean Squared Error (MSE) loss only
achieves mild correlation with the motion score, while using
a multi-dimensional probability distribution together with a
Kullback-Leibler divergence loss yields a large performance
uplift. For this MSE-loss ablation in Table 3 (top), we reduce
the last layer to a single output and remove the softmax.

Several measures of image quality have taken advantage of
the background signal to determine a reduction in image
quality [33, 34]. Consequently, we explore the effects of
four image pre-processing operations on the prediction qual-
ity in Table 3: No pre-processing, FastSurfer’s [32] robust
scaling (removing 20% of high intesity voxels), removing
the head with FreeSurfer’s head segmentation tool [35, 36]
(the result is just the background) and dropping the Most
Significant Bits leaving us with the 8 Least Significant Bits
(LSB8). The latter approach, which drops the information
about the absolute size of values directly on the images in-
teger representation, surprisingly outperforms other ways of
adjusting image intensities. This finding was validated in
multiple experiments and across additional hypotheses.

3.4 Correlation with age

In adult populations, increased head motion in the MR scan-
ner is associated with the increased age of participants [4,

4



Estimating Head Motion from MR-Images

30 40 50 60 70 80
age

0.2

0.4

0.6

0.8

m
ot

io
n 

pr
ed

ict
io

n 
(m

m
/s

)

Figure 2: Age is significantly correlated with our motion predic-
tions. This reflects the ground truth motion score labels (not shown)
and is outlined by a linear fit, displayed as a red line.

37]. We can also measure this correlation within the ground
truth motion score using Spearman’s ρ and find a significant
correlation with age on the whole dataset as well as only on
the test set (p <0.001). Our predictions also present this cor-
relation with age on the test set (p <0.001) as illustrated in
Figure 2 with the linear fit.

4 Discussion & conclusion

We introduce a novel task of in-scanner head motion estima-
tion directly from MR images. The presented deep learning
method provides sensitive predictions of motion levels cap-
turing subtle correlations with known confounders such as
age – all in unseen images that pass visual inspection. Two
factors contribute to this sensitivity: predicting the probabil-
ity distribution of ‘prototypes’ together with the Kullback-
Leibler divergence loss, and the input of least-significant-
bit (LSB) images. Why LSB images are preferable to raw
structural images or their background should be further in-
vestigated in future work.

A well-known limitation of deep learning methods is the lim-
ited generalizability to unseen datasets. Large differences
in motion levels between cohorts and the chosen acquisition
parameters greatly affect the appearance of motion artifacts,
hence we expect dedicated training datasets will be required
to for re-training and generalization to unseen MR imag-
ing sequences. Additionally, future work should investigate,
whether motion estimation itself is also affected by biases,
like age and diseases, which are known to be an indicator of
increased motion levels.

Our method ranks images by their motion level better than
comparable, state-of-the-art methods for MRI motion and
quality estimation from expert ratings. Therefore, it may aid

quality control procedures in the identification and exclusion
of cases with artifacts, which is also indicated by the clear
separation between PASS and WARN labels in our experi-
ments (Figure 1). However, confirmation on a dataset with
more strongly motion-affected cases is required. Addition-
ally, our method transfers well to the prediction of alternative
targets for respiratory- and drift motion and from T2w and
FLAIR images with comparable accuracy.

Finally, our method enables an analysis of other, perhaps un-
known, correlates of motion as well as the integration of mo-
tion scores as a control variable in statistical models. This is
particularly valuable in longitudinal cohort studies, like the
Rhineland Study, to disentangle the bias of motion effects
from other effects such as participant’s age and diseases.
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1.  INTRODUCTION

Neuromorphometry is a ubiquitous method for the analy-

sis of brain MRI, used, for example, for the analysis of 

longitudinal changes during healthy aging or for group 

comparisons in clinical trials. While neuroimaging pipe-

lines such as FreeSurfer (Fischl, 2012), FSL (Jenkinson 

et  al., 2012), or SPM (Ashburner, 2009) can produce 

results for images with lesions (Radwan et  al., 2021) 
(especially small ones), none of them are developed for, 
or validated on images with large lesions. In traditional 
atlas registration-based tools, such as FreeSurfer (Fischl, 
2012), large errors in brain segmentation or premature 
termination can occur when abnormal changes in the 
brain tissue (lesions) make a registration with standard-
ized templates challenging (Radwan et al., 2021). These 
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failure modes persist in modern deep learning-based 
segmentation methods, which tend to perform poorly on 
data that have not been seen during training (out-of-
distribution data). Even if the full brain segmentation is 
successful, the reconstruction of cortical surfaces is likely 
compromised when regions of the cortex are damaged, 
for example, due to invasive tumors or brain resection 
surgery (see Fig.  1). Meanwhile, the study of disease 
effects (e.g., glioblastoma effects on overall brain health) 
and the study of intervention (side-) effects (e.g., impact 
of radiotherapy, chemotherapy, or surgery) require mor-
phometric analyses on brain MRIs with pathologies. 
Besides directly studying lesion effects, the blanket 
exclusion of images with abnormal structure can cause 
selection bias and decreased statistical power in down-
stream analysis of association studies. Even when the 
standard toolboxes complete without failure, the mea-
surements on images containing lesions were found to 
be biased (Guo et  al., 2019). To address this gap, 
researchers require specialized tools, which can generate 
accurate morphometric measurements in the presence 
of such pathologies and cavities.

In previous work, this challenge has been broadly 
addressed by replacing lesions with healthy looking tis-
sue prior to processing. The process is commonly 
referred to as inpainting. Specifically, SynthSR (Iglesias 
et  al., 2023) and Virtual Brain Grafting (VBG) (Radwan 
et al., 2021) have recently been proposed for inpainting 
healthy looking tissue in lesion areas. These significant 
advances enable previously challenging analyses, for 
example, of “personalized structural connectomics for 
moderate to severe traumatic brain injury” (Imms et al., 
2023), “contralateral alterations in cortical morphology in 
patients with diffuse low-grade glioma” (Zhang et  al., 
2022), “structural plasticity of the contralesional hippo-
campus” (Liu et al., 2023), the role of the hippocampus in 

“recovery in persons with post stroke aphasia” 
(Schevenels et al., 2022), and “tracking the corticospinal 
tract in patients with high-grade glioma” (Zhylka et  al., 
2021). While VBG and SynthSR have unlocked volume 
and surface-based neuromorphometric analyses for 
these patient groups, we find that their application can 
sometimes be unstable, resulting in long runtimes, faulty 
segmentations, or unreliable estimates of cortical thick-
ness. Additionally, previously proposed methods can 
only be used on images with a standard resolution of 
1  mm, which requires lossy down-sampling of sub-
millimeter MR images and results in decreased fidelity of 
segmentation, reconstruction, and subsequent analysis 
(Henschel et al., 2022). Other approaches, such as add-
ing training cases with lesions to deep learning segmen-
tation networks (Weiss et al., 2021), are currently limited, 
since no datasets with accurate whole-brain segmenta-
tions for patients with lesions exist. To cover the whole 
range of possible brain lesions, a very large and diverse 
dataset would be required, and even then, a newly trained 
network and fitting datasets would be required for every 
application. Robust inpainting, on the other hand, offers 
a general approach as it provides a synthetically cor-
rected MRI that can be combined with various neuroim-
aging tools (e.g., also for surface reconstruction or 
registration purposes). For the FastSurfer (Faber et  al., 
2022; Henschel et al., 2020, 2022) and FreeSurfer (Fischl, 
2012) toolboxes, for example, accurate inpainting 
enables both (i) whole-brain segmentation and (ii) cortical 
surface reconstruction, despite different underlying seg-
mentation and surface reconstruction algorithms.

In this work, we propose FastSurfer-LIT a pipeline that 
performs whole-brain segmentation and surface recon-
struction in the presence of small and large lesions and 
cavities on various resolutions, scanners, and types of 
lesion (see Fig. 1). The initial step of the pipeline is the 

Fig. 1.  Overview of FastSurfer-LIT—Based on the two inputs (T1w-image and lesion mask, left), the FastSurfer-LIT 
pipeline synthesizes a realistic, lesion-free image (center left) by inpainting, then segments the brain into 79 structures 
(center right) and finally, reconstructs the pial and white matter surfaces (right). The lesion is in orange in segmentations 
and projected to the surface.
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lesion inpainting (LIT) network. To enable high-quality 
inpainting for arbitrary lesion shapes at multiple desired 
resolutions, we propose a novel resolution-independent 
Denoising Diffusion Probabilistic Model (DDPM). This 
network architecture enables inpainting for any shape or 
size of mask and can operate on multiple resolutions with 
high accuracy. By transferring spatial information through 
the reverse diffusion process, we generate high-quality 
plausible image content for masked areas, even when 
substantial parts of the brain are damaged. We combine 
LIT (the lesion inpainting tool) with FastSurfer (for whole-
brain segmentation and surface reconstruction) into the 
FastSurfer-LIT neuroimaging pipeline and furthermore 
extend it with new post-processing tools to exclude 
abnormal regions from volumetric and surface statistical 
analysis to, for example, enable seamless group analysis 
including participants with brain lesions.

The evaluation of whole-brain segmentation in the pres-
ence of abnormalities is challenging, since no publicly 
available dataset with (manual) reference segmentations 
exists. Therefore, one of our experiments employs a tumor 
growth simulation (Subramanian et al., 2019) in combina-
tion with segmentations of lesion-free brains to generate a 
reference standard for our method. We deform the refer-
ence segmentations together with the image according to 
the tumor growth model to establish a dataset of 158 
cases containing synthetic glioblastoma. Additionally, we 
also generate a second synthetic dataset of multiple scle-
rosis (MS) lesions (N = 39), by transferring lesions masks 
from patient cases to lesion-free MRI, which again pro-
vides us with pairs of reference segmentations and match-
ing lesion masks. Besides these experiments on synthetic 
data, a blinded rater compared whole-brain segmenta-
tions of our method with VBG, the most promising com-
peting method. This evaluation includes 100 cases of 
hospital patients with 14 different kinds of tumors and sur-
gical cavities. Finally, we use FastSurfer-LIT to compare 
the consistency of cortical thickness estimates across 14 
patients pre- and post-temporo-mesial resection surgery.

In summary, we contribute FastSurfer-LIT, a lesion 
inpainting, whole-brain segmentation and surface recon-
struction pipeline, that

•	processes brain MRI containing surgical cavities, 
tumors, and other lesions independent of their 
appearance, shape, or size when provided with a 
corresponding mask,

•	performs inpainting natively on high-resolution 
images,

•	outperforms state-of-the-art methods in whole-
brain segmentations on MRI with synthetic lesions 
(and synthetic ground truth), and on MRI from hos-
pital patients (using manual ratings),

•	produces cortical thickness estimates with higher 
consistency across surgical intervention, compared 
with the state-of-the-art, and

•	permits group comparisons to include cases with 
abnormalities (partially missing data).

These advancements are enabled by a resolution-
independent DDPM with a novel slicing scheme for infer-
ence, which creates high-quality healthy looking brain 
MRI individualized for each case.

2.  RELATED WORK

2.1.  Lesion inpainting methods

Instead of modifying every neuroimaging tool individually 
to make it robust—considering different lesion types, 
characteristics, and appearances—previous work has 
shown that replacing lesions with healthy looking tissue 
in the input image is an effective and widely applicable 
strategy. A straightforward approach for inpainting is to 
replace lesions with intensity values from neighboring 
areas (Battaglini et al., 2012; Chard et al., 2010; Griffanti 
et al., 2016; Guo et al., 2019; Magon et al., 2014; Popescu 
et  al., 2014; Prados et  al., 2016; Schmidt et  al., 2019). 
Relying on the surroundings of a lesion works well to 
inpaint smaller areas, but for larger lesions, this approach 
falls short as whole structures and anatomical detail (e.g., 
cortical folds) are not recovered. Therefore, methods that 
work on larger lesions have to rely on a brain model to fill 
large areas with plausible brain structures. These models 
can either be learned or explicitly given by a healthy ref-
erence brain.

Virtual Brain Grafting (VBG) (Radwan et al., 2021) is a 
method that transfers healthy looking areas from a refer-
ence “donor brain” (Radwan et  al., 2021) to a lesion 
affected area. First, the lesion area is specified by the 
user, then VBG’s 33-step pipeline transfers matching tis-
sue from the healthy reference to the lesion area and 
uses FreeSurfer or FastSurfer for segmentation and sur-
face reconstruction. Finally, segmentation maps contain-
ing the lesion and other lesion-specific outputs are 
generated by the pipeline. The initial inpainting process 
contains skull stripping, non-linear registration, and 
matching of noise and sharpness levels between the 
healthy reference and the lesioned brain. In conjunction, 
these steps often result in a seamless inpainting, which 
has unlocked the use of FastSurfer and FreeSurfer-based 
morphometrics for many applications (Imms et al., 2023; 
Liu et  al., 2023; Schevenels et  al., 2022; Zhang et  al., 
2022; Zhylka et al., 2021). Unfortunately, the registration-
based transfer of healthy tissue is itself affected by the 
appearance of the lesion, which can make the inpainting 
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less accurate for larger lesions (see, e.g., Appendix Fig. 
A3). The tissue from the template brain can also not be 
adjusted arbitrarily to the target brain, leading to poten-
tially implausible inpaintings for uncommon brain struc-
tures. Some of these effects can be mitigated by 
hand-crafting templates for every population. This, how-
ever, is a time consuming process that requires new vali-
dation and quality control each time. Since competing 
methods do not need re-adjustment of templates, we 
have opted to use the standard template for all cases. 
Furthermore, in VBG, MRI are always standardized to a 
voxel resolution of 1 mm, creating interpolation artifacts 
and losing detail in sub-millimeter MRI, which is becom-
ing widely available (Glasser et al., 2013; Henschel et al., 
2022; Mellerio et al., 2014; Wattjes et al., 2006; Zaretskaya 
et al., 2018). Finally, the high complexity of the pipeline 
introduces significant computational costs and adds 
more than 2.5 hours to the runtime of the FreeSurfer and 
FastSurfer pipelines, corresponding to a 64% and 192% 
increase, respectively (see Section 4.4).

SynthSR (Iglesias et al., 2023), on the other hand, is a 
deep learning model, which prepares images for pro-
cessing with FreeSurfer based on the previously seen 
training data. The method invokes only a single Convo-
lutional Neural Network (CNN) inference resulting in run 
times in the order of seconds for inpainting. The training 
data consist of a combination of T1-weighted scans 
from the OASIS (Marcus et al., 2007) dataset as a target 
and synthetic MRI generated to imitate the appearance 
of MRI with various resolutions and modalities as input 
scans. SynthSR standardizes the image, which includes 
the inpainting of lesions, but also a change of image 
contrast, orientation, and voxel resolution to 1 mm. This 
standardization enables use of FreeSurfer with previ-
ously unusable clinical images, such as low-resolution, 
anisotropic voxels, or CT images, as well as some 
images with lesions. In our experiments we observed 
that the inpainting of larger lesions is less reliable than 
smaller lesions (see Appendix Fig. A3). In contrast to 
other inpainting methods, SynthSR does not require a 
lesion mask. While this may seem like a significant 
advantage, it also removes the guarantee that synthetic 
intensity changes are limited to the lesion area. There-
fore, image changes can occur in unexpected areas (see 
Appendix Fig. A2.B,C). It also means that the neural net-
work input includes the lesion itself, making it dependent 
on the lesion appearance and, thus, more prone to fail-
ure for out-of-distribution data. Ultimately, a lesion mask 
is still required to exclude the synthesized region from 
downstream analysis.

In addition to SynthSR, various other deep-learning 
methods for inpainting MR images have been proposed. 
They are, however, developed for the inpainting of spe-

cific target abnormalities (e.g., removing MS-lesions 
(Clèrigues et al., 2023; Tang et al., 2021), removing arti-
facts (Xie et al., 2023), re-facing (Xiao et al., 2022), atlas 
reconstruction (Xing et al., 2022), and synthetic validation 
of images with atrophy (J. Wang et al., 2023)). The afore-
mentioned methods use Generative Adversarial Networks 
(GAN), which were trained by removing areas shaped like 
the target abnormality from the training images (making 
them independent of its appearance). The adversarial 
training paradigm requires a second network to assess 
the realism of images. A major limitation of GANs is that 
they are not expected to generalize well to previously 
unseen mask shapes (Lugmayr et al., 2022), which means 
that lesions of unseen size or shape cannot be accurately 
replaced by these specific methods.

Recently, Denoising Diffusion Probabilistic Models 
(DDPM) have emerged as the state-of-the-art method for 
natural image inpainting (Lugmayr et al., 2022). Besides 
superior performance compared with GANs (Dhariwal & 
Nichol, 2021; Lugmayr et al., 2022), these deep learning 
models can be trained by de-noising images (also called 
the “reverse diffusion” process), which removes the 
necessity to generate masks for inpainting during train-
ing. During inference, the reverse diffusion process can 
be leveraged to generate plausible inpainted regions for 
arbitrary masks, which was previously challenging with 
GANs (Lugmayr et al., 2022). They are also independent 
of the appearance of the inpainted region. DDPMs have 
now been expanded to 2.5D for 3D inverse problems, 
such as 3D MRI and CT reconstruction (Chung et  al., 
2023; Lee et al., 2023) by applying two 2D diffusion mod-
els in two orientations of the volume. This process is sim-
ilar to view aggregation of 2.5D segmentation models 
(Henschel et  al., 2020; Roy et  al., 2022) and creates 
coherent volumes during the reverse diffusion process. 
Because of their strong theoretical advantages and 
proven utility, we use a DDPM for inpainting in our 
method. Finally, no resolution-independent DDPM 
method has been introduced so far creating a gap for 
sub-millimeter MR acquisition protocols.

2.2.  Evaluation of whole-brain segmentation in the 
presence of large lesions

A general challenge for the development and evaluation 
of lesion-robust segmentation is the missing ground truth 
data. While large datasets with manual lesion segmenta-
tions exist (Aerts & Marinazzo, 2018; Aerts et al., 2020; 
Baid et al., 2021; Bakas et al., 2022; Menze et al., 2015), 
no database combining lesion segmentations with (man-
ual) whole-brain segmentation has been published to 
date. Therefore, the authors of VBG evaluated their 
method based on two datasets:
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	 1.	� Patient dataset: 10 patients with glioma.
		  In the absence of ground truth labels, the quality of 

segmentations of the patient dataset was assessed 
by experts.

	 2.	� Synthetic dataset: 100 synthetic cases from 10 gli-
omas inserted into 10 “healthy” brain volumes.

		  The mass effect was mimicked by nonlinear regis-
tration of the images. Reference segmentations 
were generated with FreeSurfer based on 
deformed images (without lesion insertion).

These two analyses give a good overview of the method 
performance with reference-based measures such as 
Dice Similarity Coefficients and expert ratings. However, 
the patient dataset was limited in size (10) and diversity 
(only glioma lesions). For the synthetic dataset, the refer-
ence standard was generated by FreeSurfer after defor-
mation by the synthetic mass effect, which could lead to 
decreased quality in the FreeSurfer outputs used as 
ground truth.

SynthSR was evaluated on three datasets containing 
lesions:

	 1.	� ATLAS (Liew et al., 2018): 655 volumes of stroke 
patients.

	 2.	� BraTS (Menze et al., 2015): 1251 volumes of glio-
blastoma patients.

	 3.	� BraTS-Registration (Baheti et al., 2021): 140 vol-
umes of glioma patients.

While the comparison on these datasets did not include 
a baseline method, an analysis for the ATLAS dataset of 
the ipsi- and contralateral volumes of hippocampus, 
amygdala, thalamus, putamen, and caudate shows 
asymmetry patterns consistent with the literature. For the 
lesion inpainting, this was the only analysis of brain seg-
mentations. Additionally, SynthSR was used to aid in the 
creation of a brain atlas for the BRaTS dataset, showing 
spatial distribution of gliomas consistent with the litera-
ture. On the BraTS-Registration dataset, the combination 
of SynthSR with NiftyReg (Modat et  al., 2014) reduced 
the average landmark error.

3.  MATERIALS AND METHODS

3.1.  Data

For the training and evaluation of our method, we com-
pile four meta-datasets:

	 1.	� No-lesion dataset: To learn the anatomy of brains 
without large lesions, we combine 11 publicly 
available datasets into a heterogeneous multi-

resolution dataset of 1750 volumes with isotropic 
resolutions of 0.7, 0.8, 0.9, and 1 mm. To prevent 
overoptimistic results by leakage of information 
from the final test set into the training procedure, 
we use the same training, validation, and test splits 
used for the development of FastSurfer (Henschel 
et al., 2022), resulting in (1315, 80, 355) volumes in 
the (training, validation, test) set:

	 (a)	� HCP (Glasser et al., 2013) (30, 20, 80)
	 (b)	� RS (Breteler et al., 2014) (30, 20, 80)
	 (c)	� ABIDE-I (Di Martino et al., 2014) (68, 0, 20)
	 (d)	� ABIDE-II (Di Martino et al., 2017) (0, 0, 25)
	 (e)	� ADNI (Jack et al., 2008) (215, 8, 40)
	 (f)	� IXI (“IXI – Information eXtraction from Images”, 

n.d. (400, 0, 43)
	 (g)	� LA5C (Poldrack et al., 2016) (203, 9, 15)
	 (h)	� MBB (Babayan et al., 2019) (195, 0, 0)
	 (i)	� MIRIAD (Malone et al., 2013) (30, 7, 0)
	 (j)	� OASIS1 (Marcus et al., 2007) (79, 11, 35)
	 (k)	� OASIS2 (Marcus et al., 2010) (65, 5, 17)

To reduce redundancy, details on these datasets 
can be found in the FastSurferVINN paper 
(Henschel et  al., 2022), where this meta-dataset 
was first introduced.

	 2.	� Synthetic glioblastoma dataset: We use a tumor 
growth simulation (Subramanian et  al., 2019) to 
generate tumor areas and plausible deformations 
for 58 randomly selected cases from the healthy 
validation dataset and 100 from the healthy test set. 
We detail the simulation process in Section 3.2.

	 3.	� Synthetic MS lesion dataset: We use a publicly 
available dataset of multiple sclerosis (MS) lesions 
(Commowick et al., 2018, 2021)* and transfer the 
lesion masks from the original MRI to 39 cases of 
the healthy test set.

	 4.	� Patient dataset: We obtain three datasets with 
lesion-afflicted images and lesion masks to evalu-
ate our method on clinical cases.

	 (a)	� UPENN-GBM (Bakas et al., 2021, 2022; Clark 
et  al., 2013): 630 MRI from glioblastoma 
patients “acquired during routine clinical prac-
tice, at the University of Pennsylvania Health 
System” (Bakas et  al., 2022). Images are 
acquired with multiple scanners, MR 
sequences, field strengths, and voxel sizes 
from 0.9 to 5 mm anisotropic. For our analysis, 
we randomly select 150 isotropic images.

*  Data of the 2016 MSSEG challenge dataset were generated by neurologists 
in OFSEP, the French MS registry (Vukusic et al., 2020). They collect clinical 
data prospectively in the European Database for MS (EDMUS) software 
(Confavreux et  al., 1992). MRI of patients were provided as part of a care 
protocol. Nominative data are deleted from MRI before transfer and storage 
on the Shanoir platform (“SHANOIR SharingNeurOImagingResources”, n.d.).
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	 (b)	� BTC (Aerts & Marinazzo, 2018; Aerts et  al., 
2018, 2020): Overall 44 MRI acquired at the 
Ghent University Hospital, Belgium. The data-
set includes volumes of 11 patients with gli-
oma and 14 patients with meningioma before 
surgery and 7 and 12 follow-up post-operative 
scans respectively, all with a voxel size of 
1 mm.

	 (c)	� UKB: 76 MRI of patients acquired at the Uni-
versity Clinic of Bonn, Germany with 11 differ-
ent types of lesions including hippocampal 
resections, porencephaly, and Rasmussen’s 
encephalitis acquired at 0.8 mm voxel size.

	 5.	� Temporo-mesial resection surgery dataset: 15 
pairs of pre- and post-operative scans of patients 
with mesial temporal lobe epilepsy undergoing 
temporo-mesial resection surgery acquired at the 
University Clinic of Bonn, Germany with 0.8 mm 
voxel size.

Participants of the individual studies gave informed con-
sent in accordance with the Institutional Review Board at 
each of the participating sites. Complete ethic state-
ments are available at the respective study web pages 
and cited publications.

3.2.  Tumor growth simulation

The lack of manual whole-brain segmentations for 
images with lesions creates a significant obstacle for 
quantitative evaluation. To overcome this, we generate 
MRI with synthetic glioblastoma and accurate segmen-
tation labels by augmenting the validation and test sets 
of the no-lesion dataset with a tumor growth simulation 
model (Subramanian et al., 2019).

The simulation by Subramanian et al. was shown to 
create large, realistic deformations mimicking those of 
real glioblastoma closely (Subramanian et al., 2019). Its 
inputs are segmentations for gray matter, white matter, 
cerebrospinal fluid, and ventricles as well as an initial 
starting point for tumor growth. Required segmentations 
are generated by FastSurfer based on the no-lesion MRI. 
The starting point is chosen randomly within the brain 
mask. For implausible locations, tumor growth is typically 
minimal and such cases are subsequently excluded. The 
growth model provides a tumor mask and a deformation 
warp field mimicking the tumors mass effect. We use the 
deformations to propagate the reliable whole-brain seg-
mentations created from images without lesions to the 
images with tumor mask and mass effect. Due to the high 
computational cost of growth simulation, we limit the 
synthetic dataset to a subset of (58, 100) of the no-lesion 
(validation, test) sets. Importantly, we ensure there is no 

overlap between data used for method development (i.e., 
training and validation) and the test of FastSurfer, our LIT 
network, and the FastSurfer-LIT pipeline.

3.3.  Synthetic MS lesion

Similar to synthetic glioblastoma, we also generate a 
dataset with synthetic MS lesions for the validation of our 
method. In this case, the mass effect of lesions is negligi-
ble, however, the pattern and distribution of lesions in the 
brain are unique for each individual. Therefore, we map 
existing lesion masks onto the no-lesion test set via non-
linear registration (ANTsPy version 0.5.4 SyN (Avants 
et  al., 2008)). With this strategy, we follow evaluations 
previously performed for MS-specific inpainting tools 
(Clèrigues et  al., 2023; Tang et  al., 2021). We use the 
resulting 39 cases with synthetic MS lesion masks only 
for the final evaluation of our method and not during 
development.

3.4.  Diffusion model for inpainting

At the core of our method is the LIT inpainting module 
which follows the established approach of replacing 
anomalous areas with healthy looking tissue prior to seg-
mentation and surface reconstruction. Contrary to com-
peting methods (Iglesias et  al., 2023; Radwan et  al., 
2021), we aim to leave regions outside of the marked 
lesion area completely unmodified. Therefore, we keep 
image intensities outside of the tumor mask unchanged 
and also do not alter the image resolution.

We propose a resolution-independent DDPM architec-
ture that can accurately generate images on multiple reso-
lutions (isotropic) via the reverse diffusion process. We 
base our approach on latent diffusion models (LDM) 
(Pinaya et al., 2022, 2023; Rombach et al., 2022) compe-
tent in generating high-resolution natural images (Rombach 
et al., 2022) and brain MRI (Pinaya et al., 2023) (for an over-
view of the general data flow in DDPM inpainting, see 
Appendix A: Appendix Fig. A1). Contrary to the usual 
U-Net-like architecture, with only fixed up- and down-
sampling by factor 2, we replace one set of up- and down-
sampling with VINN (Voxel-size Independent Neural 
Network) layers. These neural network layers adapt the 
up- and down-sampling based on the input resolution to 
standardize the size of feature maps in the latent space. 
This reduces the voxel-size variance—leading to more 
effective learning for multi-resolution data.

The vast image size of high-resolution images beyond 
2563 voxels makes the use of fully 3D neural networks 
impractical (Roy et al., 2022). However, inpainting large 
abnormalities likely benefits from context information of 
the whole brain. The intact contralateral hemisphere, for 
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example, may contain important priors for matching 
healthy tissue (Xing et al., 2022). In fact, even the back-
ground noise may provide important information about 
the brain’s appearance in the MRI (Pollak, Kügler, Breteler, 
et  al., 2023; Pollak, Kügler, & Reuter, 2023). To use an 
extended context, while keeping the network and its 
memory requirements manageable, we combine two 
strategies: (1) Using three separately trained 2D models 
for each of the anatomical planes (multi-view) and  
(2) choosing shifted slabs during each call of the 2D infer-
ence with different offsets orthogonal to the current view 
(varying spatial context). The central idea for both of 
these strategies is to propagate spatial information via 
the iterative diffusion process by providing changing 
information during each network inference. More specifi-
cally, our LIT method rotates between using axial, coro-
nal, and sagittal views, similar to Lee et  al. (2023). In 
contrast to Lee et al. (2023), we use slabs of seven neigh-
boring image slices (with full image height and width) as 
network input, instead of only a single slice. Then we 
select slabs with different offsets to provide new context 
for every inference step. While still compatible with the 
2D networks, slabs provide additional information in the 
direction orthogonal to the current view.

Our modifications to the standard DDPM inference 
scheme and architecture do not require additional com-
putational resources during inference. Furthermore, we 
only perform inference for slabs containing the lesion 
area (Lugmayr et al., 2022), which linearly reduces infer-
ence cost with lesion size. Overall, the LIT DDPM is an 
accurate, efficient inpainting method, which natively 
supports multiple resolutions, uses high spatial context, 
and is completely independent of the target region’s 
shape or appearance.

3.5.  Whole-brain segmentation and surface 
reconstruction

For the segmentation and surface reconstruction after 
inpainting, we employ two popular toolboxes: FastSurfer 
and FreeSurfer. FastSurfer (version 2.2.0) uses a voxel 
size independent neural network (VINN) (Henschel et al., 
2022) for whole-brain segmentation, while FreeSurfer 
(Fischl, 2012) (version 7.4.1) is based on a probabilistic 
atlas segmentation. Both tools provide subsequent white 
matter and pial surface reconstructions. We further 
extend FastSurfer and FreeSurfer with functionality to 
handle lesion areas during statistical analysis of morpho-
metric estimates. Segmentations of the inpainted images 
are modified retrospectively by replacing them within the 
inpainted area with a specific lesion mask label. This seg-
mentation is then mapped to the vertices of the pial and 
white surfaces, by (i) dilating the lesion mask, (ii) marking 

the vertices that are intersecting with the surface, and  
(iii) smoothing the mask border and filling holes on the sur-
face (mode filter). The vertices labeled as lesion mask can 
then be ignored in downstream statistical group analyses 
on the participant level (as demonstrated in Section 4.8). 
This permits statistical analysis even for areas, where 
lesions are present for some cases in a dataset. While we 
directly implement LIT into the FastSurfer pipeline, it can 
additionally be used as a standalone, general inpainting 
tool and combined with other neuroimaging software.

3.6.  Evaluation metrics

We extensively validate FastSurfer-LIT using a variety of 
metrics for inpainting, segmentation, surface reconstruc-
tion, and computational efficiency.

3.6.1.  Perceptual similarity

To compare the effect of our modifications to the stan-
dard DDPM model, we perform inpainting on the no-
lesion dataset using simulated masks and use common 
perceptual quality metrics to test whether our approach 
can re-generate the masked areas. First, the Structural 
Similarity Index Measure (SSIM) (Z. Wang et al., 2004)

	
SSIM x, y( ) =

2µ xµ y + c1( ) 2σ xy + c2( )
µ x
2 + µ y

2 + c1( ) σ x
2 + σ y

2 + c2( ) 	
(1)

“compares local patterns of pixel intensities that have 
been normalized for luminance and contrast” (Z. Wang 
et al., 2004). Here µ x and µ y are the mean of x and y, σ x

2 
and σ y

2  are the variance of x and y, σ xy is the covariance 
of x and y, finally c1 = 0.01* L( )2, c2 = 0.03 * L( )2, where L 
is the dynamic range. To calculate the SSIM, we use 
PyTorch’s ignite framework (Fomin et  al., 2020) with a 
Gaussian kernel of size 11 and standard deviation of 1.5. 
The SSIM quantifies the similarity of two image areas 
between -1 and 1, where 1 is a perfect match, 0 indicates 
no similarity, and -1 would refer to inverse correlation.

As a second metric, we choose the peak-signal-to-
noise ratio (PSNR)

	
PSNR x, y( ) = 10 ⋅ log10 M

MSE x, y( )
⎛

⎝⎜
⎞

⎠⎟
,
	

(2)

where M is the maximum value in the image representa-
tion (255 in our case) and MSE is the mean squared 
error. We also use the ignite framework to calculate this 
metric. PSNR quantifies the similarity of two image 
areas x, y in decibel (dB), where higher values indicate 
a higher similarity.
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3.6.2.  Segmentation quality

To compare segmentations of the tested method with a 
reference standard, we use the Dice Similarity Coefficient 
(DSC) and the Hausdorff Distance (HD). The DSC is 
defined as

	
DSC X,Y( ) = 2 X ∩Y

X + Y
.
	

(3)

This metrics show the agreement of two binary masks 
X  and Y . In our case, these masks indicate the location 
and extent of brain structures. The DSC is zero when 
there is no overlap between prediction and reference 
standard. A perfect agreement is indicated by a DSC of 1. 
The HD is defined as

	
HD X,Y( ) =max sup

x∈X
d x,Y( ),sup

y∈Y
d X, y( ){ }.

	
(4)

For the same binary masks X  and Y , the HD describes 
whether the edges of the two structures are close to each 
other. To get a more robust metric, we do not choose the 
furthest possible distance, but the 95th percentile. We 
always indicate the HD in millimeters, where 0 mm means 
that there is a perfect match of structures up to the 95th 
percentile. To show whether one method outperforms 
another significantly, we use the Wilcoxon rank-sum sta-
tistic implemented in the SciPy (Virtanen et  al., 2020) 
library. The null hypothesis for this test is that the method 
ranking is random.

3.6.3.  Method failures, runtime, and topological 
defects

In addition to the reference-based evaluations from pre-
vious sections, we analyze three per-run meta-data met-
rics: success rate, overall runtime, and the surface defect 
count. Large lesions can cause whole-brain segmenta-
tion or surface reconstruction pipelines to crash or fail to 
produce meaningful outputs. While unsuccessful runs do 
not affect analysis directly, they can introduce selection 
biases into downstream analysis. Therefore, we always 
exclude cases with any failures for any methods (except 
otherwise stated).

To determine the success rate, we track the runtime of 
pipelines and terminate instances that do not generate all 
required outputs within 24 hours. We run this benchmark 
for a subset of 10 cases of the patient dataset on a dedi-
cated desktop workstation (Intel Xeon W-2245, 64GB 
RAM, Nvidia Quadro RTX 4000 8GB, solid state drive). 
We do not use parallel processing or use the machine for 
other tasks, to avoid interaction effects. Additionally, we 

report the overall runtime and runtime of successful 
cases, since the runtime itself is a valuable criteria due to 
the associated wait times and energy costs.

Finally, we noticed that faulty or low-quality surface 
reconstruction is a typical failure mode for all compared 
pipelines. Such surface errors lead to topological surface 
defects, pipeline crashes, and long pipeline run times. 
The number of surface defects is also a common quality 
measure for quality control of FastSurfer and FreeSurfer 
runs (Esteban et al., 2017; Rosen et al., 2018). Therefore, 
we also report the average surface defects on the larger 
synthetic lesion dataset.

3.6.4.  Manual comparison of whole-brain 
segmentation

In a visual validation, a domain expert compares seg-
mentations derived from the two best-performing inpaint-
ing methods: VBG and LIT. This analysis is performed 
separately when using FreeSurfer or FastSurfer as the 
segmentation tool. The expert selects the superior seg-
mentation map based on subcortical regions and gray/
white matter (GM/WM) boundary for each shown case, 
while ordering of cases and methods in the viewer is ran-
domized. Additionally, the rater also marks cases as “fail-
ure” if multiple major errors occurred, such as missing 
entire sulci or gyri, mislabeling of the cerebellum as cor-
tex, or completely misplaced corpus callosum.

We randomly draw 50 cases from the patient dataset, 
choosing from a “random” subset and a “high difference” 
subset of cases. The high difference cases are selected 
based on large differences between VBG and LIT-based 
segmentation maps, which are expected to be more 
challenging and thus suitable for method comparison 
(Isensee et  al., 2024). More specifically, the cases are 
selected according to the highest peak value on the 
Gaussian smoothed segmentation difference map. Since 
all cases are specific to the used method, these sets dif-
fer between FastSurfer and FreeSurfer, and can, there-
fore, only be used for a direct comparison across 
inpainting approaches within each segmentation method.

To support the visual inspection during these tasks, 
we develop a custom rating tool, which guides raters 
through the process, collects inputs, selects and high-
lights an area of interest, highlights differences of seg-
mentation maps, etc. (see Appendix C, Appendix Fig. 
A5). During all rating, a free text field for comments cap-
tures the reasoning and supports retrospective analysis 
of rating decisions. To assess the statistical significance 
of binary rater decisions (e.g., “Which of two methods is 
better?”, “Did a method fail?”), we use Fishers exact test 
(Fisher, 1992), implemented in the SciPy software library 
(Virtanen et al., 2020).
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3.6.5.  Consistency of cortical thickness estimates 
pre- and post-surgery

Finally, we test the consistency of cortical thickness esti-
mates pre- and post-temporo-mesial resection surgery 
for MRI of patients with epilepsy. Pre-surgery segmenta-
tions and surfaces can be generated by the standard 
neuroimaging pipelines, as existing pipelines are suffi-
ciently robust to temporal lobe atrophy, while post-
surgery images require lesion inpainting.

For this test, we smooth all cortical thickness maps (full 
width at half maximum 15) and map the surfaces onto a 
common template (fsaverage). Then, we calculate the 
intraclass correlation coefficient (ICC) (McGraw & Wong, 
1996) to determine thickness similarity in the paired sam-
ples of pre- and post-surgery images on a vertex level. In 
this case, ICC indicates the similarity of the thickness val-
ues on the surface, where 1 indicates perfect reproduc-
ibility. Note, that we use the degree of absolute agreement 
among measurements (criterion-referenced reliability), 
which compares equality, not only correlation.

4.  RESULTS

In the following section, we first present the effect of our 
modifications to the standard DDPM inference and archi-
tecture. Then, we jointly evaluate our LIT DDPM in two sce-
narios: (a) inpainting with the FastSurfer pipeline for 
inpainting (FastSurfer-LIT) and (b) inpainting combined with 
FreeSurfer for segmentation and surface reconstruction on 
the same set of experiments. In each scenario, the relevant 
reference is generated based on lesion-free images by 
FastSurfer or FreeSurfer, respectively. Additionally, we eval-
uate multiple method combinations with real-world images, 
where no reference segmentations are available.

4.1.  Method ablation

Initially, we evaluate the effect of our modifications to the 
baseline 2D DDPM architecture and inference scheme, 
iteratively removing components of our method and  

re-evaluating—until only the baseline method remains 
(ablation study). While we change the network architec-
ture and inference scheme, the number of network 
parameters and the required inference steps and input 
sizes (slabs) are the same across variants. This experi-
ment is performed on the validation split of the synthetic 
lesion dataset used for method development. First, we 
run the DDPM-based inpainting in conjunction with the 
FastSurfer segmentation (Henschel et  al., 2022). Then, 
we calculate SSIM and PSNR to judge the inpainting 
quality, as well as DSC and HD95 for segmentation per-
formance. Note that the segmentation method is fixed 
and only the inpainting changes, resulting in different 
segmentation accuracy. To reduce computational cost 
during method development, we omit surface recon-
struction and generate segmentation maps with the  
FastSurferVINN neural network only.

The results are shown in Table 1, where the LIT inpaint-
ing outperforms other DDPM variants. Since the syn-
thetic lesion only affects the FastSurferVINN inference on 
volume slices intersecting the lesion, segmentations are 
identical in most of the volume. In consequence, most 
structures of the segmentation are not affected and dif-
ferences of average DSC and HD appear small. Implausi-
ble inpainting can, however, have strong impact on the 
affected slices, and also cause compounding effects fur-
ther downsteam in the processing of FastSurfer and 
FreeSurfer.

4.2.  Synthetic glioblastoma data

We evaluate the accuracy of cortical and sub-cortical 
segmentations on the synthetic glioblastoma dataset, 
which contains deformed FreeSurfer and FastSurfer 
segmentations as a reference standard (see Section 3.2). 
In the first scenario (using FastSurfer), we compare seg-
mentation performance for (i) no inpainting (baseline) 
and the two inpainting methods (ii) VBG, and (iii) LIT 
(ours) (see Fig. 2, left). Both LIT and VBG are developed 
for compatibility with both FreeSurfer and FastSurfer. We 
exclude SynthSR, since it has only been evaluated with 

Table 1.  Method ablation results.

Method configuration PSNR [dB] ↑ SSIM ↑ DICE ↑ HD95 [mm]↓

LIT (VINN-DDPM with VA & VSC) (proposed method) 
VINN-DDPM with VA 
DDPM with VA 
Baseline (2D DDPM)

29.64 
29.30 
29.52 
27.91

0.72 
0.70 
0.72 
0.66

0.9492 
0.9491 
0.9484 
0.9482

0.6217 
0.6236 
0.6595 
0.6640

All scores are calculated on the validation set with synthetic lesions and mass effects. Segmentation differences based on FastSurfer 
appear small, since segmentations perfectly match on slices unaffected by the lesion. Bold values identify the best performing method. 
LIT is bold to highlight the “final method”.
LIT = Lesion Inpainting Tool (proposed method), VA = view aggregation, VSC = varying spatial context, DDPM = Denoising Diffusion 
Probabilistic Model, VINN = Voxel Size Independent Neural Network, PSNR = Peak Signal-to-Noise Ratio, SSIM = Structural Similarity 
Metric, DICE = Dice similarity coefficient, HD95 = 95th percentile Hausdorff distance.
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FreeSurfer previously and often fails in conjunction with 
FastSurfer (see Section  4.4). LIT significantly outper-
forms the state-of-the-art methods on subcortical,  
cortical, and average DSC. VBG consistently leads to 
lower scores on cortical DSC, when used together with  
FastSurfer even performing worse than the unmodified 
FastSurfer. Mean Hausdorff Distances (HD) of segmen-
tations show the same trends as DSC (no inpainting: 
2.16 mm, VBG: 2.69 mm, LIT: 1.34 mm) with all differ-
ences of LIT to the second best method significant 
(p < 0.0005). Additionally, we show the segmentation 
accuracy on volumes with resolution 0.7 mm, 0.8 mm, 
and 0.9 mm. Here, the only available baseline to com-
pare our FastSurfer-LIT pipeline with is the no inpainting 
baseline, since the competing methods can only pro-
duce segmentations at 1 mm voxel resolution. Our 
method provides consistent results on sub-millimeter 
resolution for both DSC and HD (no inpainting: 1.98 mm, 
LIT: 1.14 mm), indicating robust generalization to high-
resolution inpainting and segmentation.

The second scenario illustrated in Figure 2b swaps 
the FastSurfer pipeline for reference generation and 
segmentation with FreeSurfer to show the segmentation 
performance of LIT in a different setting. Here, we com-
pare the effect of (i) no inpainting (baseline), (ii) SynthSR, 
(iii) VBG, and (iv) LIT (ours) with FreeSurfer segmenta-
tions on the same images with synthetic glioblastoma. 

Our method outperforms the state-of-the-art methods 
with statistical significance across the different struc-
tures and resolutions. VBG reaches good performance 
on subcortical DSC and on cortical DSC. SynthSR 
under-performs FreeSurfer without any modifications on 
sub-cortical and cortical regions, which might stem 
from SynthSR modifying and standardizing the contrast 
of the whole image. The evaluation of Hausdorff Dis-
tances (HD) paints a similar picture (no inpainting: 
3.27  mm, SynthSR: 4.47  mm, VBG: 1.42  mm, LIT: 
1.33 mm). Differences of LIT to the second best method 
are also statistically significant (p < 0.0005). For volumes 
with sub-millimeter resolution, our method also outper-
forms the FreeSurfer-only baseline in DSC and HD (no 
inpainting: 1.93 mm, LIT: 1.13 mm).

4.3.  Synthetic multiple sclerosis data

We repeat the analysis of the previous section with a 
new dataset of MRI with synthetically generated multi-
ple sclerosis lesions. A notable difference between the 
two datasets is that the synthetic glioblastoma cases 
include a simulated mass effect, which jointly perturbs 
images and reference segmentations. This is absent for 
the synthetic MS lesions, making it a more direct mea-
sure of inpainting accuracy, and should yield to higher 
scores across the board. Additionally, MS lesions are 

Fig. 2.  Method comparison on volumes with simulated glioblastoma. Reference segmentations are generated from 
lesion-free images by FastSurfer (left) and FreeSurfer (right), respectively (see Section 3.2). Our LIT inpainting significantly 
outperforms the state-of-the-art on all tests, measured by the Wilcoxon rank-sum statistic. p-Values are indicated for 
comparison with the second best method. (*p < 0.05, **p < 0.005, ***p < 0.0005).
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typically smaller than the simulated glioblastoma, but 
can be challenging since many lesions can be present 
in an image and they may be distributed throughout 
multiple brain regions. In the first scenario (Fig. 3, left), 
using FastSurfer, with (i) no inpainting, (ii) VBG, and  
(iii) LIT, our method (LIT) significantly outperforms the two 
others on 1.0  mm. The same is true for sub-millimeter 
data, where the (i) no inpainting baseline is the only avail-
able comparison. Independent of resolution, our method 
achieves DSC close to 1 for subcortical structures, indi-
cating supreme inpainting performance. Mean Hausdorff 
Distances (HD) of segmentations show the same trends 
as DSC of 1  mm resolution volumes (no inpainting: 
0.85  mm, VBG: 2.42  mm, LIT: 0.61  mm) and sub-
millimeter volumes (no inpainting: 0.74 mm, LIT: 0.49 mm) 
with all differences of LIT to the second best method sig-
nificant (p < 0.0005).

For the second scenario, using FreeSurfer, LIT also 
significantly outperforms the (i) no-inpainting baseline 
and the competing methods (ii) SynthSR and (iii) VBG, on 
both 1.0  mm and sub-millimeter MRI. Mean Hausdorff 
Distances (HD) of segmentations show the same trends 
for both 1.0 mm resolution (no inpainting: 1.25 mm, VBG: 
1.28  mm, SynthSR: 3.02  mm, LIT: 1.14  mm) and sub-
millimeter resolution (no inpainting: 1.04  mm, LIT: 
0.91 mm). The difference in HD of LIT to the second best 
method (FreeSurfer) is significant for 1.0 mm resolution 

Fig. 3.  Method comparison on images with synthetic multiple sclerosis lesions. Reference segmentations are generated 
from lesion-free images by FastSurfer (left) and FreeSurfer (right), respectively (see Section 3.3). Our LIT inpainting 
significantly outperforms the state-of-the-art on all tests, measured by the Wilcoxon rank-sum statistic. p-Values are 
indicated for comparison with the second best method. (*p < 0.05, **p < 0.005, ***p < 0.0005).

volumes (p < 0.05), but not quite for sub-millimeter reso-
lution volumes (p = 0.057). We note that inpainting with 
VBG does not improve segmentation, compared with the 
no-inpainting baseline, except for cortical regions on 
1.0 mm MRI processed with FreeSurfer. VBG has previ-
ously only been evaluated on glioma and gliomatous 
lesions. Our results on synthetic MS lesions indicate that 
inpainting multiple disconnected regions may be outside 
of VBGs area of application.

4.4.  Processing speed and failures

We evaluate success rate and overall method runtime on 
a subset of 10 cases of the patient dataset. Here, we test 
all combinations of the inpainting tools (SynthSR, VBG, 
LIT) with FastSurfer and FreeSurfer. We show the suc-
cess rates in Figure 4A. In the first evaluation scenario 
(using FastSurfer), only the SynthSR variant fails (4/15 
cases). We hypothesize that the segmentation failures of 
SynthSR + FastSurfer stem from an atypical intensity dis-
tribution incompatible with FastSurfer (see Appendix Fig. 
A2). We conclude that the two methods are incompatible 
and exclude this combination from other evaluations. For 
the second scenario (using FreeSurfer), failures occur 
when using vanilla FreeSurfer (no inpainting) (4/15) and 
SynthSR for inpainting (1/15). For later comparisons 
(Section 4.6), we additionally run the two most promising 
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methods VBG and LIT on the whole patient dataset, 
where none of them fails for any of the 270 cases.

We also show the average time to fully process an 
image including inpainting, segmentation, and surface 
creation in Figure 4B. For the FastSurfer combinations, 
LIT is fastest, followed by vanilla FastSurfer (no inpaint-
ing), VBG, and SynthSR. The long processing time of 
SynthSR is driven by the failure cases, but even when 
looking only at the 11 successful cases, it is still only 
slightly faster than LIT (average runtime on all 15 cases). 
VBG has an overall runtime of 5 hours, taking more than 
twice as long as LIT. Especially for the FastSurfer tool-
box, the overhead of the slow template-based VBG 
inpainting is disproportionate to its fast segmentation 
and surface reconstruction. For methods run in conjunc-
tion with FreeSurfer, SynthSR generates outputs the fast-
est, followed by LIT, VBG, and vanilla FreeSurfer (no 
inpainting). In this case, crashes decrease the runtime for 
SynthSR, as these crashes seem to have happened early 
in FreeSurfer processing. Vanilla FreeSurfer has a slightly 
longer runtime on successful cases than LIT (on all 
cases)—showing that additional inpainting time is largely 
compensated in LIT by faster downstream processing, 
for example, during surface creation.

4.5.  Surface defects

We assess the quality of surfaces by counting the defects 
prior to topology fixing in FastSurfer and FreeSurfer on 
the synthetic glioblastoma dataset and show the results 
in Figure 4C. For the FastSurfer scenario, LIT inpainting 
results in the fewest surface defects, followed by VBG 
and the vanilla FastSurfer baseline (no inpainting). For 
method combinations with FreeSurfer, SynthSR pro-
duces the least surface defects, followed by LIT and VBG 
with similar number of defects. The FreeSurfer baseline 
produces the most defects overall. The reduction in sur-

face defects as a result of the inpainting as a prepossess-
ing step causes FreeSurfer and FastSurfer to run faster 
(shown in Section  4.4)—fewer surface defects require 
less computationally expensive topology fixing.

4.6.  Comparison on patient data

We choose the two previously best performing methods 
VBG and LIT and let a domain expert compare both 
methods with FreeSurfer and FastSurfer segmentations 
using the previously discussed protocol (see Sec-
tion 3.6.4).

For the FastSurfer processing, LIT inpainting pro-
duces better whole-brain segmentations in 93% of 
decidable cases (in 18% of all cases no decision was 
possible, see Table 2). The same trend holds true for the 
FreeSurfer segmentations, where LIT is chosen better in 
91% of decidable cases (10% no decision). A review of 
the comments reveals that if no method was decided to 
be superior, this was most often due to low image qual-
ity, high similarity between segmentations, or inaccurate 
lesion masks.

On the second, failure rating task, FastSurfer in com-
bination with LIT, shows only one failed segmentation for 
random samples (4%) and no failure (0%) on the high 
difference set. VBG on the other hand fails 4 times (17%) 
on random samples and 10 times (37%) on the more 
challenging high difference cases. For the FreeSurfer-
based comparison, LIT fails for no cases (0%) on the ran-
dom set and for one case on the high difference set (4%), 
while VBG fails for 4 (15%) and 16 cases (70%), respec-
tively. Overall LIT inpainting is superior combined with 
both FreeSurfer and FastSurfer methods, providing more 
accurate segmentations maps in direct comparison and 
also producing less failures. This is especially true for the 
high difference set, where low agreement is likely caused 
by frequent VBG failures and its downstream effects.

Fig. 4.  From left to right: The success rate of method (fraction of segmentations and surfaces generated within 24 hours), 
runtime on a desktop workstation, number of surface defects before fixing of surface topology. Subfigures A+B are based 
on 15 cases of the patient dataset, while Subfigure C is based on 100 cases of the synthetic lesion dataset.
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4.7.  Qualitative results

In Figure 5 we show a representative case, where a cav-
ity was caused by a transsylvian hippocampal resection. 
On the top left we show the original image (no inpaint-
ing). The inpainting of SynthSR fills the lesion area with 
plausible tissue, however, we can see that the image 
contrast is changed everywhere, leading to gray matter, 
that appears thicker than in the original and a general 
loss of detail in the image. VBG fills parts of the cortical 

Table 2.  Results of manual quality rating on patient data.

Method N VBG+FastSurfer LIT+FastSurfer

Winning Method 50 3 38
Failures (random) 23 17% 4%
Failures (high diff.) 27 37% 0%

Method N VBG+FreeSurfer LIT+FreeSurfer

Winning Method 50 4 41
Failures (random) 27 15% 0%
Failures (high diff.) 23 70% 4%

In the first row, we compare VBG and our method (LIT) on 
randomly selected cases and cases selected according to large 
difference in segmentation maps (high diff.). A blinded rater 
selected the method with better segmentation maps as “Winning 
Method.” The rater also annotates segmentation failures shown 
separately for high diff. cases and others (random). Ratings for 
VBG and LIT differ significantly in direct method comparison and 
failures on high difference cases (p < 0.005), but not for failures on 
the random cases.

Fig. 5.  Qualitative comparison of whole-brain segmentations for all method combinations on a representative case from 
the UKB dataset. For randomly selected and difficult cases, see Appendix Figures A2 and A3, respectively. The shown 
slices are located at the center of the lesion. Red arrows indicate inpainting and segmentation flaws.

area with plausible tissue, but produces sharp edges 
and cavities in the subcortical structures (red arrow). Our 
LIT inpainting fills the area with plausible tissue and 
continues structures outside of the mask.

In the resulting FastSurfer segmentations, we observe 
that FastSurfer without inpainting generates visually plau-
sible results. SynthSRs contrast adjustment, however, 
leads to generally enlarged gray matter volume for this 
case. Additionally, a fold with strong over-segmentation 
was introduced (posterior red arrow). At the front of the 
gray matter is also over-segmented (anterior red arrow). 
The FastSurfer segmentation based on VBG inpainting 
causes gray matter under-segmentation in the posterior 
regions (e.g., red arrow) and over-segmentation in the 
anterior region (red arrow). For our LIT inpainting, the pos-
terior regions are segmented as accurate as with the 
vanilla FastSurfer. In the anterior region, previously chal-
lenging for other methods, our method performs as 
expected, resulting in more accurate segmentation.

For FreeSurfer, the baseline without inpainting con-
tains extremely under-segmented gray matter (posterior 
red arrow) and erroneous hypointensities. It also contains 
extreme over-segmentation in the challenging anterior 
region (red arrow). SynthSR slightly improves the seg-
mentation in the anterior region, but causes the same 
over-segmentation in the posterior region, as previously 
seen with FastSurfer. The FreeSurfer segmentation map 
based on VBG inpainting shows the same issues as the 
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Fig. 6.  Comparisons of intraclass correlation coefficient (ICC) values for the cortical thickness of patients before and after 
temporomesial resection. Each column has different views of the semi-inflated template brain surface, where lighter shades 
of blue indicate a higher ICC and higher reproducibility of thickness estimates, when using inpainting for lesion filling.

FreeSurfer segmentation without inpainting. Our LIT 
inpainting results in accurate segmentation of the poste-
rior regions, and only slight over-segmentation in the 
anterior region (red arrow).

We show further qualitative results in the Appendix B: 
Figures A2 (randomly selected cases) and A3 (challeng-
ing cases). These cases outline that our method is the 
only method to modify only the given replacement area 
(Appendix Fig. A2.A), accurately inpaints non-brain tissue 
and skull (Appendix Figs. A2.D and A3.B), and handles 
very large abnormalities well (Appendix Fig. A3.A).

4.8.  Cortical thickness estimates before  
and after surgery

We evaluate the consistency of cortical thickness esti-
mates on MRI from patients before and after undergoing 
temporomesial resection surgery for VBG and LIT. We 
show the intraclass correlation coefficients on the sur-
face of a template brain for all methods in Figure 6. As it 
is reasonable to assume that the cortical thickness does 
not change between pre- and post-operative scans, the 
ICC of cortical thickness reflects how robust the cortical 
thickness analysis is when introducing lesion inpainting. 
In a best-case scenario, the only difference between cor-
tical thickness estimates are test–retest effects.

For the FastSurfer scenario, we observe generally 
higher ICC values with LIT than with VBG specifically in 
frontal and postcentral regions. For the FreeSurfer sce-
nario, we observe the same trend, with the LIT variant 
also having ICC values close to 1 in several regions (e.g., 
superior frontal, postcentral, parietal, and occipital). VBG 
has large areas with very low numbers below 0.3 though. 
When comparing FastSurfer with FreeSurfer, we see gen-
erally higher ICC for FastSurfer, which is consistent with 
previously reported test–retest results (Henschel et  al., 
2020).

5.  DISCUSSION

In this work, we introduce FastSurfer-LIT, a whole-brain 
segmentation and surface reconstruction pipeline for 
structural MRI with lesions and cavities. As shown in the 
ablation study, our extension to the latent DDPM archi-
tecture and inference improves segmentation quality. We 
leverage this inpainting quality to improve whole-brain 
segmentation and surface reconstruction in the presence 
of lesions. Our pipeline outperforms state-of-the-art 
methods in four evaluations ranging from experiments on 
MRI with synthetic lesions, expert ratings on our highly 
heterogeneous, real-world patient dataset with 14 differ-
ent types of lesions, and to a consistency of cortical 
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thickness analysis of patient MRI. The variety of lesions 
and their size in our datasets highlights the robustness 
and breadth of application of our method (see Appendix 
Fig. A3 for challenging cases). While competing methods 
were previously limited to 1 mm voxel resolution, our method 
can natively inpaint sub-millimeter MRI, which enables 
analysis for images with higher level of detail. Finally, with 
2.5 hours of runtime on average for joint segmentation 
and cortical reconstruction, or approximately 30 minutes 
for whole-brain segmentation only, FastSurfer-LIT is an 
efficient tool for morphometric analysis. While generally 
much faster than the previous template-based approach 
(VBG), its speed does not stem from fast inpainting alone 
(as the iterative reverse diffusion is slower than, for exam-
ple, the single shot SynthSR), but also from robust and 
accurate inpainting that enables the segmentation and 
surface reconstruction to be faster, for example, because 
of fewer topological surface defects.

The superior performance on challenging cases with 
either large or unusual lesions is unique to our method, 
because it is the only one that is designed to be unaf-
fected by the shape or appearance of the lesion. Fur-
thermore, our method guarantees to leave the image 
outside of the mask completely unchanged during the 
inpainting process, which is reflected in higher quality 
segmentations in areas outside of the lesion mask. 
Finally, our learned brain model allows LIT to generate 
tissue that is completely individualized to the target 
brain, leading to more plausible inpaintings than 
template-based approaches (see Appendix Fig. A2). A 
disadvantage of individualized inpainting is that when 
masks do not cover a whole cavity, the unmasked part 
might be expanded into the lesion mask to create a 
plausible inpainting—for such cases we recommend 
dilating the lesion mask. Fortunately, the expansion of 
tumors or other distinct pathologies is unlikely, since 
these cases are not seen during training and are, there-
fore, not part of the learned brain model.

By integrating FastSurfer-LIT into the FastSurfer proj-
ect (https://github.com/Deep-MI/FastSurfer), we hope to 
accelerate research on the impact of interventions and 
disease (e.g., radiotherapy, surgery, glioblastoma) on 
overall brain health. FastSurfer-LIT could grant new 
insights into cortical reorganization (Zhang et al., 2022), 
with higher resolution data, more accurate cortical recon-
struction, and the ability to exclude only the lesion area, 
instead of limiting the analysis to areas where all patients 
are lesion free. Besides accelerating and improving 
research, this work can also contribute to fairness and 
accessibility of personalized medicine (e.g., personalized 
structural connectomics (Imms et al., 2023)), which can 
be made available for individuals with abnormal brain 
structures.

As segmentation of abnormal areas is out of the scope 
of this work, masks have to be generated manually or by 
one of the many available segmentation methods for 
lesions (as done previously by Zhang et al. (2022)). In the 
future, FastSurfer-LIT may be extended with more gen-
eral anomaly detection (Wolleb et al., 2022) to make the 
pipeline fully automatic. Alternatively researchers could 
also generously mask tissue that is not of interest (e.g., 
one entire hemisphere, similar to Appendix Fig. A3.A) to 
make sure lesion tissue is excluded, which removes the 
requirement for accurate segmentation. Since LIT can 
run independently from the downstream segmentation or 
surface reconstruction steps of the pipeline, it can easily 
be combined with other neuroimaging tools. In our eval-
uation, we focus on segmentation and surface recon-
struction with challenging data. We expect LIT to also 
enable use of other neuroimage analysis software with 
lesions, such as structural sub-segmentation (Estrada 
et al., 2023; Faber et al., 2022) or subject-to-subject and 
subject-to-atlas registration (previously demonstrated by 
SynthSR (Baheti et al., 2021; Iglesias et al., 2023)). There-
fore, we release both, a standalone version of the tool 
(https://github.com/Deep-MI/LIT/) and also an integra-
tion into the FastSurfer toolbox (https://github.com 
/Deep-MI/FastSurfer/).

Overall, we introduce FastSurfer-LIT, an accurate 
pipeline for automated neuroimage analysis of brains 
with cavities, tumors, and other lesions of any size. The 
pipeline works on multiple resolutions, enabling sub-
millimeter analyses for the first time and outperforms pre-
vious approaches shown by rigorous analysis.

DATA AND CODE AVAILABILITY

The source code for FastSurfer-LIT will be integrated into 
the FastSurfer pipeline at https://github.com/Deep-MI 
/FastSurfer and available as standalone inpainting tool at 
https://github.com/Deep-MI/LIT. The rating tool used for 
the user study is available at https://github.com/Deep-MI 
/segmentation_labeling.

All MRI datasets of the no-lesion dataset are publicly 
available and references to the open-source repositories 
are provided in Appendix Figure A3 of the FastSurferVINN 
paper (Henschel et  al., 2022). The BTC dataset (Aerts & 
Marinazzo, 2018; Aerts et al., 2018, 2020) is available at 
https://openneuro.org/datasets/ds001226/versions 
/00001, the UPENN-GBM dataset (Bakas et  al., 2021, 
2022; Clark et al., 2013) is available at the Cancer Imaging 
Archive  https://wiki.cancerimagingarchive.net/pages 
/viewpage.action?pageId=70225642 and the MSSEG 
dataset (Commowick et  al., 2018, 2021) is available at 
SHANOIR https://shanoir.irisa.fr/shanoir-ng/welcome. The 
UKB data are not publicly available due to their containing 
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information that could compromise the privacy of research 
participants. Data of the Rhineland Study are not publicly 
available because of data protection regulations. However, 
access can be provided to scientists in accordance with 
the Rhineland Study’s Data Use and Access Policy. 
Requests to access the data should be directed to Dr. 
Monique Breteler at RS-DUAC@dzne.de.
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APPENDIX A
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position of the inpainted region, and also on the appear-
ance of the rest of the brain. For a qualitative comparison, 
we show additional inpainted images with segmentation 
maps in Appendix Figures A2–A4. First we show a ran-
domly selected case from each of the clinical dataset in 
Appendix Figure A2. In the inpainted images on the top 
rows, we observe that the competing methods can mod-
ify the image outside of the inpainting mask, which is 
undesirable and avoided by LIT. SynthSR struggles 
especially with large lesions (A.2.A) and VBG with com-
plex shapes (A.2.B) and non-brain tissue (A.2.D). In 
Appendix Figure A3, we show extremely challenging 
cases, where the competing methods do not produce 
(meaningful) inpaintings. Meanwhile our method per-
forms as expected. Finally, in Appendix Figure A4, we 
show that our inpainting network also works in the pres-
ence of motion artifacts and low signal-to-noise ratio. 
While the inpainting can enable use of certain tools, we 
recommend excluding cases with extreme motion arti-
facts from analysis with FreeSurfer and FastSurfer, since 
artifacts are known to bias downstream analysis tasks 
(Reuter et al., 2015).

APPENDIX C

C.  RATING PROCEDURE

Judging and comparing the quality of whole-brain 
segmentation can be a very time consuming process. 

To compare two methods that are giving segmentation 
of similar quality, raters would typically go through the 
whole-brain volume and inspect all the different areas. 
Then they would often identify one or more areas, which 
show large differences and finally base their judgment 
on these areas of interest. Based on these observations, 
we develop an open-source tool and streamline the rat-
ing process for the comparison of segmentation maps 
(shown in Appendix Fig. A5, available on GitHub  (https://
github.com/Deep-MI/segmentation_labeling). The goal 
is to create reliable labels while reducing the required 
inspection time. This allows us to include more images 
into this analysis than previous methods (Radwan et al., 
2021). We aim to (i) provide a responsive user interface 
and (ii) focus the attention of raters. Our rating tool is 
based on FreeSurfer’s freeview, which is an MR image 
viewer well known in the community and often does not 
require additional training of raters. We open and close 
it from a software package that manages the rating pro-
cess. To speed up waiting times, all cases are pre-
processed and pre-loaded. In addition to the original 
MRI and the two to-be-compared segmentations maps, 
we also show a focus area and a difference map, which 
can aid the blinded raters by drawing their attention to 
differences between methods. The focus area highlights 
a suggested area for inspection and decision making. 
The difference map can be switched on to indicate 
where the segmentation maps disagree, and even spot 
subtle differences.

Appendix Fig. A1.  Overview of the DDPM inpainting process. The architecture for the axial, coronal, and sagittal 
networks is shared, but weights differ. Mask recombination is used to guide the inpainting process. Denoising per step is 
exaggerated in the figure for better viewability. Not shown are slab selection and slab-wise denoising.
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Appendix Fig. A2.  Qualitative comparison of whole-brain segmentations for all method combinations on cases randomly 
selected from the UPENN (A), UKB (B), preoperative BTC (C), and postoperative BTC (D) dataset. Empty spots for 
SynthSR + FastSurfer represent method failures. The shown slices are located at the center of the inpainting mask. Red 
arrows point at obvious inpainting and segmentation flaws.
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Appendix Fig. A3.  Qualitative comparison of two very challenging cases. Shown are whole-brain segmentations for all 
method combinations. Empty spots for SynthSR + FastSurfer represent method failures. The shown slices are located at 
the center of the inpainting mask. Red arrows point at obvious inpainting and segmentation flaws.
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Appendix Fig. A4.  Qualitative comparison of cases with reduced image quality due to motion artifacts. Shown are the 
original images and inpainted images produced by SynthSR, VBG, and LIT. The shown slices are located at the center of 
the inpainting mask.
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Appendix Fig. A5.  Screenshot from the window for the comparison of whole-brain segmentations. The green numbers 
denote (1) the area in Freeview to manage loading volumes, showing segmentations as 1/2, (2) an overview over some of 
the segmentation in the label map, (3) the focus area, which is an area of low inter-method agreement pointed out to the 
rater.
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Abstract

The corpus callosum, the largest commissural structure

in the human brain, is a central focus in research on ag-

ing and neurological diseases. It is also a critical tar-

get for interventions such as deep brain stimulation and

serves as an important biomarker in clinical trials, in-

cluding those investigating remyelination therapies. De-

spite extensive research on corpus callosum segmenta-

tion, few publicly available tools provide a comprehen-

sive and automated analysis pipeline. To address this

gap, we present FastSurfer-CC, an efficient and fully au-

tomated framework for corpus callosum morphometry.

FastSurfer-CC automatically identifies mid-sagittal slices,

segments the corpus callosum and fornix, localizes the

anterior and posterior commissures to standardize head

positioning, generates thickness profiles and subdivisions,

and extracts eight shape metrics for statistical analysis.

We demonstrate that FastSurfer-CC outperforms existing

specialized tools across the individual tasks. Moreover,

our method reveals statistically significant differences be-

tween Huntington’s disease patients and healthy controls

that are not detected by the current state-of-the-art.

Keywords: Corpus callosum, Segmentation, Localiza-

tion, Deep Learning, Head pose, Commissure

Figure 1: Thickness of an example corpus callosum, shown
on a 3D surface model.

1 Introduction

The corpus callosum and fornix, as well as anterior and

posterior commissures, are white matter bundles central

to the communication between hemispheres, memory re-

call tasks, and olfaction. In particular, the corpus cal-

losum is the largest brain commissure and is associated

with many diseases, for example, epilepsy (Unterberger

et al., 2016), autism (Piven et al., 1997), schizophre-

nia (Woodruff et al., 1995), multiple sclerosis (Ozturk

et al., 2010), cerebral palsy (Jaatela et al., 2023), Parkin-

son’s disease (Yang et al., 2023), bipolar disorder (Grande

et al., 2016), and Alzheimer’s disease (Di Paola et al.,

2010). The corpus callosum (CC) is an extensively
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(a) Two mid-sagittal plane estimates (red & blue) differ only by
a rotation of 5◦ in the coronal plane.

(b) The red mask results from accurate segmentation using the
red plane as mid-sagittal plane, while the blue mask results from
accurate segmentation using the blue plane.

Figure 2: Choice of mid-sagittal plane affects the shape and
thickness of corpus callosum segmentation.

studied structure, which is presented with high contrast

in structural MR imaging and shows complex anatom-

ical changes in healthy aging and disease (Luders et

al., 2010). Adjacent to the CC lies the body of the

fornix (FN), which is part of the limbic system and does

not connect the hemispheres directly but forms two C-

shaped arches that connect to the hippocampus on the

left and right hemispheres and merge below the corpus

callosum. The fornix is most prominently involved in

Alzheimer’s disease (Lacalle-Aurioles & Iturria-Medina,

2023; Nowrangi & Rosenberg, 2015) and mild cognitive

impairment (Nowrangi & Rosenberg, 2015; Zhuang et al.,

2012).

The anterior commissure (AC) connects the or-

bitofrontal, temporal, parietal, and occipital lobes, as

well as the insular and entorhinal cortices, with the olfac-

tory bulbs, the septal area, and the amygdalae (Çavdar

et al., 2021; Pinto et al., 2017; Raybaud, 2010). The pos-

terior commissure (PC) has been identified as the con-

nection between pre- and postcentral gyri, the superior

parietal region in the left hemisphere to the temporal re-

gion, and the lateral occipital and superior parietal re-

gions of the contra-lateral hemisphere (Pinto et al., 2017),

and is also connected to thalamic nuclei, superior collicu-

lus, and the habenular nuclei at its origins (Pinto et al.,

2017). Despite their wide reach, the AC & PC present

themselves as distinct white matter tracts almost com-

pletely surrounded by gray matter in the mid-sagittal

view. Although the function of AC & PC is not well

understood, their contrast to the surrounding gray mat-

ter has made them essential neuroanatomical landmarks

used for localization of neuroanatomical structures during

deep brain stimulation (DBS), stereotactic and functional

surgery (Baudo et al., 2022), the definition of corpus cal-

losum sub-segments (Jäncke et al., 1997), as well as the

standardization of head pose for automated morphomet-

ric analysis (C. Adamson et al., 2014). Their relative lo-

cations – with respect to other structures and each other

– have also been used as a biomarker (Vermeulen et al.,

2022).

1.1 Comprehensive integrated approach

Researchers who investigate corpus callosum changes in

aging, disease, and intervention studies require an accu-

rate tool for deriving markers of corpus callosum thick-

ness, shape, area, and volume. Instead of focusing on a

single task, our framework FastSurfer-CC integrates the

following five sub-tasks into a comprehensive pipeline (see

Figure 4):

1. Find the mid-sagittal plane,

2. localize the anterior and posterior commissures,

3. segment CC and fornix,

4. derive morphometric estimates for CC area, length,

curvature, and thickness, and

5. sub-divide the CC with a meaningful geometric sub-

segmentation method.

Finding an accurate mid-sagittal plane is motivated by

2



the lack of clear CC boundaries in the lateral direction,

often addressed by segmenting the CC in mid-sagittal

slices of the brain within a pre-defined width (C. Adam-

son et al., 2014; B. Ardekani et al., 2013; Fischl, 2012).

Determining the mid-sagittal slices accurately and inde-

pendently of the image slicing direction is essential, as

the shape, thickness, and area of the corpus callosum can

differ considerably depending on the position and orien-

tation of the selected mid-sagittal plane (see Figure 2).

The second step, anterior- and posterior commissure lo-

calization, is required for multiple tasks: standardizing

the head position in the remaining direction (nodding),

finding the corpus callosum end-points, and estimating

the CC location in the mid-sagittal slice as initialization

for the segmentation task. Following the segmentation,

the analysis can be run independently of the images’ voxel

grid by converting the segmentation mask into a triangle

mesh with sub-voxel resolution along the boundary. In

the fourth step, building on the geometric representation

of the CC, shape summary metrics like area, principal

length, curvature, and local thickness can be calculated

reliably. Finally, a novel and improved geometric sub-

segmentation is enabled that adapts to the curved shape

of the CC naturally.

1.2 Related work

Existing literature frequently reduces the challenge of CC

morphometry to one of the aforementioned tasks, with-

out integrating or evaluating the effects of other pipeline

steps (Chandra et al., 2023; Gajawelli et al., 2024; Jlassi

et al., 2024). We also target superior accuracy for each

individual component and therefore benchmark compo-

nents in isolation against specialized tools. However,

jointly implementing and validating our novel and com-

prehensive framework (shown in Figure 4) avoids incom-

patibilities, e.g., a segmentation tool only working on in-

correctly or poorly chosen mid-sagittal planes; accurate

thickness estimation, but on low-quality segmentation

maps; or chaining tools with large computational over-

head due to inconsistent pre- and postprocessing steps in

the pipeline.

1.2.1 Mid-sagittal plane positioning

Finding a mid-sagittal plane for corpus callosum segmen-

tation can be based on a template, global or local sym-

metry, or anatomical landmarks. Sometimes the selection

of mid-sagittal slices from the image (without re-slicing)

has also been formulated as a classification task. This has

been achieved manually (Platten et al., 2020) and with

a convolutional neural network (CNN) classifier (Brusini

et al., 2022). Selecting existing slices from the image,

however, oversimplifies the problem, as it disregards the

left-right head rotation and tilting and might cause biases

in downstream analysis. For example, tighter padding as

applied in tremor cases, e.g., from MS, causes the head

to be more upright compared to controls, where the head

positioning is less restrained, eventually leading to bias

in group comparisons as outlined in Figure 2. To correct

for these effects, rotating and re-slicing of the image is

necessary. Registration-based approaches, e.g., to MNI

space (C. Adamson et al., 2014; Gajawelli et al., 2024;

W. Huang et al., 2021) can standardize translation and

rotation, thereby finding a mid-sagittal plane from the at-

las space. FreeSurfer’s (Fischl, 2012) mri cc tool uses the

symmetry of the whole brain segmentation as an initial

estimate. It employs multiple heuristics to find the mid-

sagittal plane, among them an optimization step rotating

the plane and maximizing an alignment score based on

the left and right cerebral white matter. The Yuki soft-

ware package (B. Ardekani et al., 2013; B. A. Ardekani &

Alzheimer’s Disease Neuroimaging Initiative, 2022) also

relies on registration but refines the mid-sagittal plane

based on 8 landmarks, while CCSegThickness (short CC-

Seg, C. Adamson et al., 2014) incorporates a registration

with FLIRT (Jenkinson et al., 2012) to an MNI template.

Thus far, a joint evaluation and comparison of these

methods is missing, and it is currently unclear which gen-

eral approach is superior for corpus callosum segmenta-
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tion. We aim to close this gap in our study with a rater

comparison.

1.2.2 Corpus callosum and fornix segmentation

The two predominant approaches for medical image seg-

mentation are deep learning and registration methods.

For segmentation of the CC, atlas-based approaches are

employed by Yuki (B. Ardekani et al., 2013; B. A.

Ardekani & Alzheimer’s Disease Neuroimaging Initiative,

2022) and CCSeg (C. Adamson et al., 2014). These

methods often require manual cleanup(C. Adamson et

al., 2014; Raaf & Westerhausen, 2023) due to “mis-

classifications of pericallosal veins or the fornix”(Raaf

& Westerhausen, 2023). FreeSurfer’s mri cc determines

an initial estimate based on the white matter of a pre-

existing whole brain segmentation and then uses thresh-

olding and other post-processing steps to segment the

corpus callosum. Van Schependom and colleagues (Van

Schependom et al., 2016) propose an active shape model

combined with an atlas registration for an initial esti-

mate. Unfortunately, the method is not easily repro-

ducible with no released implementation or technical doc-

umentation. Multiple deep learning-based segmentation

methods have been proposed. Among them are a classical

U-Net (Platten et al., 2020), a modified residual atten-

tion U-Net (Chandra et al., 2023), a combination of Bi-

Directional Convolutional LSTMs with a U-Net (Wong

et al., 2023) for multi-modal segmentation, and a prob-

abilistic neural network (Jlassi et al., 2024). Generally,

machine learning tools have been found to be more accu-

rate in corpus callosum segmentation (Cover et al., 2018),

however, the present methods were not compared with

established tools, and trained models are not available,

which greatly reduces usability. To close this gap, we con-

tribute a novel, robust, well-validated, open-source CC

segmentation method.

For the segmentation of the fornix, similar registration-

based (Chang et al., 2022; Fischl, 2012) and deep learn-

ing tools (Greve et al., 2021) exist. FreeSurfer (Fischl,

2012) contains two tools for fornix segmentation. mri cc

performs joint, corpus callosum and fornix segmenta-

tion in the mid-sagittal plane, while ScLimbic (Greve

et al., 2021) segments 5 structures of the limbic sys-

tem (hypothalamus, nucleus accumbens, fornix, basal

forebrain, and septal nuclei) using a standard U-Net.

ScLimbic segments the whole fornix and is not limited

to the mid-sagittal slices – allowing for segmentation of

the anterior pillars and the fimbria. The same is true

for the registration-based Open-Source Hypothalamic-

ForniX (OSHy-X) Atlases and Segmentation Tool (Chang

et al., 2022).

1.2.3 Corpus callosum morphometry

While the area of the corpus callosum cross-section is al-

ready a valuable biomarker, atrophy in specific regions

is associated with different diseases and of broad research

interest. Therefore, areas of local sub-segments and thick-

ness across the corpus callosum are highly relevant mor-

phometrics. A plethora of sub-division schemes have been

proposed, some of them based on extensive in-vivo and

ex-vivo analysis. Friedrich and colleagues (Friedrich et

al., 2020) give an overview on the different approaches

for sub-division. The most practical methods for struc-

tural MRI are geometric approaches, which allow for a

robust and generalizing sub-division. Even when consid-

ering only geometric sub-divisions applicable to structural

MRI, a number of schemes have been proposed (illus-

trated in Figure 3):

1. The Wittelson scheme (Witelson, 1985) defines geo-

metric sub-divisions based on lines orthogonal to an

anchor line through the most anterior and posterior

points of the CC.

2. Jäncke et al., 1997 improve Wittelsons sub-division,

by drawing the anchor line through the anterior and

posterior commissures, which is more robust to seg-

mentation errors.

3. The Hofer-Frahm scheme (Hofer & Frahm, 2006) also
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Figure 3: Overview of previously proposed sub-division schemes. To the left is the anatomical anterior.

expands on the Witelson scheme and re-defines the

widths of each segment according to findings from

diffusion MRI (dMRI) studies (while keeping the

same anchor line).

4. Hampel et al., 1998 define an independent sub-

division scheme based on equally spaced rays orig-

inating from a midpoint on the inferior border of

a rectangle fitted around the CC, which yields sub-

divisions roughly orthogonal to the CC direction.

5. FreeSurfer (mri cc) (Fischl, 2012) uses equally

spaced divisions along the primary eigendirection.

Most of the proposed schemes sub-divide the CC along

the inferior-superior direction. If the anterior segments

are small, this can lead to unintended merging of the ros-

trum and body of the CC, as seen for mri cc and Hofer-

Frahm in Figure 3. To address this shortcoming, while

preserving well-motivated sub-division fractions, we pro-

pose a shape-aware sub-division method. This method,

similar to Hampel et al., 1998, cuts the sub-segments per-

pendicular to the CC principal direction.

Beyond area-based analysis of the corpus callosum,

prior works have proposed the measurements of overall

thickness (Platten et al., 2020) and thickness profiles (C.

Adamson et al., 2014; C. L. Adamson et al., 2011; Fraize

et al., 2023; Lee et al., 2014; Van Schependom et al.,

2016), which can be complemented with shape informa-

tion (B. Ardekani et al., 2013; W. Huang et al., 2021;

Joshi et al., 2013; Van Schependom et al., 2016) and

sometimes also surface statistics (Gajawelli et al., 2024).

Summary metrics, like mid-sagittal CC area, circular-

ity (B. Ardekani et al., 2013; Van Schependom et al.,

2016), bending angle (Platten et al., 2020), and the cor-

pus callosum index (Figueira et al., 2007) have also been

shown to be discriminative (B. Ardekani et al., 2013; Fu-

jimori et al., 2020; Platten et al., 2020; Van Schependom

et al., 2016), reliable and repeatable (Van Schependom

et al., 2016) and interpretable clinical markers.

1.3 Contributions

In this work we contribute to and combine each of the pre-

viously discussed sub-tasks of i) head-pose standardiza-

tion for mid-sagittal plane positioning, ii) CC & FN seg-

mentation, iii) down-stream morphometry, and iv) sub-

division. We provide a comprehensive open-source frame-

work (FastSurfer-CC, see Figure 4) as a fast, robust, ac-
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curate, and comprehensive tool for advanced corpus cal-

losum morphometry. FastSurfer-CC:

1. Accurately identifies the optimal mid-sagittal plane

tailored for corpus callosum analysis.

2. Outperforms existing specialized tools in localizing

the anterior- and posterior commissures, as well as

segmenting the corpus callosum and fornix.

3. Demonstrates superior robustness and accuracy on

challenging cases compared to other methods.

4. Introduces novel, reliable metrics for corpus callosum

length and curvature.

5. Provides efficient, precise, and robust thickness esti-

mation along the corpus callosum.

6. Implements a new shape-aware sub-division ap-

proach compatible with previously established

schemes.

2 Methods

In the following section, we introduce datasets and

present the individual components: mid-sagittal plane

positioning, AC & PC localization, CC & fornix segmen-

tation, thickness, curvature and length estimation and

CC sub-segmentation (see Figure 4). Finally, we describe

the evaluation criteria to assess the accuracy and robust-

ness of the aforementioned components.

2.1 Datasets

We assemble two types of datasets: 1. the training, vali-

dation, and test datasets with manual labels, 2. a down-

stream application dataset without manual labels.

Diverse data for training and testing is critical for

method generalization and usability. Here, we start from

the FastSurfer training dataset compiled from 12 datasets

as described by Henschel et al., 2022 and add 7T data

from the group of MR-physics at the German Center for

Neurodegenerative Diseases (DZNE) and cases with re-

section cavities from the Uniklinikum Bonn (UK-Bonn)

to further increase heterogeneity. From this large corpus

of structural MRI, we select a subset of 280 T1w scans

for manual annotation and comparison of mid-sagittal

planes. After the labeling process and quality control,

we end up with 177 labeled volumes. These are then split

into training (97), validation (31), and test-set (30), and

an additional test-set consisting of cases that were chal-

lenging for raters (19), which includes cases with motion

artifacts, low contrast, and brain lesions. In Appendix

Figure A.2 we show examples of challenging cases, and

in Appendix Table A.3 we present a breakdown of the

dataset split. We evaluate performance on both randomly

selected and specifically challenging cases for the follow-

ing reasons:

1. Researchers often require methods to capture dis-

ease effects. Diseased groups, however, can show

strong atrophy or other anomalies that make pro-

cessing more challenging.

2. Datasets of specific diseases can under-represent the

general population variance because of study exclu-

sion criteria or selection bias.

3. A thorough limitation analysis helps define the con-

straints in which a software should be used.

Additionally, we apply our method to the PREDICT-

HD dataset (predict Huntington’s disease, Paulsen et al.,

2008) as a downstream evaluation. Finally, we analyze

group differences between Huntington’s disease patients

(N=992) and healthy controls (N=276) using the pro-

posed morphometrics. For each participant, we select

their third visit and the best quality T1w image of that

visit. We also test whether the down-stream metrics pro-

duced by (only) our method show group differences. The

studies were approved by the ethics board of the respec-

tive institutions.

2.2 Mid-sagittal plane positioning

We find the mid-sagittal plane by registering FastSurfer’s

whole brain segmentation with the segmentation of the

fsaverage template. More specifically, we generate two

point-clouds with the centroid points of all labels present
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Figure 4: Overview of the proposed pipeline for corpus callosum morphometry.

in both segmentation maps. Following this, we rigidly

register the point-clouds using singular value decompo-

sition, which provides the homogeneous transformation

matrix T , that maps the case segmentation space to the

fsaverage template. This template is based on 40 cases

from Washington University, collected by Randy Buckner

and colleagues (Buckner, n.d.; FreeSurferWiki, n.d.). It is

also roughly aligned to the MNI305 (Evans et al., 1993)

template. The template’s mid-sagittal plane Pfsaverage

lies exactly on the middle slice in the L/R direction.

Therefore, we can determine the mid-sagittal plane of the

original volume Ptarget by mapping Pfsaverage to the orig-

inal images space: Ptarget = T−1 × Pfsaverage.

2.3 Anterior- and posterior commissure lo-

calization

Since the mid-sagittal plane usually intersects the AC &

PC points, we use the transformation T from the registra-

tion step to extract a mid-sagittal slice from the original

volume for localization – effectively constraining the task

to a 2D localization. To tackle this task, we train a clas-

sical DenseNet (G. Huang et al., 2016), that predicts two

floating-point numbers as outputs and mean squared er-

ror as loss. These outputs determine the position of AC &

PC in the image. We regularize image dimensions by re-

sampling all images to 1mm resolution and cropping the

input slices to a size of 64× 64, initially centered around

the third ventricle. We augment the network training by

shifting the field of view, making random contrast ad-

justments, adding Gaussian noise, and randomly scaling

intensities. We choose the AdamW optimizer with gra-

dient clipping. We further aim to increase the model’s

accuracy and robustness using four additional strategies:

i) We increase dataset variance and size by introducing a

pre-training step using the FastSurfer training set (Hen-

schel et al., 2022) with labels generated by the acpc detect

tool. ii) We mitigate out-of-distribution failures in case

of inaccurate mid-sagittal plane positioning by training

the model also on slices adjacent to the estimated opti-

mal mid-sagittal slice. iii) We mitigate out-of-distribution

errors for inaccurate fields-of-view by using an iterative

inference strategy that refines the field-of-view according

to the network predictions (and then runs the network

again). Finally, iv) a total of 5 slices (the mid-sagittal

slice plus two to either side) are used to estimate AC &

PC locations and averaged.

2.4 Segmentation

Similar to AC/PC localization, we segment the CC on the

mid-sagittal and adjacent slices. Here, we always consider

enough slices to cover at least 2.5mm to the left and right

of the mid-sagittal plane, resulting in a standardized vol-

umetric estimate. To aid clear separation of corpus callo-

sum and fornix, we also segment the fornix in these mid-

sagittal slices, resulting in CC and fornix outputs similar

to FreeSurfer’s mri cc. However, while FreeSurfer always
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Figure 5: Final state of thickness estimation, where the in-
tercallosal line and thickness levelpaths are calculated on the
corpus callosum mesh. The solution to the Laplace solution is
shown as a gradient from yellow to red.

segments and computes volumes based on only 5 slices,

we increase the number of slices for sub-millimeter vox-

els. We then weigh the volume contribution of the first

and last slice appropriately and report a corrected volume

estimate that reflects a consistent width of 5mm indepen-

dent of voxel resolution. For this segmentation task, we

train a variant of the FastSurferVINN (Henschel et al.,

2022) architecture. This variant only operates on sagit-

tal slices, but retains the multi-slice input (i.e., provid-

ing neighboring slices as channels) and the VINN layers

(Voxel-size Independent Neural Network layers, for inter-

polation of the latent space). We train the network with

Dice and cross-entropy loss. For data augmentation we

vary the cropping of the field of view and perform ran-

dom contrast changes. We use the SGD optimizer and

cosine annealing with warm restarts as the learning rate

scheduler.

2.5 Thickness, curvature and length estima-

tion

Similar to CCSeg (C. L. Adamson et al., 2011), we aim

to provide a method for localized morphometrics to help

identify CC regions with significant thickness differences.

Therefore, we develop a method to measure CC thickness

with arbitrary sampling density (see Figure 5 for an ex-

ample with 100 thickness measurements). We implement

four changes to previous solutions: i) shape analysis with

triangle meshes instead of on the voxel grid for more accu-

Midline subdivision - Hofer-Frahm ratios

Figure 6: Proposed sub-segmentation strategy with division
perpendicular to the intercallosal line. Here we use the ratios
of the Hofer-Frahm sub-segmentation scheme, but other ratios
are also possible. For comparison, the same corpus callosum
is used as in Figure 2.

rate sub-voxel shape representation, ii) CC endpoint lo-

calization based on our reliable AC/PC landmarks even

for unusual CC shapes, iii) thickness estimates via the

solution to the Laplace equation (boundary conditions

feature a positive and a negative charge at the opposing

inferior and superior boundaries), and iv) efficient compu-

tation by estimating the level sets of the rotated Laplace

gradients instead of tracing the gradient curves. Note

that the zero level set to the original Laplace solution

connects the CC end-points. This intercallosal line re-

liably follows the bend of the CC and can therefore be

used to calculate CC curvature, length, and support dif-

ferent geometry-aware sub-division schemes. Level sets to

the rotated solution (levelpaths for thickness in Figure 5)

can be employed to similarly estimate the thickness pro-

files at arbitrary sampling points along the intercallosal

line. We provide a detailed description of our method in

Appendix A.2.

2.6 Sub-segmentation

While most previously proposed sub-segmentation

schemes are carefully derived based on ex-vivo and in-vivo

analysis of corpus callosum morphology and connectivity,

their geometric definitions may not always produce sub-

segments consistent with the intended parcellation. In

Figure 3, for example, we can observe that the Hofer-

Frahm sub-segmentation scheme does not separate CC
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genu and body as originally intended (Hofer & Frahm,

2006), instead merging the rostrum and anterior fornix

body into one sub-region. Other schemes show similar

shortcomings due to the sub-optimal slicing angles with

respect to the CC shape.

To address the limitations of previous CC sub-

segmentation schemes, we propose a novel and robust

approach for geometric sub-segmentation: we divide the

CC perpendicular to the intercallosal line. In Figure 6,

we apply the anatomically motivated fractions from the

Hofer-Frahm scheme along the principal direction of the

CC shape. This approach leads to the intended division

between the posterior and superior genu. We provide a

customizable, parametric implementation for all the ge-

ometric sub-segmentation schemes shown in this paper,

which allows researchers to redefine sub-segmentation –

e.g. according to thickness changes derived by our tool.

2.7 Implementation details

The FastSurfer-CC framework combines all of the pre-

viously discussed method steps and combines them into

an efficient pipeline with the following computational im-

provements for speed and accuracy:

1. We interpolate only required slices into the mid-

sagittal space for AC & PC localization and CC seg-

mentation.

2. We initialize the iterative AC & PC localization using

the third ventricle label.

3. We use the final AC & PC locations to crop a patch

based on the AC & PC localization for the segmenta-

tion network, then we map the soft-labels (probabil-

ity maps) and map them back to the original space

before thresholding.

4. We calculate CC circularity and the CC index, which

are previously validated CC shape descriptors (see

Appendix A.3).

5. We write outputs asynchronously during processing.

The pipeline’s outputs can then be used for various tasks,

including i) volumetric analysis of the corpus callosum, ii)

inclusion of corpus callosum metrics in statistical analysis,

and iii) standardization of head pose and position (AC at

the origin, PC placed on the anterior-posterior axis and

the CC centered on the left-right axis). All outputs are

calculated in less than 10 seconds (Intel Xeon W-2245,

64 GB RAM, Nvidia Titan Xp, solid state drive, 2563

volume) or 40 seconds on a MacBook Pro (2.3 GHz Quad-

Core Intel Core i7, 16 GB RAM, solid state drive, same

volume) via docker containerization – despite the lack of

a dedicated GPU.

2.8 Validation metrics

2.8.1 Manual comparison of mid-sagittal plane

candidates

With the goal of identifying the best method for mid-

sagittal plane positioning, we designed a custom rating

tool based on Freeview – FreeSurfer’s visualization user

interface (Fischl, 2012). Our tool converts a homogeneous

transformation into a plane (see Section 2.2) that can

be displayed independently of the volume’s voxel grid.

This enables assessing whether the plane cuts the corpus

callosum along its thickest lateral point while preserving

local symmetry – especially the anterior and posterior

commissures.

In a direct method comparison, two blinded experts

compared forty mid-sagittal planes generated by each

method. Raters were asked to choose the higher quality

plane according to the aforementioned criteria. We deter-

mined the preferred method (i.e. method with more votes)

for each rater individually. For each comparison, we se-

lected twenty challenging plane pairs based on the lowest

method agreement and twenty pairs at random. Method

agreement was estimated by the average distance between

planes within the brain volume. We approximated this

using a cylinder centered at the RAS coordinate origin

and oriented along the two planes’ average normal vec-

tor. The difference between planes was then defined as
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the volume enclosed between them within the cylinder.

2.8.2 Localization comparison

We compare estimates of AC & PC location with the

manually marked locations using the Euclidean distance

between prediction and reference standard. Since we pay

increased attention to method robustness, we show both

mean and median distances. Opposed to the mean, the

median is not sensitive to outliers, and the difference

between the two measurements can therefore indicate

whether a method produces large errors in some cases.

2.8.3 Segmentation quality

To evaluate segmentation performance with respect to the

manual reference standard, we use the Dice Similarity

Coefficient (DSC) and the Hausdorff Distance (HD). The

DSC is defined as

DSC (X,Y ) =
2 |X ∩ Y |
|X|+ |Y | . (1)

This metric quantifies the overlap between two binary

masks X and Y , which in our case represent the location

and extent of brain structures. A DSC of zero indicates

no overlap between the prediction and the reference stan-

dard, while a perfect match corresponds to a DSC of one.

The HD is defined as

HD(X,Y ) = max

{
sup
x∈X

d(x, Y ), sup
y∈Y

d(X, y)

}
. (2)

For the same binary masks X and Y measures the dis-

tance of the boundaries of the two structures. To pro-

vide a more robust evaluation, we use the 95th percentile

of the distance rather than the maximum possible value.

The HD is reported in millimeters, where 0 mm signifies

a perfect match of the structures up to the 95th per-

centile. To determine whether one method significantly

outperforms another, we apply the Wilcoxon rank-sum

test, as implemented in the SciPy (Virtanen et al., 2020)

library. The null hypothesis for this test assumes that the

method rankings are random. To enable a fair, isolated

comparison, we use the same mid-sagittal plane estimate

(by mri cc) for all methods.

2.8.4 Comparison of group difference for Corpus

callosum thickness

Finally, we perform a whole pipeline comparison, where

we aim to find group differences in corpus callosum thick-

ness between FastSurfer-CC and the only other method

capable of generating thickness profiles: CCSeg. Here

the combination of mid-sagittal plane selection, segmen-

tation, and thickness analysis all contribute to the accu-

rate final analysis. After running both methods, we dis-

card all cases where either method fails (did not produce

outputs) and extract the CC thickness profiles. For each

of the 100 thickness values and for each method, we create

a linear model that predicts thickness with age, sex, and

total brain volume (from FastSurfer) as covariates. The

resulting p-values are then corrected with the Benjamini

and Hochberg procedure for multiple comparisons (Ben-

jamini & Hochberg, 1995) and mapped onto the level sets

of a template corpus callosum contour. The CC shape

is colored according to the values of the level sets, and

values between level sets are interpolated. By combining

multiple CC outlines, we also generate a 3D view of the

Corpus Callosum, which we use to display absolute differ-

ences between groups. Finally, we use the linear modeling

with covariates from above to create separate models for

each of the CC measures derived by our method and in-

vestigate which measures best explain group differences

between patients and controls. We use the SciPy (Virta-

nen et al., 2020) and statsmodels (Seabold & Perktold,

2010) libraries for statistical testing.

3 Results

First, we evaluate methods for mid-sagittal plane posi-

tioning. Then, we determine the accuracy of our trained

AC & PC localization and CC & FN segmentation models

and benchmark them against state-of-the-art approaches

using manually annotated cases. Finally, we evaluate the
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Rater 1 Rater 2

SOTA Method SOTA FS-CC SOTA FS-CC

robust register 7 12 3 13
mri cc 6 4 10 12
Yuki 4 12 10 22
CCSeg 7 15 12 22

Table 1: Rater comparisons of the proposed method for positioning the mid-sagittal plane (FS-CC) against four state-of-the-
art (SOTA) methods. The table shows votes from two independent raters in a direct comparison. The preferred method for
each rater is highlighted in green.

Method Test set random (N = 29) Test set challenging (N = 19)
AC PC AC PC

Mean Median Mean Median Mean Median Mean Median

FastSurfer-CC 1.10 0.90 0.91 0.65 1.35 0.97 0.92 0.60
acpc detect 4.77 0.71 5.54 0.65 8.84 0.71 8.51 0.76
SyN (ANTs) 2.49 1.84 2.08 1.70 3.23 2.46 2.84 1.94

Table 2: Mean and median localization error for anterior & posterior commissure on the random and challenging test sets.

full framework on the PREDICT-HD dataset, where we

use all derived down-stream measures for statistical anal-

ysis.

3.1 Mid-sagittal plane positioning

We compare six methods for mid-sagittal plane position-

ing: i) finding the left-right symmetry axis by mid-space

registration of FreeSurfer’s mri robust register (Reuter et

al., 2010) to a left-right flipped version of the same vol-

ume, ii) FreeSurfer’s mri cc, iii) Yuki, iv) CCSeg, iv) to

FastSurfer-CC (our method). The results in Table 1 show

that FastSurfer-CC outperforms all methods except for

mri cc. Here, method rankings disagree between raters.

However, FastSurfer-CC is more than an order of magni-

tude faster than mri cc.

3.2 Anterior- and posterior commissure lo-

calization

We compare the localization accuracy of three methods

(Table 2): i) acpc detect (part of the ART toolbox and

the Yuki tool; B. A. Ardekani and Bachman, 2009), ii)

non-linear multi-template registration using SyN (pro-

posed and validated by Pallavaram et al., 2009, Liu and

Dawant, 2014, part of the ANTs toolbox; Avants et al.,

2008; Tustison et al., 2021), iii) FastSurfer-CC (ours). We

observe that acpc detect is often highly accurate (<1mm

median error), but it produces 5 cases (10%) with ex-

treme failures (>10mm error, for both AC & PC). Er-

rors of this magnitude would prevent further processing

for many tasks and may introduce processing bias. Reg-

istration with SyN does not show failure cases of this

magnitude but generally under-performs our method. As

expected, localization methods perform much worse on

the challenging test-set. Our method is a notable excep-

tion to that rule. Overall, we conclude that our method

outperforms the other approaches, especially with respect

to method robustness.

3.3 Segmentation

We compare four segmentation methods for CC and FN

each. For the CC, we compare i) FastSurfer-CC (Ours),

ii) CC Seg, iii) Yuki, and iv) mri cc. For the FN, we com-

pare i) FastSurfer-CC (Ours), ii) SClimbic, iii) mri cc,

and iv) OSHy-X. For all evaluations, we present the Dice

similarity coefficient (DSC) with respect to manual seg-
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FastSurfer-CC FastSurfer-CC

FastSurfer-CC FastSurfer-CCFastSurfer-CC
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Corpus callosum (area)
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Corpus callosum (volume)

Corpus callosum (volume)

Fornix (volume)
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Figure 7: Dice similarity coefficient for different evaluation scenarios. All differences to our method are significant (p < 0.005)

mentation in Figure 7. Additionally, we compare the

Hausdorff distances – where notable – in the text. The

CC segmentation analysis is further sub-divided into 1.

area (only the mid-sagittal plane) and 2. volume (only

the 5 mid-sagittal slices segmented by mri cc). Note

that only FastSurfer-CC and FreeSurfer’s mri cc support

multi-slice evaluations.

Considering the CC segmentation, FastSurfer-CC (our

method) significantly outperforms (p < 0.01) other meth-

ods in both the randomly selected and challenging test

scenarios. FastSurfer-CC accuracy also only decreases

slightly when using more challenging data – especially

compared to other methods. While significantly worse

than FastSurfer-CC in DSC, CCSeg narrowly outper-

forms FastSurfer-CC in Hausdorff distances on the ran-

dom test-set (mean CCSeg 0.77 , mean FastSurfer-CC

0.99mm, median 1mm for both, p < 0.05). However,

on the challenging test-set CCSeg performs worst of all

methods with a high Hausdorff Distance driven by out-

liers, while our method outperforms all others, retaining

similar accuracy as seen on the randomly selected cases

(mean CCSeg 13.34mm, mean FastSurfer-CC 1.29mm,

median 1.41mm and 1.0mm respectively p = 0.05).

For FN segmentation, FastSurfer-CC also outperforms

all other methods significantly (p < 0.01) for both ran-

domly selected and challenging test scenarios. As for

CC segmentation, the segmentation is remarkably reli-

able even in challenging scenarios with average DSC>0.8.

Finally, our method outperforms SClimbic (specialized to

fornix) on both test-set and difficult test-set for DSC, but

the situation is reversed for Hausdorff distances (mean

SClimbic 1.63mm, mean FastSurfer-CC 2.29mm, median

1.41mm and 2.03mm respectively). Overall, we find that

our method delivers superior CC & FN segmentations and

is also more robust than other methods.
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Figure 8: Corrected p-values for the group comparison of cor-
pus callosum thickness between Huntington’s disease patients
and controls mapped onto a template.

3.4 Corpus callosum morphometry in Hunt-

ington’s disease

To validate that our method can find group differences,

we perform the previously introduced statistical analysis,

comparing Huntington’s disease patients with controls.

We use CCSeg and FastSurfer-CC methods end-to-end to

generate thickness profiles (as they are the only methods

with this capability) and other corpus callosum measures.

We show a plot with corrected p-values in Figure 8. While

only 6 of 100 thickness values show significant effects for

CCseg (p < 0.05, dark red in Fig. 8), our method finds

significant effects in 57 of 100 values.

The Hofer-Frahm sub-segmentation yields no signif-

icant effects when using CCSeg for segmentation and

post-processing (p > 0.05 for each sub-segment). Us-

ing FastSurfer-CC however, we find significant changes

in the isthmus (p < 0.05, second posterior segment),

which is the region that also shows the most significant

changes in CC thickness (see Fig. 8). With our shape

aware sub-division method (still using sub-segments de-

fined by Hofer-Frahm) the significance of this finding in-

creases (from p ≈ 0.04 to p ≈ 0.01).

Furthermore, our model provides an extensive library

of measures of corpus callosum shape. The average thick-

ness, for example, shows the expected highly significant

difference using our method (p < 0.0001), but not for CC-

Seg (p ≈ 0.42) using the same statistical model as above.

Other measures only provided by our method also show

significant differences: CC volume (p < 0.001), total CC

perimeter (p < 0.01), CC circularity (p < 0.01), and the

length of the intercallosal line (p < 0.05). We find no

significant differences for the total CC area on the mid-

sagittal plane (p ≈ 0.27), the CC curvature (bend of the

intercallosal line, p ≈ 0.39) and the CC index (p ≈ 0.87).

We show an overview of these effects in Figure 9.

4 Discussion

Overall, we propose a fast, robust, and accurate frame-

work for corpus callosum morphometry. We have vali-

dated its components individually and also showed that it

outperforms the state-of-the-art with respect to sensitiv-

ity for a group comparison of Huntington’s disease. Fur-

thermore, our method offers improved sub-segmentation

approaches and additional downstream metrics. Besides

corpus callosum analysis, our framework can be used for

head pose normalization, which provides a fast alternative

to rigid template registration and can aid as initialization

of other affine or non-linear registration tasks. Since the

alignment takes only seconds, it can be employed to pre-

process large datasets and is applicable in real-time ap-

plications, e.g., for QC’ing orientation angles in diffusion

MRI.

Our evaluation is specifically designed to consider the

performance on unseen data of the difficult test-set to

evaluate critical method robustness. This includes cases

with brain lesions, strong atrophy, and artifacts, which

were unseen during training. Our experiments and results

demonstrate that both our method and previous state-of-

the-art methods show excellent average performance on

randomly sampled cases. In a preliminary setting, we

established an inter-rater reliability for segmentation of

0.950 (CC DSC) and 0.852 (FN DSC). With performance
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Figure 9: Effect sizes (β values in linear model), and p-values for a comparison of Huntington’s disease patients with controls.
Negative values mean reduction of measure in patients. † → We use FastSurfer-CC’s improved sub-division method. *
→ p < 0.05 ** → p < 0.01, *** → p < 0.001, FS-CC → FastSurfer-CC

around that same level for our method, further distinc-

tion between methods is increasingly hampered by this

inter-rater reliability threshold. The localization equally

is highly accurate (typically less than one voxel error).

The performance of the state-of-the-art methods Yuki,

CCSeg, and acpc detect is similar, yet slightly lower on

high-quality data.

Nonetheless, our analysis shows that extreme errors oc-

cur regularly in competing methods – sometimes even

for both challenging and randomly selected cases. While

large errors can often be caught in quality control, more

subtle errors may be missed and can bias down-stream

analysis in populations. Therefore, we highlight that

FastSurfer-CC’s accuracy remains high across the board

when moving from randomly selected to challenging cases

while at the same time outperforming specialized methods

in good conditions. This superior accuracy and robust-

ness leads to increased sensitivity as demonstrated in a

cohort of Huntington’s disease patients and controls. In

addition to the generally higher significance of our find-

ings, we observe that the theoretical improvements to the

sub-segmentation method translate to higher sensitivity

in this analysis and also validate the newly introduced

summary measures like corrected CC volume, CC perime-

ter, and CC length measured by the intercallosal line.

Nonetheless, the proposed analysis of thickness estimates

has higher statistical power than area-based analysis –

even when adjusting for multiple comparisons.

Our additions and contributions provide researchers

with a highly sensitive, novel tool to explore and ana-

lyze CC shape changes in disease and aging. While our

framework proposes new, sensitive markers of length and

curvature of the CC as well as a novel geometry-aware

sub-segmentation scheme, it also provides easy access to a

plethora of previously proposed metrics and schemes. We

will integrate FastSurfer-CC into the open-source project

FastSurfer at github.com/DeepMI/FastSurfer. This up-

date will enhance FastSurfer with rapid head pose stan-

dardization, AC & PC localization, CC & FN segmenta-

tion, CC thickness profiles, and other new morphomet-

rics. With less than 10 seconds processing time, this con-

tribution will also improve FastSurfer’s overall processing

speed.
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A Appendix

A.1 Data description

For method development, we manually labeled 177 cases

with corpus callosum, fornix, anterior and posterior com-

missures, and split them into training, validation, and

test-set. We also established another difficult test-set

with cases that are especially challenging due to brain le-

sions, motion artifacts, strong atrophy, and low imaging

contrast. For labeling, we use mid-sagittal planes gen-

erated by FreeSurfer’s mri cc tool. Since this FreeSurfer

tool uses whole brain segmentations, we quality control

the whole brain segmentations prior to processing and use

lesion inpainting (Pollak et al., 2025) when large areas of

damaged tissues are present to circumvent errors. We

show an overview of the datasets used for annotation in

Table A.3.

A.2 Calculating corpus callosum thickness,

length and curvature

To derive accurate morphometrics from the CC segmen-

tation, we first detach the corpus callosum contour from

the voxel-grid by applying a Gaussian filter to the binary

label. Next, we apply the marching squares algorithm

implemented in the scikit-image library (van der Walt et

al., 2014). Next, the closed boundary contour is trian-

gulated with the meshpy library (Steinbrecher & Popp,

2021), providing a high-quality, dense triangle mesh of

the CC shape (see Fig. 5). To split the CC boundary into

an inferior and superior curve at its end-points, we use

the relative position of the anterior and posterior com-

missures. In contrast to previous heuristics (e.g., using

the curvature of the contour, C. L. Adamson et al., 2011),

the AC & PC are better references because they are de-

formed together with the CC, leading to better intercal-

losal lines in brains with strong atrophy or other disease-

related changes. Based on the training set, we design a

heuristic that gives visually accurate endpoints by first

finding intermediate anchor points with respect to the

AC-PC line and then selecting the closest points on the

contour as anterior and posterior endpoints. After deriv-

ing the end-points, we split the contour into an upper and

lower portion, apply appropriate boundary conditions (of

finf/sup = −1/1 along the inferior and superior boundary

and fep = 0 at the two endpoints), and solve the Laplace

equation ∆f = 0 for all interior points on the mesh. We

extend the LaPy Python library1 (Reuter et al., 2006;

Wachinger et al., 2015) for these and the following op-

erations. We extract the zero-level set of the Laplace

solution as a piecewise linear path to obtain an intercal-

losal line, running from one endpoint to the other. We

then resample the intercallosal line to have exactly N +2

equidistant points (N being the number of the desired in-

terior thickness estimates, default N = 100). Finally, to

avoid tracing gradients for thickness estimates, we rotate

the Laplace solution on the mesh so that the new level

sets are orthogonal to the level sets of the original solu-

tion. This is done by rotating the gradients around the

normals by 90 degrees, then solving the Poisson equation

∆f = h with the divergence of the rotated gradient as h.

It is now easy to extract the level set curves at the N loca-

tions along the intercallosal line. The individual lengths

of these level set curves provide the thickness profile of

the CC. Furthermore, total CC length and curvature are

computed directly from the intercallosal line and are also

provided.

A.3 Additional corpus callosum metrics

In addition to thickness profiles, curvature, midline

length, and sub-segmentation areas, we also include two

previously proposed metrics for corpus callosum analysis

and describe them here for documentation purposes.

A.3.1 Circularity

Circularity is a low-descriptive shape measure comparing

area A to boundary length L, which is maximized by the

1https://github.com/deep-mi/LaPy
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Dataset # Train # Val # Test # Difficult # Total

ABIDE (Di Martino et al., 2014) 8 2 4 0 14
ABIDE-II (Di Martino et al., 2017) 3 1 0 0 4
ADNI (Jack Jr et al., 2008) 15 7 3 6 32
LA5C (Poldrack et al., 2016) 10 5 0 2 17
MIRIAD (Malone et al., 2013) 11 2 3 1 17
OAS1 (Marcus et al., 2007) 8 4 5 1 18
OAS2 (Marcus et al., 2010) 8 2 2 2 14
Rhineland Study (1mm (Koch et al., 2024) 13 2 4 0 20
Rhineland Study (Koch et al., 2024) 9 3 7 1 20
HCP (Bookheimer et al., 2019; Van Essen et al., 2012) 5 3 0 1 9
IXI (“IXI – Information eXtraction from Images”, n.d.) 0 0 0 2 2
7T (in-house) 7 0 2 0 9
UK-Bonn epilepsy (in-house) 0 0 0 3 3

Combined 97 31 30 19 177

Table A.3: Overview of the used datasets and their inclusion in the sub-sets: training, validation, test, difficult test.

disc, where it becomes 1:

Circ = 4π
A

L2
. (3)

The corpus callosum circularity was proposed by (Van

Schependom et al., 2018) as a marker for Alzheimer’s dis-

ease. CC atrophy and thinning from aging or disease will

decrease area faster than boundary and therefore lead to

a decreasing circularity. While our framework offers more

fine-grained measures of length, thickness, and curvature

individually, some researchers may desire an aggregated

metric, which is why we include the corpus callosum cir-

cularity in the pipeline output.

A.3.2 Corpus callosum index

Similar to the corpus callosum circularity, the corpus cal-

losum index is also an aggregate metric that tries to con-

dense the complex shape changes of the CC by aggregat-

ing a few straightforward measurements that traditionally

were easy to obtain manually. It was first proposed as a

proxy for brain volume in the analysis of multiple sclero-

sis (MS) patients (Yaldizli et al., 2010). We have outlined

the calculation in Figure A.1. Below are the detailed steps

to calculate the index from a corpus callosum contour:

1. Draw the longest possible line between the anterior

Measurement line horizontal
Measurement lines vertical

Figure A.1: The corpus callosum index in defined as the
sum of the two horizontal measurement segments (blue) and
the vertical measurement segment (green).

posterior edges of the CC (cutting the CC into 3

parts)

2. Draw a second line perpendicular to the first and

crossing the first lines midpoint (cutting the CC in

the middle, into overall 4 parts)

3. Measure the thickness of cuts at the three cutting

locations and sum them.

A.4 Difficult examples

In Figure A.2, we show examples from the difficult test set

along with the rater annotation and network output. In

case A the contrast of corpus callosum and surroundings

is low (note that we use standardized automated contrast
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adjustment by freeview for all figures). In case B strong

artifacts are present (see image background for a clear

view of ringing artifacts). In cases B, C, and D, the cor-

pus callosum is thin and deformed, making segmentation

challenging.
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