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Abstract

EN: Accelerated MRI acquisition can improve the cost and efficiency of clinical
imaging, thereby making high-quality treatment accessible to a larger portion of the
population. However, accelerated MRI acquisitions commonly involve a trade-off:
the quality and interpretability of the acquired images diminish, making subsequent
manual clinical diagnosis unreliable. Modern Machine Learning (ML) methods can
reconstruct accelerated MRI images and generate reconstructions with high average
similarity scores to the fully sampled image. However, common similarity metrics
are only a poor proxy for the clinical utility of an MRI image: Even though a
reconstruction appears similar to the fully sampled image, its diagnostic content can
be vastly different if, for example, a small pathology is not reconstructed correctly.

This insight leads to crucial changes in perspective regarding the robustness and
reliability of commonly utilized ML-based reconstruction methods. As small changes
in the reconstructed image can lead to diagnostic errors, we need to challenge
common assumptions within the MRI reconstruction literature. First, we show that
worst-case measurement noise should be evaluated in terms of its effect on clinical
diagnosis rather than on similarity scores. We show that previous papers therefore
overestimate the robustness of ML-based reconstruction methods. Second, we show
that the clinical utility of a reconstruction is not accurately reflected in terms of
its similarity scores, as high-quality reconstructions are not necessarily required to
predict high-quality segmentations from accelerated MRI images. Surprisingly, we
observe that classical reconstruction methods with low similarity scores can lead to
the highest segmentation scores.

Additionally, we show that evaluating reconstruction methods in terms of their
clinical utility, such as segmentation and pathology detection, necessitates consider-
ation of the inherent reconstruction ambiguity. MRI reconstruction is an ill-posed
problem, for which an infinite set of possible and plausible solutions exists. ML-
based MRI reconstruction methods tend to reconstruct the most probable images or
those that lead to the Minimum Mean Square Error (MMSE). In both cases, rare
and small pathologies or image abnormalities, such as small cartilage volumes, are
unlikely to be reconstructed correctly at high acceleration factors. We introduce
methods to mitigate this problem by generating semantically diverse reconstructions
that are both data-consistent and plausible, yet less probable. These methods not
only provide interpretable uncertainty estimates but also detect more pathologies.
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Abstract

DE: Beschleunigte MRT-Messungen haben das Potenzial, die Kosten und Effizienz
klinischer Abléufe zu verbessern und somit eine hochwertige diagnostische Bildge-
bung einem grofleren Teil der Bevolkerung zugénglich zu machen. Jedoch haben
beschleunigte MRT-Verfahren auch Nachteile: Die Qualitat und Interpretierbar-
keit der akquirierten Bilder nehmen ab, was eine nachfolgende klinische Diagnose
sehr erschweren kann. Moderne Machine-Learning (ML)-Methoden kénnen diese
beschleunigten MRT-Bilder rekonstruieren und Ergebnisse generieren, die hohe
mittlere Ahnlichkeitswerte gegeniiber den vollstéindig abgetasteten (fully sampled)
Bildern aufweisen. Allerdings sind géngige Ahnlichkeitsmetriken nur ein schlechter
Indikator fiir den klinischen Nutzen eines MRT-Bildes: Selbst wenn eine Rekonstruk-
tion eine hohe Ahnlichkeit zum originalen Bild aufweist, kann sich die semantische
Bedeutung des Bildes stark unterscheiden, falls z.B. eine kleine Pathologie nicht
korrekt rekonstruiert wird.

Diese Erkenntnis fithrt zu einem entscheidenden Perspektivwechsel hinsichtlich
der Robustheit und Verlésslichkeit bekannter Rekonstruktionsmethoden. Da kleine
Verdnderungen im rekonstruierten Bild zu diagnostischen Fehlern fithren kénnen,
ist es notwendig, iibliche Annahmen der MRT-Rekonstruktionsliteratur zu hin-
terfragen. Erstens zeigen wir, dass Worst-Case-Rauschen in Bezug auf seine Aus-
wirkungen auf die klinische Diagnose evaluiert werden sollte und nicht anhand
von Ahnlichkeitsmetriken. Wir zeigen, dass frithere Arbeiten die Robustheit von
ML-basierten Methoden daher iiberschétzen. Zweitens zeigen wir, dass der klini-
sche Nutzen einer Rekonstruktion nicht akkurat durch Ahnlichkeitswerte wider-
gespiegelt wird, da hochqualitative Rekonstruktionen nicht zwingend erforderlich
sind, um préazise Segmentierungen aus beschleunigten MRT-Daten vorherzusa-
gen. Uberraschenderweise beobachten wir, dass klassische Rekonstruktionsmetho-
den mit geringen Ahnlichkeitswerten zu den besten Segmentierungsergebnissen
fithren konnen.

AuBerdem zeigen wir, dass die Evaluation der Rekonstruktionsmethoden in Bezug
auf ihren klinischen Nutzen, wie z.B. Segmentierung und Pathologiedetektion, es
notwendig macht, die inhdrente Ambiguitdt der Rekonstruktion zu beriicksichtigen.
MRT-Rekonstruktion ist ein inverses Problem, fiir das es unendlich viele mégliche und
plausible Losungen gibt. ML-basierte Methoden neigen dazu, die wahrscheinlichsten
Bilder oder solche, die zum minimalen mittleren quadratischen Fehler (MMSE)
fithren, zu rekonstruieren. In beiden Fallen kann es vorkommen, dass bei hohen
MRT-Beschleunigungen seltene und kleine Pathologien oder Abnormalitdten wie
z.B. ein kleines Knorpelvolumen nicht korrekt rekonstruiert werden. Wir fithren
neue Methoden ein, um dieses Problem zu mildern, indem wir semantisch diverse
Rekonstruktionen generieren, die sowohl datenkonsistent als auch plausibel sind,
aber weniger wahrscheinlich sind. Diese Methoden bieten nicht nur interpretierbare
Unsicherheitsabschétzungen, sondern detektieren auch mehr Pathologien.

v
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Chapter 1

Introduction

Magnetic Resonance Imaging (MRI) is a valuable diagnostic tool that has revolution-
ized medical imaging by providing non-invasive, high-contrast visualization of soft
tissues. However, the physical limitations of MRI acquisition constrain the scanning
speed, making MRI acceleration an important research objective. This chapter
provides the motivation for this thesis: we briefly explain the MRI process and a
common method to accelerate acquisition. We then formalize MRI reconstruction as
an inverse problem and discuss the challenges posed by its inherent reconstruction
ambiguity. We briefly explain current challenges in Deep Learning (DL)-based
reconstruction methods and identify research gaps in the current literature. At the
end of the chapter, we list our research objectives and contributions and provide a
short outline of the remaining thesis.

1.1 MRI, Acceleration and Inverse Problems

MRI is a widely used tool in clinical practice because it enables visualization of
internal anatomical structures. In contrast to other modalities such as X-rays or
Computed Tomography (CT) scans, which are often used for bone visualizations,
MRI offers unparalleled soft-tissue contrast and does not require ionizing radiation.
MRI scans frequently form the basis for diagnosing diseases, detecting pathologies,
segmenting tissue, and supporting further clinical decision-making. Given the
clinical significance of the MRI image, it is crucial that the image is of high quality
and accurately depicts the underlying anatomy.

MRI scanners use strong magnetic fields and radio frequency waves to interact
with hydrogen atoms in the patient’s body. Multiple receiver coils distributed around
the patient subsequently measure these signals. By applying varying magnetic fields
and radio frequencies, the scanner spatially encodes the signal. Receiver coils
store raw measurement data in the frequency domain, known as k-space. The
corresponding coil images can be calculated from this k-space using the inverse
Fourier transform (FT). These coil images can be combined using coil sensitivity
maps S to obtain the final MRI image. Figure 1.1 provides an example of k-space
data and corresponding images.
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1.1.1 Challenges of Long Acquisition Times

One of the main disadvantages of MRI is the relatively long acquisition time, which
often exceeds 30 minutes per session [7]. These long scan times can lead to several
negative consequences: the patient throughput of a single MRI scanner is low,
resulting in longer waiting times, less efficient use of the scanner, and, consequently,
higher healthcare costs. Additionally, the patient may feel uncomfortable due to
the narrow bore of the scanner, the machine’s loud noise, and the need to remain
still throughout the scan.

Long scan times can also increase the likelihood of motion artifacts, as many
patients struggle to remain still throughout the entire process, especially children
and patients with certain diseases. These motion artifacts can render some MRI
images non-diagnostic, potentially leading to a costly re-scan. Acceleration of the
MRI scans is therefore desirable, and it is currently a major research objective to
find methods that allow an acceleration of the measurement process without losing
significant quality or diagnostic feasibility of the resulting MRI image [§].

1.1.2 MRI Acceleration and the Inverse Problem of MRI
Reconstruction

A commonly used method to accelerate MRI acquisition is to acquire fewer mea-
surements in k-space, in particular, fewer than required by the Nyquist sampling
theorem [9]. This process leads to the so-called undersampled k-space. While fewer
measurements can reduce scan time, the information collected in the undersampled
k-space is insufficient to reconstruct a high-quality MRI image directly using Fourier
Transforms, as this would lead to artifacts that significantly degrade the image’s
diagnostic value. An example of the effects of an undersampled k-space is shown in
Figure 1.1.

MRI reconstruction aims to predict the missing k-space data that has not been
acquired, yielding a reconstructed MR image that is plausible and also consis-
tent with the measured k-space data, a property known as data consistency.
We can reformulate this reconstruction problem as an ill-posed inverse problem,
where an infinite set of solutions yields data-consistent, plausible reconstructions.
Mathematically, we can formulate the problem as having complex-valued multi-coil
undersampled k-space data y € C™ as well as a high-quality MRI reconstruction
x € C" with m < n as follows:

y=Ax +e¢, (1.1)

where A € C™*" is the forward operator and can be described by A .= MFS. S
are the coil sensitivity maps that map the image to the individual coil-images, F is
the Fourier transform mapping the individual coil-images to the k-space, and M
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Fully sampled Fully sampled Undersampled Undersampled
k-space coil image k-space coil image

Fully sampled
MRI image

Undersampled
MRI image

Figure 1.1: Explanation of fully sampled and undersampled MRI data.
Multiple receiver coils (typically =~ O(10)) acquire the magnetic resonance signal
shown in the k-space data. The corresponding coil image can be calculated with an
inverse Fourier Transform. The coil images can be combined using coil sensitivity
masks S to obtain the final MRI images. In accelerated MRI, less k-space data is
acquired (undersampled) and the corresponding images show artifacts and are not
diagnostically useful. An acceleration of 8 x has been applied in this example.

is the mask-operator, masking the unmeasured parts of the k-space. The added &
accounts for measurement noise. The coil sensitivity maps are either known or can
be estimated from the undersampled k-space [10].

The lack of a unique solution in Equation (1.1) leads to the inherent reconstruction
ambiguity, which is an irreducible uncertainty. Any single reconstruction would
therefore only provide an incomplete picture of the space of all possible solutions,
as it does not reveal how other feasible solutions might differ semantically from the
initial one. In a safety-critical field such as medical imaging, a lack of awareness
of the inherent ambiguity can lead to overconfidence in the provided solution,
potentially resulting in a false diagnosis with severe consequences for the patient,
who might receive no treatment or wrong treatment for their symptoms. Popular
and state-of-the-art (SOTA) DL methods for MRI reconstruction can potentially
even worsen the problem, as we will describe in Section 1.2.

1.1.3 DL-Based MRI Reconstruction and SOTA Results

In recent years, DL-based reconstruction methods have achieved SOTA results for
MRI reconstruction. They can find plausible and high-quality MRI images that are
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candidate solutions to Equation (1.1) given undersampled k-space data [11, 12, 13,
14]. A key factor in the high performance of DL-based reconstruction methods is
their ability to leverage large training sets to learn complex priors. During inference,
this learned prior knowledge allows the model to predict a solution that is both
plausible and data-consistent. These methods often achieve high performance on
standard similarity metrics that quantify the similarity between the reconstructed
MR image and the fully sampled MR image, such as the Structural Similarity (SSIM)
[15] and the Peak Signal-to-Noise Ratio (PSNR) [16].

1.2 Key Challenges of DL-Based Reconstruction

Despite the high similarity scores achieved by current DL-based methods, they
usually tend to ignore the inverse nature of the reconstruction problem, as explained
in Section 1.1.2. The problem of MRI reconstruction is typically ill-posed, and there
are infinitely many solutions that are both data-consistent and plausible.

Current research on DL-based reconstruction often neglects this ambiguity and
typically only analyses a single-point estimate for each inverse reconstruction prob-
lem. Regression-based reconstruction models such as U-Nets (see section 2.3.1) or
Variational Networks (see section 2.3.2) that are trained with paired undersampled
and fully sampled data tend to predict averaged solutions that can yield blurry
reconstructions [17, 18]. Diffusion models (see section 2.3.3) can, in principle, sample
multiple different reconstructions according to the posterior distribution, yet most
of these solutions to the inverse problem will be one of the most likely solutions. If
only a limited set of reconstructions is sampled, unlikely cases can be missed, and
the samples might be repetitive and close to the most likely solutions [19].

While these properties of DL-based reconstruction methods lead to high average
similarity scores, both methods also pose a serious risk of omitting rare and small
pathologies, which are, however, often essential for the utility of the reconstructed
MRI image.

1.2.1 Similarity Scores are Poor Proxies for Diagnostic
Utility

Commonly used similarity metrics, such as the SSIM and PSNR, measure the
similarity of an MRI reconstruction to the fully sampled ground truth image, but
can be poor proxies for diagnostic utility. Crucially, a reconstruction can achieve
a high average similarity score on a test set while simultaneously distorting or
even omitting subtle but clinically relevant information, such as rare pathologies or
abnormal anatomical structures. Figure 1.2 illustrates a case where a pathology is
omitted in the reconstruction.
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Undersampled k-space Undersampled MRI image DL-based reconstruction Ground Truth

A & Y/

Figure 1.2: Failure case of a DL-based reconstruction. While the reconstruction
appears visually plausible, the critical pathology has not been reconstructed correctly
(see magnified view). This demonstrates the risk on relying on a single reconstruction,
which can miss the pathology and can therefore lead to misdiagnosis with severe
consequences for the patient.

To evaluate a reconstruction algorithm, it is therefore necessary to use metrics
better aligned with the clinical objectives of the MRI scan. This shifts the evaluation
focus from an average-similarity measurement to a task-based evaluation, in which
the quality of the reconstruction is assessed by how well information about the un-
derlying anatomy relevant to a downstream diagnostic task is preserved. This could
mean, for example, analyzing volumetric agreement between cartilage segmentations
to determine whether a patient suffers from arthrosis. It could also mean achieving
diagnostic agreement between the reconstructed and fully sampled MRI images, to
ensure that no pathologies are omitted or hallucinated during the reconstruction
process and that they are reconstructed faithfully.

Shifting the evaluation focus from image-wide similarity metrics to a task-based
evaluation framework yields a different perspective. It illuminates new challenges in
MRI reconstruction: For example, a change of only a few pixels in the reconstructed
image can lead to significant semantic changes if it results in the hallucination or
omission of a pathology. The threshold of what would be a substantial error in a
reconstructed MRI image is therefore drastically lowered. Existing problems that
seem minor with respect to the similarity metrics, such as instabilities of the model
to worst-case measurement noise or the inherent ambiguity of the reconstruction,
can therefore have serious diagnostic consequences, as will be shown in this thesis.

1.2.2 Challenge of Model Robustness and Stability

A reconstructed MR image must be a faithful representation of the underlying
patient anatomy to be clinically useful and for the reconstruction method to be
trustworthy. The reconstruction method should therefore accurately reconstruct the
underlying image without hallucinating or omitting any pathologies. However, it is
well known that DL methods are susceptible to adversarial noise [20, 21], so that
small, imperceptible perturbations to the input can lead to significant changes in the
output. In the context of MR image reconstruction, this means that small amounts
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of measurement noise in k-space can lead to changes in the reconstructed image
that, in the worst case, can even result in hallucinations or differing pathologies. A
diagnosis based on such an erroneous reconstruction will also likely be incorrect,
potentially with severe consequences for the patient.

The danger of this worst-case noise is generally underestimated in the research
literature, as most analyses focus on the decline in similarity metrics, such as PSNR,
between a clean and an attacked reconstruction [22, 23, 24]. These approaches,
therefore, do not evaluate the most critical failure cases, which are not necessarily the
ones with the largest average pixel intensity deviations, but instead those that result
in the largest diagnostic error. It is therefore necessary to analyze the consequences
of worst-case noise on the diagnostic utility of reconstructions to better understand
the clinical risk posed by instabilities in DL-based reconstruction methods.

1.2.3 Open Questions for Segmentation of Accelerated MRI

The susceptibility of DL-based reconstruction methods to worst-case noise and
the potential for subsequent diagnostic errors might indicate that only small MRI
acceleration factors are achievable, as the methods are otherwise too susceptible
to noise. However, semantic segmentation of anatomical structures is more robust
to minor changes in the image, as larger structures would need to be changed.
Can higher acceleration factors be safely used if the acquisition’s clinical goal is
semantic segmentation of a specific tissue? Answering this question requires a clear
understanding of the capabilities of SOTA methods for segmenting accelerated MRI
data, which is surprisingly difficult to obtain from the previous literature.

Previous work on semantic segmentation of accelerated MRI has focused mainly
on introducing novel frameworks that combine reconstruction and segmentation in
a single forward pass [25, 26]. However, these methods are highly hyperparameter-
dependent, as they require finding suitable combinations of segmentation and
reconstruction losses. New datasets require further grid search to find the right
hyperparameters, as image resolution, contrast, or the segmented anatomies may
differ. Additionally, previous work often focused on single datasets or single acceler-
ation factors, or lacked comparisons with other SOTA methods, making it difficult
to understand the field’s development and preventing a useful overview of which
method choices are most beneficial for the segmentation task.

Even large-scale efforts designed to provide clarity on the current state of the
field and the capabilities of segmentation methods for accelerated MRI have left
many open questions. The 2022 MICCAT challenge K2S [6], for example, aimed to
create an unbiased benchmark. However, the submissions varied in computational
budget, model, ensemble size, and training strategies. Attributing the performance
to any single methodological choice is therefore nearly impossible [27, 28]. Even
though our team won the challenge, this lack of clear takeaways about why certain
methods succeeded invites a more systematic investigation that compares the SOTA
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methods on a more equal footing and potentially generates additional insights.

1.2.4 Inherent Reconstruction Ambiguity: From Point
Estimates to Solution Space

Neglecting rare pathologies can be a problem even for ideal reconstruction models
that can sample from the posterior distribution perfectly. If the pathology is
sufficiently rare, it might require dozens of MRI reconstructions to obtain a single
sample that displays it. This is not only time-consuming but also results in many
of these reconstructed images being redundant. It would also be unfeasible for a
radiologist to analyze the reconstructed images to estimate the posterior distribution.
Additionally, it would lead to overconfidence in the most likely solutions, further
discriminating against the rare pathologies that need to be detected.

To detect these rare pathologies, the tail cases of the posterior distribution
need to be reconstructed. Tail cases are less probable reconstructions that can,
however, significantly influence the diagnostic outcome. Providing not only the
most probable reconstruction but also additional unlikely tail cases can lead to a
better understanding of the size of the possible solution space and the inherent
reconstruction ambiguity with respect to the given diagnostic task. Semantic
segmentation and pathology detection require different kinds of changes in the
reconstructed images (low-frequency vs. high-frequency information), which is why
we consider both cases separately.

Reconstruction Ambiguity I: Semantic Segmentation

For the downstream task of semantic segmentation, information about the minimum
and maximum achievable segmentation volumes, given the reconstruction ambiguity,
might be most relevant for determining whether a volume is abnormal and, for
example, whether arthrosis is present. To obtain reconstructions that display
differences in, e.g., cartilage volume, the low-frequency elements of the images that
define the larger anatomical structures have to be changed, such that the volume
of the corresponding segmentation changes as well. At the same time, the image
needs to remain consistent with the undersampled k-space data. This problem is
addressed in Chapter 5.

Reconstruction Ambiguity II: Pathology Detection

In pathology detection, uncertainty due to reconstruction ambiguity primarily
concerns the presence, absence, and type of pathology. In the case of high MRI ac-
celeration, multiple semantically diverse reconstructions might be possible, of which
some might show a pathology and some might not. If this is the case, at least both
types of reconstructions need to be provided to prevent false overconfidence in any
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one solution and to avoid missing existing pathologies, which can often occur when
reconstructing the most likely solutions. Generating reconstructions that display
changes in pathological features requires altering the high-frequency components of
the image, which define the fine-grained textures essential for identifying pathologies,
while remaining data-consistent. Chapter 6 focuses on this problem.

1.3 Research Objectives and Contributions

The main goal of this thesis is to evaluate and improve the clinical feasibility of
DL-based MRI reconstruction methods. By shifting our perspective from similarity
scores to clinical use cases, such as segmentation and pathology detection, we
identified new challenges: model robustness, segmentation of highly accelerated
data, and mitigation of the inherent reconstruction ambiguity. By combining
insights from our research, we find concepts that led to improved segmentation
quality and pathology detection reliability in accelerated MRI data compared to
previous methods.

1. Evaluating Adversarial Robustness: The first goal of this thesis is to
demonstrate the non-robust behavior of popular MRI reconstruction methods
if the k-space measurement data is degraded with worst-case noise. Unlike
previous work, we do not focus solely on average similarity scores; instead, we
show that small amounts of worst-case noise can lead to clinically relevant
semantic changes, resulting in the hallucination of non-existent pathologies.
We also show that small rotations of the underlying anatomy can have similar
effects, potentially resulting in different diagnostic outcomes. Apart from
showing the brittleness of popular reconstruction algorithms, this work also
sets the stage for one of the central topics of this thesis: MRI reconstructions
should be evaluated with clinical utility as the success metric rather than
relying solely on similarity scores.

2. Benchmarking Segmentation on Accelerated MRI: The second goal is
to increase understanding of the clinical utility of MRI reconstructions. For
this purpose, we systematically evaluate a variety of methods for segmenting
accelerated MRI data. We compare several SOTA methods across two datasets
at a wide range of acceleration factors and find that many methods do
not achieve statistically significant improvements in segmentation accuracy
relative to a simple baseline. Surprisingly, we find that the best segmentation
performance is achieved not with SOTA methods that combine reconstruction
and segmentation in a single forward pass, but rather with methods that
leverage existing reconstruction techniques and train a segmentation network
on these reconstructions. These two-stage methods do not introduce novel
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network architectures, yet consistently beat leading SOTA methods on the
tested data in our experiments.

3. Predicting Segmentation Uncertainty: As the third goal, we introduce a
novel method to enhance the interpretability of segmentation uncertainty aris-
ing from the inherent reconstruction ambiguity. While our second goal shows
that high acceleration factors are feasible for achieving high average segmen-
tation scores, it is also essential to understand the segmentation uncertainty
before applying these methods in clinical practice. We introduce an intuitive
concept: generating two semantically diverse reconstructions corresponding to
the minimum and maximum segmentations, enabling easy understanding of
the potential volumes of the underlying anatomy and the so-called uncertainty
boundary. We build our method on diffusion models, which allow us to guide
the reconstruction process across multiple steps. We show that our novel
method yields uncertainty boundaries that are more reliable at capturing the
true segmentation (i.e., at no acceleration) than those obtained by repeated
reconstruction with a diffusion model. Our method, therefore, enables more
reliable and interpretable uncertainty quantification.

4. Improving Pathology Detection: The fourth and final goal is to find
methods to improve the pathology detection in accelerated MRI. As mentioned
earlier, the bias of DL-based reconstruction methods to predict the most likely
solutions, or average solutions, can lead to the omission of rare pathologies,
resulting in false-negative diagnoses and potentially severe consequences for
the patient. Similar to the semantically diverse reconstructions with respect to
the segmentation volume, we developed a method that generates semantically
diverse reconstructions with respect to the reconstructed pathologies. If a
pathology is plausible given the data, the clinician must be alerted to it, and
the potential pathology should be shown in at least one reconstruction. To
achieve this, we add small amounts of noise to an initial reconstruction and
optimize the added noise so that the resulting image has a large ¢y distance in
the embedding space of an adversarial robust detection model, while remaining
consistent with the k-space measurement data. Our method not only improves
the detection of pathologies but also increases common detection metrics,
such as the mean Average Precision (mAP), thereby providing uncertainty
estimation and increased trustworthiness while detecting more pathologies in
the underlying anatomy.

All in all, the contributions in this thesis represent a significant step forward
towards making DL methods for accelerated MRI reconstruction safer and more
trustworthy for clinical applications. By shifting our focus from comparing similarity
metrics to performance on clinically relevant downstream tasks, problems such as
hallucinated or omitted pathologies and segmentation uncertainty become more
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prominent. In response, we developed and validated novel frameworks that mitigate
the reconstruction ambiguity, thereby improving the reliability and transparency of
anatomical segmentation and pathology detection.

1.4 Thesis Outline

The remainder of the thesis focuses on a systematic development from the initial
ideas towards our newly developed methods. We will motivate the reason for
focusing our evaluations on clinical metrics and we will show how our developed
methods for mitigating reconstruction ambiguity lead to more reliable estimates of
uncertainty for clinical diagnostic tasks.

Chapter 2 provides short explanations of the methods that are currently often
used in the research literature for the reconstruction of accelerated MRI and that are
partly also utilized within the thesis. It also provides a brief overview of segmentation
and detection methods, providing the reader with the necessary background for a
better understanding of the individual research contributions.

Chapter 3 introduces our analysis of model robustness to worst-case noise and
worst-case rotation, in which we show that the diagnostic feasibility of the recon-
structions is affected more than previously expected. Chapter 4 is dedicated to the
diagnostic utility of accelerated MRI for semantic segmentation, in which we com-
pare several SOTA methods in an unbiased way to obtain surprising insights about
the benefits of two-stage methods that treat the reconstruction and segmentation
problem independently. Chapter 5 introduces our method to mitigate the effects of
reconstruction ambiguity for the segmentation uncertainty. Chapter 6 introduces our
method for mitigating the inherent reconstruction ambiguity in pathology detection,
demonstrating that it can help detect more existing pathologies, thereby increasing
the reliability of accelerated MRI.

Chapter 7 is dedicated to the Discussion section, in which we will summarize our
findings, discuss their current and potential future impact, and discuss potential
limitations. We conclude the thesis in Chapter 8 with a conclusion and promising
directions for future work.
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Chapter 2

Background

This section is intended to provide the reader with background information on
different MRI reconstruction methods, some of which are being utilized throughout
the thesis. It also introduces foundations and popular methods for semantic segmen-
tation of medical images. The chapter ends with a short introduction to DL-based
object detection methods that are used in this thesis and the challenges occurring
for object detection on reconstructed MR images.

2.1 MRI Reconstruction Foundations

In MRI reconstruction, the goal is to find a plausible MRI image a that is also
consistent with the measurement data y of the k-space. From a Bayesian perspective,
we are interested in finding the probability distribution p(x|y). This probability
distribution is proportional to

p(zly) o< p(ylx) - p(x). (2.1)

Here, p(y|x) is the likelihood, p(x) is the prior and p(x|y) is the posterior. Typically,
we would like to either find the maximum a posteriori estimate — the most probable
reconstruction, which often has high average similarity scores — or sample from the
posterior distribution. To find the maximum a posteriori estimate, we can minimize
the negative log posterior for improved numerical stability, such that:

" = arg min — log p(y|x) — log p(x) (2.2)

Assuming IID Gaussian noise on the measurement data, we can approximate the
negative log-likelihood term —log p(y|xz) = 3||Ax — yl|3, where A is the forward
operator mapping image space to k-space as in Eq. 1.1. The prior can be interpreted
as a regularization term such that —logp(x) = AR(x). The regularization term
should obtain large values when the reconstructed image is an unlikely MRI image
(e.g., the zero-filled reconstruction, for which all missing values are replaced by
zeros) and small values when it is a plausible MRI image. One can then formulate
the search for the most probable * as a regularized optimization problem.

11
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1
x* = argmin §\|Aaz —yl5 + AR (z) (2.3)

The value of x is often approximated in an iterative procedure, in which the
gradient of the posterior is utilized to update the current value for x. Starting
from a timestep t = 0 and optimizing until the timestep ¢t = T, we can write the
optimization as:

Tit1 =Tt + MV, logp(a:t|y) =Ty — N <A*(A=73t - y) + /\thR(mt)>a (2-4)

with A* being the Hermitian adjoint of A and thereby mapping from the measure-
ment space back to the image space.

Optimization procedures such as those in Equation (2.4) are common in, e.g.,
compressed sensing-based reconstruction methods. Similar theoretical motivations
can also be found for some DL-based reconstruction algorithms [13, 29].

2.2 Classical Reconstruction Methods

Undersampling of the k-space as a strategy to accelerate MRI acquisition has been
successfully applied for several decades in clinical practice, starting with parallel
imaging introduced in the 1990s [30, 31], which is still commonly used in modern MRI
scanners. In parallel imaging, information about the distribution of the receiver coils,
along with their known spatial sensitivities, is used to induce further information
in the form of spatial localization of the received signals. In clinical practice, a 3-
to 4-fold acceleration can be achieved without a significant loss of information by
using this technique [32].

Compressed Sensing (CS) approaches were applied to MRI acquisition in the
2000s [33, 34]. In CS, the regularization term in Equation (2.3) is typically a
sparsity-enforcing constraint such as the ¢; norm in the wavelet domain. Optimizing
the reconstruction to be sparse in the wavelet domain yields an MR image with large
smooth regions and sharp edges, which are desirable properties of a reconstructed
MR image. Another typical sparsity-enforcing regularization term is minimizing
the image’s Total Variation (TV) [35], which penalizes differences between adjacent
voxels, encouraging larger regions of similarly valued voxels and making the image
piecewise-constant and smoother. Both regularization functions can be utilized as
the regularization function R(x) in Equation (2.4), and an optimized reconstruction
x( can be found.

12
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Figure 2.1: Schematic of the U-Net architecture. Horizontal arrows denote
skip connections vertical arrows represent down- and up-sampling operations. This
design enables the model to integrate fine structural details with global contextual
information. The network takes an undersampled MRI image as input and recon-
structs the fully sampled image.

2.3 Deep Learning-Based Reconstruction Methods

In recent years, the rise of deep learning has fundamentally advanced achievable
reconstruction quality and acceleration, introducing many new state-of-the-art
reconstruction methods [11, 12, 13, 14]. Unlike classical approaches, such as CS,
that rely on handcrafted or at least manually selected image priors, DL methods
can learn priors from large amounts of MRI data. This learning ability allows DL
methods to learn more complex priors that not only optimize smooth reconstructions,
but also reconstruct, e.g., specific anatomical structures accurately. This additional
knowledge about the data allows, in principle, for higher reconstruction fidelity
and/or higher acceleration factors than CS.

2.3.1 U-Net

A variety of DL-based approaches have been developed in recent years to solve the
MRI reconstruction problem. A popular method that serves as the basis for many
later approaches uses the U-Net architecture [36], for which a sketch is shown in
Figure 2.1. While the U-Net was originally developed for segmentation tasks, it has
also achieved remarkable performance for MRI reconstruction problems [37]. The
U-Net learns to predict fully sampled images given the undersampled MRI images
during training. The U-Net is especially well-suited for the reconstruction task due
to its design, which is also beneficial for image segmentation tasks: it allows for
combining both detailed image information, such as the exact boundary between
two different tissues, with broader context information such as the type of tissue.
The network consists of an encoder and a decoder that are connected at every stage
by skip connections. The encoder allows the inclusion of information about the
surrounding anatomical context for the prediction of the fully sampled image, while
skip connections preserve information about details observable at high resolution.

13
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Figure 2.2: Schematic of a Variational Network (VarNet) architecture. A
VarNet typically consists of multiple U-Net blocks in cascade. Between each U-Net
block, the data-consistency of the intermediate reconstruction is increased.

2.3.2 Variational Network

Although the U-Net achieved remarkable performance in image reconstruction, it has
certain limitations. The network learns to map the undersampled MRI image to the
fully sampled ground-truth MRI image, yet it does not utilize the measured k-space
data in its calculations. The resulting images are therefore not necessarily consistent
with the measured k-space data. Consistency with the measured k-space, however,
not only has the potential to increase reconstruction fidelity further but also enables
the prediction to serve as a solution to the ill-posed reconstruction problem. One way
to include k-space information in the prediction has been developed with unrolled
networks, where variational networks (VarNets or VNs) [29] are one of the most
popular applications [13, 38]. The architecture of VarNets consists of several U-Nets
in cascade, as indicated in Figure 2.2. In between each of the individual U-Nets, a
Fourier transform is applied to the intermediate reconstruction, and the measured
part is adjusted, such that the data-consistency is increased (although it does often
not need to agree perfectly at every step). An inverse Fourier Transform is applied
to the corrected’ k-space, and the image is used as input for the next U-Net in the
cascade. The VarNets often achieve better reconstruction scores compared to the
simple U-Net on 2-dimensional data [38, 39].

The objective of a VarNet can also be formulated in terms of the gradient update
equation in Equation (2.4) as:

xi1 = o — A (Azy — y) + CNN(xy), (2.5)
where the CNN (e.g., the U-Net) is learned from the training data and acts as a form
of regularization, guiding the reconstruction x; towards the MRI image domain [13].

Reconstruction Losses

DL-based reconstruction methods are trained using a variety of optimization losses.
The most common pixel-wise loss functions are the ¢; loss, utilized in [39], and the
05 loss as used in [37, 25]. Losses based on the SSIM index are also often used,
with a popular example being E2E-VarNet [13]. In contrast to pixel-wise similarity

14
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metrics such as ¢; and ¢, SSIM loss encourages a network to preserve structural
and contrast information. Many MRI reconstruction approaches [26, 40| linearly
combine the SSIM with a ¢ loss, utilizing the advantages of SSIM while preserving
luminance with the ¢; loss [41].

2.3.3 Generative Models

Both DL-based reconstruction methods seen previously are trained to predict a
single reconstruction that ideally leads to a small average loss, e.g. the Minimum
Mean Square Error (MMSE). Additionally, U-Nets and Variational Networks are
trained on paired data, for which the models have learned to predict a fully sampled
MR image from an undersampled one. Changes in the k-space sampling pattern or
acceleration factor would result in the input data being out of distribution, leading
to corresponding declines in reconstruction quality [11].

Another class of reconstruction models are the generative models. Generative
models learn a prior distribution over fully sampled MRI data and are typically
capable of generating realistic-looking MRI images from Gaussian noise. During the
inference for an MRI reconstruction problem, an image is generated that is — ideally
— consistent with the measured MRI data. In contrast to U-Nets and variational
networks, generative models can typically produce multiple different reconstructions
of a single undersampled MR image due to their probabilistic nature. Additionally,
they are often not trained on a single undersampling pattern or acceleration factor,
enabling these models to be used across a broader range of acceleration factors and
undersampling patterns.

Several families of generative models exist. Variational Autoencoders (VAEs) [42,
43] have been among the earliest approaches to utilize generative models for MR
image reconstruction, and variations are still successfully applied [44]. Generative
Adversarial Networks (GANs) [45] have also demonstrated strong performance in
MRI reconstruction [46, 47]. Current state-of-the-art results in MRI reconstruction
literature are, however, obtained with diffusion models (DMs) [48, 11, 49]. As
we utilize diffusion models in this thesis and adapt them to our applications (see
Chapter 5), we focus our explanation of generative models on this method.

Diffusion models can learn complex data-distributions pg.. (o), such as, e.g.,
knee MRI images, and, through iterative denoising, can sample from the learned
prior py(xy) during inference, generating new non-existent images. They can also
be used to reconstruct MRI images by incorporating k-space information during
inference, as explained below. Through the iterative denoising process, the rough
image structure is reconstructed before the finer image details. An example of a
diffusion model-based reconstruction process is shown in Figure 2.3.

A trained diffusion model can be used not only to generate images from the
learned data distribution, but also to reconstruct MRI images from undersampled
k-space data. Several methods have been developed for this purpose [11, 12, 50,
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Figure 2.3: Explanation of a diffusion model used for MRI reconstruction.
The reconstruction process consists of multiple steps ¢, typically starting at ¢ = 1000
and ending at ¢t = 0. At every step ¢, the diffusion model g4(x;) estimates the noise
in the image @;. This prediction can be used to calculate the denoised estimate
Zo¢- The reconstruction is the final prediction at £ = 0. The example image shows
a knee from the axial (top-down) direction.
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51]. For our method in Chapter 5, we utilize the Decomposed Diffusion Sampler
(DDS) introduced by [51], which in turn is based on Denoising Diffusion Implicit
Models (DDIM) [52]. Several arguments exist that make DDS a good choice for our
applications: It does not rely on many hyperparameters, it leads to SOTA results,
it has a relatively short inference time (& 50 steps), and it provides the denoised
estimate &g, at every step t.

DMs generate samples from the learned data distribution by reversing a diffusion
process that adds Gaussian noise to an image and reduces the signal at every
timestep ¢. This is described by a conditional density as shown in Equation (2.6)
with a pre-defined noise schedule given by a variance schedule Sy, ..., 81

q(x:|xo) = N(xt|\/07tw07 (I =a)I); q(x|xi—1) = N(xe|/1 = Byxe—y, BI) (2.6)

with oy =1 — 3; and &y = IT._, .

The DM is trained to predict at every timestep ¢ the noise € that has been added
to the original image x, according to Equation (2.6). For this purpose, a conditional
U-Net gy is utilized conditioned on the timestep ¢, taking as input the noisy image
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x;. The parameters 6 of the U-Net are trained via epsilon matching:
. t
000 Eo o) ~paa(ante-n 0 15 (@) — €3 (27)

The learned e-matching function can be used to predict the denoised estimate &y
at every step ¢ of the diffusion process using Tweedie denoising [53]:

o = (2, — V1 — ae)) (=) /vVa. (2.8)

In DDS [51], conjugate gradient (CG) optimization is utilized between the
timesteps ¢: During the CG-optimization process, starting from &, we search
a :%6‘ , that minimizes the distance A*Azi:{)| . — A%y

&g, = CG(A™A, A"y, ;). (2.9)

The update rule based on the DDIM method [52] is then given as follows:

o1 = a1y, + \/ 1—a; .y — 262 (1) + npe. (2.10)

with f; = 2= 6.

For our work in Chapter 5, we modify the algorithm from [51] slightly to achieve
full data-consistency: For the last diffusion step, we replace Eq. 2.9 and make
sure that the reconstructed image x( is fully data-consistent using y and Eq. 1.1,
basically replacing the predicted k-space lines with the measured lines provided by
the undersampled data. We do not encounter any artifacts in the reconstructed image
when we do this, but we obtain data-consistent reconstructions. Data consistency of
the predicted reconstructions is important when analyzing reconstruction ambiguity,

to ensure each generated reconstruction is indeed a possible solution.

2.4 Semantic Segmentation

Semantic segmentation is a computer vision task for pixel-level classification, in
which each pixel in the image is assigned a specific class (e.g., background, cartilage,
bone, etc). This semantic information can be important for the clinical evaluation
of the image, as it can, for example, provide information on cartilage thickness,
which can be used to diagnose osteoarthritis.

For a successful semantic segmentation, it is necessary to combine the detailed
pixel-level image information with the broader context information, which can
be solved well by a U-Net architecture as explained in Section 2.3.1 due to the
combination of an encoder, which encodes information about the anatomical sur-
roundings, and the skip connections, that preserve high-resolution information until
the final layers of the network. Even though some more recent transformer-based [54,
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55] and transformer-inspired architectures [56] aim to challenge the segmentation
performance of the U-Net, it was recently shown that the U-Net still achieves
state-of-the-art segmentation results on many datasets [57].

Existing U-Net libraries make it particularly easy to adapt to new medical imaging
datasets, automatically fitting training hyperparameters such as patch size, pre-
processing parameters, dataset splits, and more. In particular, the nnU-Net library
[58] is still reaching state-of-the-art performance on many datasets [57] without the
need for dataset-specific manual hyperparameter adjustment. The segmentation
and, to a certain extent, some reconstruction methods in Section 4 are based on the
nnU-Net framework, which also enabled us to achieve top results in international
MICCALI challenges (see Section 4.6). In Chapter 5, we utilized a lighter U-Net
implementation from MONAI [59], as it was easier to adapt to our requirements.

Segmentation performance is most commonly measured by the Dice score [60] in
medical image analysis. The formula for the Dice score is given in Equation (2.11),
where TP, FP, and FN stand for True Positive, False Positive, and False Negative
pixel predictions. A perfect segmentation has neither FPs nor FNs and therefore
would obtain a Dice score of 1, while a segmentation without any TPs leads to a
Dice score of 0.

2TP

D =
¢ 2TP+ FP+ FN

(2.11)

2.5 Object Detection Methods

In object detection, the goal is to localize and classify specific objects. In medical
imaging, one might want to detect the location and class of pathologies such as
meniscus tears, cartilage decline, or sprains. A DL-based detection model is trained
to predict bounding boxes for every object of interest and a class label for each
bounding box.

In contrast to semantic segmentation discussed in the previous section, which
provides a pixel-perfect segmentation mask of an anatomy and therefore defines the
exact shape and the volume of it, the detection model aims to provide an estimate
of the location of the object (or the pathology) and is therefore often utilized to
answer the question of whether a pathology is present or not and where it is located.

2.5.1 DL-Based Detection

In this thesis, two detection models are utilized in Chapter 6: The well-established
Faster R-CNN [61] and the more recent transformer-based ViTDet [62]. Both
architectures are two-stage detectors. Two-stage detectors are considered more
accurate than one-stage detectors, such as YOLO [63], but typically have higher
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inference time. Because the inference time of modern two-stage detectors is generally
sufficiently fast for our use case (< 1 second), we focus on the two-stage detectors.

A two-stage detector typically consists of three main components: A backbone for
feature extraction, a Region Proposal Network (RPN) to propose potential bounding
boxes, and a Region of Interest (Rol) Head to classify the proposed bounding boxes.
The individual components are explained in more detail below.

Backbone Feature Extraction

The first step is to process the input image into feature maps that encode its semantic
information while simultaneously retaining the necessary spatial information. In
Faster R-CNN, this is achieved using a Convolutional Neural Network (CNN) such
as ResNet [64]. In CNNs, multiple layers are commonly used, for which in later
layers the spatial resolution decreases while the channel dimension increases. Many
modern detection networks use this behavior via a Feature Pyramid Network (FPN)
[65], in which the backbone features are collected at multiple resolutions before
being passed to the RPN and the Rol Head.

In contrast, ViTDet utilizes a Vision Transformer (ViT) [66] as its backbone.
Unlike CNNs, a ViT typically has a single scale representation for all layers. A
key contribution of ViTDet is to use only features from the ViT backbone’s last
layer. This single low-dimensional representation of the image serves as a bottleneck
in the detection pipeline, where all necessary information for further detection is
encoded. In Chapter 6, we use this property to increase the robustness of the
features computed by the ViT backbone to adversarial noise using a method by
Schlarmann et al. [4].

Region Proposal Network

The aim of the Region Proposal Network (RPN) is to act as an ”attention” mecha-
nism, proposing regions in the image that are likely to contain foreground objects
rather than background. The RPN uses the backbone’s computed features as input.
At each location in the feature space, it evaluates k anchor boxes that have varying
sizes and aspect ratios.

For each anchor box, the RPN predicts two values: The first is an objectness
score indicating the probability that an anchor contains a foreground object. The
second value provides box deltas (Az, Ay, Aw, Ah) to refine the position and
shape of the anchor according to the underlying object.

This process generates thousands of proposal boxes. To reduce redundancy, Non-
Maximum Suppression (NMS) is applied. This process reduces the number of highly
overlapping boxes by keeping only the proposed boxes with the highest objectness
scores if a significant overlap with other boxes exists. Finally, the top-/N (typically
~ 2000) proposal boxes are passed to the Rol Head.
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Rol Head and Classification

In the second stage, features for each proposal box need to be extracted from the
backbone’s feature maps for classification. The classification layers are typically
fully connected and therefore require a fixed-size input, so pooling layers are needed
to compute the box feature for each proposal box. These box features are then fed
into the detection heads to predict the final class label (e.g., meniscus tear, cartilage
decline, background, etc.) and to further refine the bounding box size and shape.

2.5.2 Evaluation Metrics

To evaluate the detection quality of DL models, two criteria must be met for
successful detection: the predicted box location should be approximately correct,
and the predicted class should be accurate. To measure the accuracy of the expected
box location relative to the ground-truth box location, the Intersection over
Union (IoU) is typically used. It measures the area of overlap between the
boxes, divided by their combined area. Commonly, a detection is treated as a True
Positive (TP) if ToU > 0.5 [61]; however, in medical image analysis, the threshold
is typically reduced, as many pathologies do not show clear-cut boundaries and
are often relatively small, such that slight deviations in the box-location lead to
strongly reduced IoUs. Therefore, IoUs of only 0.1 are sometimes selected for
pathology detection [67, 68]. In our work, we use IoU = 0.25 as the threshold for a
positive detection.

Relevant metrics for evaluating the model’s detection quality are precision and
recall. While precision (T'P/(TP + FP)) measures the fraction of the model’s
positive predictions that are indeed present in the underlying data, recall (T'P/(T' P+
FN)) measures the fraction of real pathologies in the underlying anatomy that
the model successfully detected. Recall is arguably the more important metric in
clinical practice, as we want to avoid missing pathologies that exist in the underlying
anatomy. Especially with DL models, it is critical to track this metric due to risk
factors outlined in Chapter 1.

Usually, there is a trade-off between precision and recall. Increasing precision by
limiting predictions to instances where the model is certain results in lower recall,
as some subtle pathologies may have been missed. This trade-off is captured in
the precision-recall curve. Using the precision-recall curve, it is possible to find
a suitable model confidence threshold that achieves the desired trade-off between
precision and recall. The area under the precision recall curve for a single class is
the Average Precision (AP). It provides a single quantity to measure overall
detection model performance. The mean of the AP across all classes is called mean
Average Precision (mAP) and is one of the most common detection metrics
[61]. One can add information about the utilized IoU requirement by writing, e.g.,
mAP 95 to indicate that a box is considered successfully detected if ToU > 0.25
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and the predicted class matches the ground truth.

2.5.3 Pathology Detection in Accelerated MRI

Finding subtle pathologies in medical images can be difficult, and it is well known
that radiologists require a multi-year education before they are allowed to diagnose
medical images. Detecting pathologies in accelerated MRI images can be particularly
challenging, as some information of the image is lost due to the acceleration process,
and the utilized machine learning-based reconstruction methods also have drawbacks:

1. Certain pathologies can be quite rare and therefore difficult for the ML-based
reconstruction method to learn. Most slices in, e.g., the fastMRI dataset
[69] show only healthy tissue. Even if a pathology exists in a given slice, the
majority of the image still shows healthy tissue.

2. Reconstruction methods based on diffusion models can be biased towards the
most likely solution [19]. Regression models trained on paired undersampled
and fully sampled data often predict an average solution [17].

3. Pathologies in MRI images are typically small, and their shape therefore
depends on the high-frequency data in the measured k-space. However, high-
frequency regions in k-space are commonly measured less frequently than
low-frequency regions in accelerated MRI, leading to a lack of information
needed to reconstruct the MRI image correctly.

The combination of these three points makes pathology detection in accelerated
MRI not only challenging, but it can also lead to dangerous outcomes for the patient.
If the DL-based reconstruction methods do not reconstruct a pathology, necessary
medical treatment can potentially not be started, and the patient cannot be treated,
potentially leading to extended and preventable patient suffering.

Apart from the practical challenges that methods for detecting pathologies in
accelerated MRI data face, research in this field also faces the problem of a very
limited number of publicly available datasets suitable for this task. A dataset usable
for detection on accelerated MRI needs to provide k-space data for the post-hoc
undersampling simulation, as well as bounding boxes for training DL-based detection
models. The only suitable publicly available datasets for this task — to the best of
our knowledge — are fastMRI-plus [70] and SKM-TEA [39]. However, the SKM-TEA
dataset is not applicable to our combined reconstruction + segmentation task, as
the plane for detection is sagittal. In contrast, the k-space was acquired in the
axial direction.

Most work on accelerated MRI reconstruction fails to explicitly assess whether
pathologies are successfully preserved, despite this arguably being the most essential
criterion for clinical utility. Instead, evaluations mostly rely on global similarity
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metrics such as SSIM and PSNR. However, pathologies are typically rare and small,
so these global metrics can be insensitive to local errors that compromise diagnostic
feasibility. Consequently, downstream tasks such as object detection and semantic
segmentation might be considered more relevant and clinically informed metrics [8].
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Adversarial Robustness of MR
Image Reconstruction under
Realistic Perturbations

Publication:

Jan Nikolas Morshuis, Sergios Gatidis, Matthias Hein, and Christian F Baum-
gartner. “Adversarial Robustness of MR Image Reconstruction under Re-
alistic Perturbations”. In: International Workshop on Machine Learning
for Medical Image Reconstruction. Springer. 2022, pp. 24-33. DOI: https:
//doi.org/10.1007/978-3-031-17247-2_3

3.1 Introduction

As established in the introduction, a critical barrier to clinical transition of DL-based
reconstruction methods is their potential vulnerability to adversarial or ”worst-
case” noise in the measured k-space data. This chapter addresses the first research
objective of systematically evaluating the brittleness of these DL-based methods.
Instead of considering only global similarity metrics such as SSIM and PSNR, we
focus on clinically relevant changes that can be hallucinated under worst-case noise.
We found that even though image-wide similarity metrics can be deceptively high,
adversarial perturbations to the measurement noise can lead to realistic-looking, yet
hallucinated, pathologies that could alter the image’s diagnosis and, in turn, result
in severe consequences, including false treatment decisions for the patient.

In our experiments, we analyzed the behavior of two popular DL-based recon-
struction methods (U-Net and E2E-VN) under worst-case noise. We showed that for
both algorithms, even small amounts of such noise can lead to clinically significant
changes, as confirmed by a radiologist. These findings show that applying DL-based
reconstruction methods in clinical practice poses a serious risk and underscore one
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of the central themes of this thesis: the need to evaluate reconstruction based on its
clinical utility rather than solely on average similarity scores.

3.2 Related Work

The effects of worst-case noise on MRI reconstruction have been investigated in
several prior works. However, most prior work has focused on image-level metrics
such as the MAE, rather than clinically relevant metrics, such as the preservation
of pathologies. As we show in our work, the effects of attacking image-wide metrics
are far milder than the effects of targeting pathology regions. A frequently cited
paper by Antun et al. [22] showed that small perturbations applied to the input of a
reconstruction model can indeed lead to image-wide artifacts in the reconstructions
of DL models. Yet, a quantitative analysis of the effects of different perturbation
sizes is missing.

Similarly, Zalbagi Darestani et al. [23] also tested the effects of worst-case noise
on the reconstructed images. They have shown that the reconstruction quality of
all ML-based reconstruction methods degrades with higher noise levels. However, as
they measure only image-wide PSNR decline, their studied noise levels are relatively
high (e € [0.02,0.08]), in contrast to the noise levels we study (e € [0.0025,0.025]).
The qualitative examples shown in their work are exclusively from the higher end of
their noise distribution (¢ = 0.08), showing severe artifacts. In our work, we are
more interested in silently failing reconstructions with very low noise levels, which
can lead to false predictions because no obvious reconstruction error is visible.

Effects of smaller amounts of noise (¢ € [0.0025,0.025]) have been analyzed by
Genzel et al. [24]. Surprisingly, the authors conclude that standard DL-based
reconstruction methods are remarkably resilient against even adversarial noise. The
authors, however, only considered image-wide degradations that are indeed not
seriously affected by the adversarial noise, as also confirmed by our work. However,
the authors failed to see that even a small amount of noise can lead to clinically
significant changes, as we have shown in our paper.

3.3 Method Summary

Dataset

Despite their relevance to evaluating the clinical utility of reconstruction methods,
datasets that combine k-space data and pathology annotations are rare. The
fastMRI-plus dataset [70] provides one of only two publicly available datasets that
provide both k-space data and pathology annotations. The other one — SKM-TEA
[39] — is not applicable for our purposes, as the annotations are provided from a
different anatomical plane (sagittal) than the acquired k-space data (axial). We
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therefore conduct our analysis on the fastMRI-plus data. We selected three patients
from the validation set, yielding a combined total of 149 distinct annotated regions.
As a single slice can contain multiple annotations, we evaluate each annotation
entry individually to obtain the quantitative results.

Tested Models

We considered the effects on two popular DL-based reconstruction methods fj,
the U-Net [37] as well as the E2E-VN [13] that are described in more detail in
Chapter 2. A core difference between the two methods is that the U-Net is applied
directly in image space, taking the undersampled image as input and predicting
the reconstructed image as output. In contrast, the E2E-VN uses k-space data to
improve data consistency (see Section 2.3). Even though pre-trained weights are
available for both models, these models were trained on the publicly available train
and validation splits of the fastMRI dataset [69]. We therefore had to retrain both
models using only the training set to evaluate on the validation set. Both models
require substantial computational resources, and even after reducing model sizes
slightly to fit our available compute infrastructure, we still required 32 NVIDIA
2080 TT GPUs in parallel to train the E2E-VN.

Optimization Objectives for Adversarial Attacks

In the paper corresponding to this chapter, we explored two types of adversarial
attacks. First, we analyzed the problem of adversarial noise added to the k-space
measurements. Second, we evaluated adversarial rotations by simulating a slightly
rotated position of the patient’s knee during acquisition, which can be interpreted
as a more likely clinical scenario.

For the first adversarial attack method, we aimed to find a bounded adversarial
noise vector z; for every k-space measurement k; of every coil 7, such that the
resulting model output f,(-) changes as much as possible in a user-defined target
region S. More specifically, we have the following optimization problem shown in
Equation (3.1):

max ||S © [fo(M(k + 2)) = X] ]+ [[z:lla <7 ||Ksl]o- (3.1)

Here, k is the vector of all k-space data k; from all coils i, n defines the /o-
adversarial noise level relative to every coil measurement k;, and S indicates the
target region. Specifically, we used the bounding boxes indicating pathologies from
the fastMRI4 dataset [70] as the selected target region for S. In contrast to [24, 23],
we restricted the noise vector z; for every coil individually instead of the complete
measurement, thereby allowing for differences in the coil sensitivities.

For the second adversarial attack method, we can formulate a similar optimization
objective as shown in Equation (3.2).
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max||S © [(Rg'o fooMoRg)(k)— X]|l2 st 0€[—bmawOmaz].  (3:2)

Here, we introduced an operator Ry which denotes a rotation of the MRI data
by 6. In practice, we rotated the data in the spatial domain and then applied a
Fourier transform to obtain k, as in [71]. After the neural network produces a
prediction, we apply the inverse rotation R, ' to transform the image back to its
original orientation for comparison with the original fully sampled image.

3.4 Key Results

We showed that optimizing for worst-case noise indeed leads to significant changes
in the resulting reconstructions for both U-Net and E2E-VN. An example is shown
in Figure 3.1. The fully sampled image shows a low-grade sprain of the anterior
cruciate ligament (ACL), which is also visible in the reconstructed images (top
row). However, adding a relative noise level of n = 2% can lead to significant
changes in the targeted region (bottom row), making the original diagnosis infeasible
based on the reconstructions, as confirmed by a board-certified radiologist. If the
same amount of noise is applied to the fully sampled image, nearly no changes are
detectable (bottom left).

Statistical results across the validation images are shown in Figure 3.2. As trained
pathology detection models were not available at the time of the study (having been
developed later for our subsequent work [3]), we evaluated the statistics using the
SSIM similarity score for the given annotated pathology region. We can see that for
both reconstruction methods and both acceleration factors, the decline in similarity
is comparable (left). We can also see that attacking only the target regions leads to
more substantial similarity declines in the target regions compared to attacking the
entire image (right).

These results are also illustrated in Figure 3.3, in which the effects of focusing
on a target region vs. optimizing the adversarial attack for the entire image are
shown. While clear changes are visible in the targeted attack (third column), nearly
no changes to the original image are detectable when targeting the whole image
(fourth column).

We have obtained similar, albeit slightly weaker results for worst-case rotation
and refer to our paper in Appendix A for further details.

3.5 Conclusion

We have shown that modern and popular DL methods are susceptible to ”worst-case
noise”. Only small amounts of noise in the k-space measurement data are sufficient
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3.5 Conclusion

Figure 3.1: Comparison of reconstruction robustness. Results at 8x acceler-
ation with a relative noise level of 2%. Top row: Reconstructions with Gaussian
noise. Bottom row: Reconstructions with adversarial noise
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Figure 3.2: Quantitative analysis of the adversarial attack. Left: SSIM decline
vs. noise level for both methods and acceleration factors. Right: Comparison of
SSIM decline when attacking only the annotated region versus the complete image.

to alter the diagnostic interpretation of the reconstructed image significantly. As a
consequence, the susceptibility of DL-based reconstruction methods to this worst-case
noise needs to be taken into account and, if possible, mitigated before applying these
methods in clinical practice. Furthermore, this work establishes the need to consider
the clinical consequences of reconstruction errors in experimental evaluations, rather
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Figure 3.3: Impact of targeted versus whole-image adversarial attack.
Reconstructions using the E2E-VN at 8x acceleration. Third column shows the
effect of restricting the attack to the targeted region, while the fourth column
shows the result when attacking the complete image. Notably, attacking only the
annotated region changes the ligament and it appears more homogeneous. This can
lead to a misdiagnosis of the underlying ACL rupture.

than solely considering the average global similarity metrics.

3.6 Recent Advances and Impact

Recent work on the adversarial robustness of MRI reconstruction methods indicates
that this remains an open problem [8]. Experiments by Krainovic et al. [72] indicate
that jittering — the process of adding isotropic Gaussian noise to the data — improves
robustness of reconstruction methods. However, only U-Net-based reconstruction
(see Section 2.3.1) has been analyzed. This confirms insights by Genzel et al.
[24], who recommended the same approach earlier. Even though both works [72,
24| argue that training on real data containing real measurement noise should
improve robustness, our work shows that, even when trained on real-world data,
reconstruction failures can occur with only small amounts of noise.

Most of the work on adversarial attacks in medical imaging still focuses on clas-
sification and segmentation tasks, with only a small minority analyzing the MRI
reconstruction problem [73, 74] (our approach is the only one listed for MRI recon-
struction in both papers). In parallel with our paper publication, Alaifari et al. [75]
also found that localized reconstruction artifacts due to adversarial noise are a more
relevant failure mode than an image-wide decline in similarity metrics, confirming
our findings. Recently, Gottschling et al. [76] provided theoretical foundations for
the empirical evidence that DL-based reconstruction methods are generally unstable
against adversarial noise and can hallucinate non-existent structures. The authors
note that methods claiming reconstruction robustness are in stark contrast to re-
search such as ours, which demonstrates that it is easy to fool modern reconstruction
methods, and conclude that robustness in image reconstruction and avoidance of
hallucinations remains an open problem.
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Understanding Benefits and
Pitfalls of Current Methods for

the Segmentation of Undersampled
MRI Data

Preprint:

Jan Nikolas Morshuis, Matthias Hein, and Christian F. Baumgartner. “Un-
derstanding Benefits and Pitfalls of Current Methods for the Segmentation of
Undersampled MRI Data”. In: IEEE Transactions on Biomedical Engineering
(2026). DOI: 10.1109/TBME. 2026 .3679957

4.1 Introduction

In the previous chapter, we saw a shortcoming of DL-based reconstruction methods
for the downstream task of pathology detection: Only small perturbations to the
measurement data can cause the models to hallucinate non-existent pathologies,
as these often require only minor changes to the reconstructed MRI image. This
behavior also limits the achievable MRI acceleration, which still allows robust
reconstructions suitable for pathology detection. However, these restrictions on the
acceleration can potentially be relaxed for the downstream task of segmenting larger
anatomical structures, as these are easier to reconstruct and would require larger
changes in the reconstructed image to be perturbed.

This chapter, therefore, shifts the focus towards the downstream task of semantic
segmentation and the achievable acceleration limits while maintaining high-quality
segmentations. To address this, the work presented in this chapter provides a sys-
tematic investigation into several key, and to our knowledge, previously unanswered
questions: Are high-quality reconstructions necessary for feasible segmentations? Is
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enforcing data consistency for the reconstruction beneficial? And should we combine
reconstruction and segmentation into a one-stage end-to-end task, or use a two-stage
approach and treat both tasks independently?

The motivation for this study stems from the K2S-challenge [6], for which we
have developed a method specifically designed to segment undersampled MRI data.
Even though our method won the challenge (1st of 12 teams), the generated insights
are limited, as is often the case for biomedical image analysis challenges [77, 78].
The reason is that the individual solutions have too many factors of variation
to be comparable, including architecture, preprocessing, sampling strategy, and
computational resources. The questions from the previous paragraph, therefore,
remained unanswered by the challenge.

In the paper corresponding to this chapter, we systematically analyzed current
SOTA methods for the segmentation of undersampled MRI data to identify which
concepts actually improve segmentation scores. We include the three top-performing
methods of the K2S-challenge [79, 80, 81] and also include two SOTA end-to-end
methods from prior work [25, 26]. Additionally, we analyze additional two-stage
methods that treat the reconstruction and segmentation tasks independently, yet
lead to surprisingly good reconstruction and segmentation scores. To provide optimal
comparability of the methods, we fix the preprocessing, sampling strategy, training
time, and model size of the segmentation models as much as possible. We analyze
behavior across different acceleration factors and also include, to the best of our
knowledge, the only publicly available dataset SKM-TEA [39] that combines MRI
k-space data and segmentations in the analysis.

Our findings provide insights that surprisingly lead to different recommendations
for future work than those of the K2S-challenge. While the results and discussion of
the challenge’s summary paper suggest looking further into end-to-end approaches
that combine reconstruction and segmentation tasks [6], we find that treating the
reconstruction and segmentation tasks independently can lead to better reconstruc-
tions and higher segmentation scores while also being less hyperparameter-sensitive.
We also found that reconstructions that enforced data consistency with the available
k-space measurements generally lead to the best Dice scores.

4.2 Related Work

Before the K2S-challenge [6] mentioned above, other end-to-end frameworks for the
segmentation of accelerated MRI data were developed. Sui et al. [25] combined a
reconstruction and a segmentation U-Net in a cascade, combining the loss of recon-
struction and segmentation as training loss. The authors observed that combining
the reconstruction and segmentation tasks increased both reconstruction and some
segmentation scores. However, no increase in Dice score has been observed in some
datasets compared to a single segmentation U-Net, leaving the results inconclusive.
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Caliva et al. [26] trained a shared encoder alongside two decoders, one for the
reconstruction task and one for the segmentation task. The authors also report
higher segmentation scores for their method compared with implemented baselines,
yet the reconstruction scores reportedly did not improve compared to reconstructions
from a specialized network. The authors did not evaluate the segmentation network
trained on these improved reconstructions, leaving open the question of whether
a simple two-stage method (first reconstruction, then segmentation) might yield
better results than the specialized method. This is one of the questions that we aim
to answer in this chapter.

4.3 Method Summary

Datasets

We conduct the experiments in this section on two datasets that include both
multicoil k-space measurements and ground-truth segmentations. The first one
is the K2S-data [6], which was released during the K2S-challenge in 2022, but is
currently unavailable online. It consists of 300 3D-isotropic MRI scans of the knee.
We split the data into 240, 30, and 29 scans for the train-, val-, and test-splits,
respectively. One scan was not spatially aligned with its segmentation mask, so we
excluded the scan from evaluation. The dataset contains segmentation annotations
for six classes: the three bones of the knee (Patella, Femur, and Tibia) and their
corresponding three cartilages. Note that this dataset requires 3-dimensional Fourier
Transforms, which are computationally expensive, making it infeasible to compute
them during a neural network’s forward pass, a requirement for some unrolled
architectures (see Section 2.3.2).

The second dataset, SKM-TEA [39], is — to the best of our knowledge — the only
publicly available dataset that includes k-space measurement data and annotations
for the segmentation classes, namely patella-, femoral-, tibial cartilage, and meniscus
of the knee. This dataset consists of 155 high-resolution MRI scans, with a train-,
val-, and test-split of 86, 33, and 36 scans, respectively.

Tested Methods

We analyzed several state-of-the-art methods explicitly developed for accelerated
MRI segmentation and also included new combinations of independent reconstruction
and segmentation methods in our evaluation. We distinguished between one-
stage approaches, which combine the reconstruction and segmentation task in a
single forward pass, and two-stage approaches, which treat the reconstruction and
segmentation task independently and consecutively.

One-stage methods are methods that have been developed explicitly for the
task of segmenting undersampled MRI and can predict a segmentation mask (and
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optionally a reconstruction) in a single forward pass. The primary motivation for
many one-stage methods is that both reconstruction and segmentation tasks can
benefit from training signals obtained by the other one [25, 26, 6]. We include the
following one-stage methods in this research:

e RecSeg [25]: This method utilizes two U-Nets in cascade. The first U-Net
specializes in reconstruction, while the second U-Net focuses on segmentation.

e RegSeg [6, 79]: This method is our submission to the K2S-challenge that
has won the challenge and has set the new state-of-the-art for accelerated
MRI segmentation on the K2S dataset. It also consists of two U-Nets in
cascade, but the training scheme differs from RecSeg: both U-Nets are initially
trained independently on either reconstruction or segmentation. After this
pretraining, the U-Nets are put into a cascade and finetuned exclusively on
the segmentation task, which has been the success metric in the challenge.

e TwoDec [26]: The TwoDec consists of a single encoder and two separate
decoders, where one decoder is responsible for the reconstruction and one
decoder for the segmentation of the accelerated MRI data.

Two-stage methods treat the reconstruction and segmentation tasks indepen-
dently, first generating a reconstruction using existing reconstruction methods before
predicting the segmentation based on the reconstruction with a standard U-Net.
We include the following two-stage methods in our research:

e NaiveSeg [81]: This method trains a 3D segmentation U-Net on top of
zero-filled MRI reconstruction. It is the most straightforward method, and we
utilize it as a baseline. We also use the segmentation network’s architecture
for all segmentations in the two-stage methods, training it directly on the
reconstructions.

e UNet-Rec [37]: For this method, we utilize a 3D U-Net trained for MRI
reconstruction (see Section 2.3.1).

e CS-Rec (34, 33, 80]: In this approach, first a Compressed Sensing reconstruc-
tion (CS-Rec) is applied to the undersampled image!.

e Unr-Rec [82]: We trained the unrolled network architecture provided by the
SKM-TEA repository [39] for the reconstruction task. The implementation
is similar to other VarNets (see Section 2.3.2), as it uses multiple U-Nets in
cascade, with data-consistency enhancing layers between them.

!The code for the CS-Rec method was kindly provided by the team of Razumov and Dylov [80]
that ranked second in the K2S-challenge.
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Figure 4.1: Qualitative example from the SKM-TEA dataset. The figure
shows reconstructions (left) and segmentations (right) of the evaluated methods at
16 x acceleration. Red regions correspond to false positive predictions, blue regions
to false negative predictions.

We re-implemented the methods to maximize the comparability of all U-Net-based
approaches. To this end, we utilized the same nnU-Net-based encoder and decoder
architectures, fixed the number of iterations, data augmentation, loss functions, and
data preprocessing. As many methods use an ¢5 loss [37, 25, 79], we also used the
/5 loss in our experiments.

Statistical Evaluation

To see which methods provide a statistically significant improvement in Dice score
compared to the simple baseline NaiveSeg, we conducted a Wilcoxon-Signed-Rank
test [83]. We marked the statistically significant improved Dice scores with an
asterix (*) in Table 4.1 for the K2S-data as well as Table 4.2 for SKM-TEA.

4.4 Key Results

We observed that most methods achieve Dice scores that are highly comparable
across a wide range of accelerations. This is evident in the left plot of Figure 4.2 for
the K2S dataset and in Table 4.2 for the SKM-TEA dataset. Surprisingly, only a
few methods achieve statistically significant improvement compared to the baseline
of NaiveSeg. For the SKM-TEA example in Table 4.2, we see that only Unr-Rec
consistently provides a statistically significant improvement over NaiveSeg, even
though the Dice score improvements are still minor (< 0.01).

In general, data-consistent two-stage methods yield the best Dice score. As shown
in Figure 4.2 for the K2S data, CS-Rec achieves the highest Dice scores across most
acceleration factors, while also having the lowest SSIM reconstruction scores (right
plot). CS-Rec also obtains the second-highest scores in SKM-TEA, only surpassed
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Figure 4.2: Quantitative comparison on the K2S dataset. Left: Dice score
versus acceleration factor. Right: SSIM score versus acceleration factor. Note that
CS-Rec achieves the highest Dice scores despite obtaining the lowest SSIM scores
among the evaluated methods.

Table 4.1: Dice scores (mean =+ std.) for the K2S dataset. The Dice score of
NaiveSeg trained on fully sampled data is 0.943 4+ 0.013. Models with a statistically
significant (p < 0.01) better Dice score compared to the NalveSeg model at the
corresponding acceleration factors are marked by an asterix *.

Dice
1x 8% 16x 32x 64 x 128 %
NaiveSeg 0.943 + 0.013  0.938 £ 0.018 0.936 £ 0.015  0.930 + 0.015  0.917 4+ 0.020  0.901 + 0.022
RecSeg - 0.941 + 0.012  0.938 + 0.013  0.933 + 0.013* 0.924 + 0.018* 0.906 + 0.024*
RegSeg - 0.937 £ 0.016  0.933 &£ 0.020  0.932 + 0.016  0.921 £ 0.020* 0.903 £ 0.022
TwoDec - 0.933 &£ 0.021  0.932 &£ 0.019  0.929 + 0.018 0.918 £+ 0.019  0.904 + 0.024*
UNet-Rec - 0.938 &£ 0.014  0.936 + 0.020  0.934 + 0.015* 0.924 + 0.016* 0.910 + 0.019*
CS-Rec - 0.943 + 0.012* 0.939 + 0.013* 0.934 + 0.016* 0.926 + 0.017* 0.909 £ 0.025*

by Unr-Rec, which also enforces data consistency implicitly.

Example results are shown in Figure 4.1. All methods provide reasonable segmen-
tation predictions, only differing in minor details marked in red (false positives) or
blue (false negatives). The original undersampled image is shown under NaiveSeg.
Note that RegSeg is not optimized to generate high-quality reconstructions; instead,
it is optimized solely for segmentation performance. The relevant cartilage regions,
however, are still relatively sharp. The two-stage UNet-Rec method achieves the
best reconstruction performance on both datasets.

4.5 Conclusion

We have shown that, contrary to previous findings, the best methods for segmenting
accelerated MRI images are not specialized one-stage methods, but rather data-
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Table 4.2: Scores for the SKM-TEA dataset. While Unr-Rec achieves the
highest Dice scores in our experiments, UNet-Rec achieves the highest SSIM and
PSNR scores.

Dice SSIM PSNR
1x 8x 16x 8% 16x 8x 16x
NaiveSeg  0.854 + 0.053 0.843 + 0.044  0.837 £ 0.045 0.736 + 0.024 0.692 + 0.026 28.6 + 1.1 27.6 £ 1.1
RecSeg - 0.845 4+ 0.047* 0.816 £ 0.049  0.799 + 0.024 0.739 £ 0.029 309 £1.0 294+ 1.0
RegSeg - 0.847 4+ 0.042* 0.838 £ 0.044  0.582 + 0.036 0.509 £ 0.040 255+ 1.4 248+ 1.3
TwoDec - 0.842 + 0.043  0.811 £ 0.060  0.817 £ 0.021 0.737 + 0.026 30.8 £ 1.1 281+ 1.1
UNet-Rec - 0.845 4+ 0.044* 0.839 £+ 0.045 0.826 + 0.024 0.750 + 0.042 31.6 + 1.0 29.7 + 1.0
CS-Rec - 0.847 4+ 0.044* 0.839 £ 0.046  0.680 + 0.028 0.632 £ 0.030 29.0 £1.2 279+ 1.2
Unr-Rec - 0.848 + 0.045* 0.843 + 0.041* 0.704 + 0.035 0.645 £ 0.036 312+ 1.1 2954+ 1.1

consistent two-stage methods such as CS-Rec or Unr.-Rec. Not only are these
models the only ones achieving consistent statistically significant improvements
compared to NaiveSeg, but these methods are also easier to apply to new datasets:
These two-stage methods require considerably less dataset-specific hyperparameter
tuning during training, as the models do not need to find the right trade-off between
reconstruction and segmentation loss. We have also shown that these simpler and
data-consistent methods outperform our previously thought-to-be SOTA results
in the K2S-challenge. More details can be found in the corresponding paper in
Appendix B.

4.6 Recent Advances and Impact

The need to analyze reconstruction quality with respect to downstream tasks, such
as semantic segmentation, has been noted in several review papers [8,; 84]. Heckel
et al. [8] pointed out that the best performing method of the K2S-challenge [6]
generates reconstructions with the lowest similarity scores while still obtaining the
highest segmentation scores.

We utilized insights from this research to develop high-scoring challenge contribu-
tions for two recent international MICCAI 2025 challenges: The Ultra-Low-Field
MRI Image Enhancement Challenge (ULF-EnC) ? and the Low-Field Pediatric
brain magnetic resonance Image Segmentation and quality Assurance Challenge
2025 (LISA 2025) 3. As observed in our work, UNet-Rec achieved the highest recon-
struction similarity scores. We therefore applied it to the ultra-low-field MRI images
of the ULF-EnC challenge, in which the aim was to predict the standard high-field
MRI images. In this challenge, our method also led to high-quality predictions,
placing 2nd among the 18 participants who submitted Docker containers at the
final stage. For the LISA 2025 challenge, we utilized our observation that NaiveSeg

’https://www.synapse.org/Synapse: syn65485242/wiki/631224
3https://www.synapse.org/Synapse:syn65670170/wiki/631438
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obtains segmentation scores comparable to the more complicated methods and
submitted a conceptually similar method. Our submission ranked 1st out of 14
teams in task 2b of Basal Ganglia segmentation and 3rd out of 15 teams in task
2a of Hippocampus segmentation. These strong results provide external validation
that the insights from this chapter’s research generalize to related tasks in low-field
MRI, namely image enhancement and segmentation.

The high accelerations achievable while still obtaining segmentations with high
average Dice scores also led to research analyzing the segmentation uncertainty
due to the inherent reconstruction ambiguity [44, 2|. Fischer et al. [44] developed
a method (PHiRec) that showed how uncertainties due to the MR reconstruction
propagate to the downstream segmentation task. We [2] introduced a method
to guide the reconstruction process of a diffusion model towards data-consistent
reconstructions with larger or smaller segmentation volumes, yielding upper and
lower segmentation boundaries that also provide intuitive segmentation uncertainties.
We explain the method in more detail in the following chapter (Chapter 5).
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Chapter 5

Segmentation GGuided MRI
Reconstruction for Meaningfully
Diverse Reconstructions

Publication:

Jan Nikolas Morshuis, Matthias Hein, and Christian F Baumgartner. “Segmen-
tation—guided MRI Reconstruction for Meaningfully Diverse Reconstructions”.
In: MICCAI Workshop on Deep Generative Models. Springer. 2024, pp. 180—
190. DOI: https://doi.org/10.1007/978-3-031-72744-3_18

5.1 Introduction

As seen in the previous chapter, high-quality segmentations are achievable even for
high MRI acceleration factors, making the semantic segmentation downstream task
an interesting application for accelerated MRI. However, analyzing only average
segmentation scores across subjects does not do justice to the quality requirements
of safety-critical applications such as medical imaging. Instead of just optimizing
average scores, in practice, the method must work well for each patient individually,
especially if the patient has outlier characteristics, such as smaller cartilage than
the general population. As some outliers are typically rare, they are generally not
well represented in the reported average scores, which is why analyzing only average
scores is often insufficient to determine whether an algorithm is reliable enough for
clinical practice.

To make matters worse, MRI reconstruction is an inverse problem as explained
in Section 1.1.2, such that infinite possible and plausible solutions exist. It can,
therefore, be insufficient for clinical use cases to provide only a single solution.
Having a single solution does not allow the user to infer any information about the
inherent reconstruction uncertainty. Since this uncertainty is intrinsic to inverse
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Repeated Reconstruction (RR) Segmentation-Guided Reconstruction (SGR, ours)
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Figure 5.1: Problem overview. Repeatedly generating MRI reconstructions with a
diffusion model tends to result in conceptually similar and not meaningfully diverse
reconstructions. Similar results are also observed in downstream tasks such as
segmentation in our experiments. Our method in contrast only reconstructs two
images, an upper bound (:Ug) and a lower bound (azé) reconstruction, corresponding
to an upper (V},) and lower bound (V) on the segmentation volume, giving an
intuitive understanding of the segmentation uncertainty.

problems such as MRI reconstruction, the user should be aware of it and its
consequences for the intended clinical task, especially in safety-critical applications
such as medical imaging.

From this perspective, providing only a single reconstruction and/or segmentation
prediction, as done by the methods shown in Chapter 4, ignores the other feasible
solutions. However, simply generating multiple reconstructions might also not be
sufficient either; Many reconstructions will be close to the most-likely reconstruction
[19] or to an averaged solution [17]. However, in medical imaging, we are especially
interested in the tail cases, which are typically rare but still possible solutions
to the reconstruction problem. In the context of segmentation, this could mean
that we want to know whether the patient has reduced knee cartilage volume and
therefore potentially suffers from osteoarthritis. Finding these rare abnormalities
by repeatedly sampling from a posterior distribution could mean that an infeasible
amount of samples is required in order to find, e.g., one of the smallest and one of
the largest segmentations possible.

This paper, therefore, introduces a novel method that we term ”Segmenta-
tion Guided MRI Reconstruction (SGR)” to provide information about the
tail-cases with regard to the segmentation volume as shown in Figure 5.1. SGR
generates two data-consistent reconstructions per segmentation class, corresponding
to the minimum and maximum feasible segmentations. The true segmentation will
then most likely be between these extreme predictions. The predicted min- and
max-segmentations, therefore, act as a boundary for the segmentation prediction.
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5.2 Related Work

Higher accelerations lead to larger boundaries, while smaller accelerations reduce
the region in between the boundaries, which we call the "uncertainty region”.

We showed that the predicted minimum and maximum segmentations yield better
precision and recall than repeated sampling from the diffusion model, suggesting
that the true segmentation lies within the predicted uncertainty region, indicating
faithful uncertainty boundaries. Generating the two tail cases of reconstructions
that lead to minimum and maximum segmentations also introduces the concept of
meaningfully diverse reconstructions, which we also utilize in a later publication,
summarized in Chapter 6, for pathology detection in accelerated MRI.

5.2 Related Work

The primary focus of this paper is the propagation of uncertainty to downstream
tasks, such as segmentation, for which only a few specialized prior works exist.
Feiner et al. [85] propagated the reconstruction uncertainty from medical image
reconstruction to downstream regression and classification tasks by generating
multiple reconstructions and calculating the pixel-wise variance [86], which is
then utilized by the downstream model. Cohen et al. [19] showed that repeated
sampling from the posterior of diffusion models for image reconstruction does
generally not provide meaningful diversity in the reconstructions. Cheung et al.
[87] have used repeated sampling of CT reconstructions to obtain distributions for
several downstream metrics, which they use to implement conformal prediction
methods. Fischer et al. [44] introduced a probabilistic reconstruction model (PHiRec),
which they used to sample multiple reconstructions and, subsequently, multiple
segmentations, allowing an estimate of segmentation uncertainty. However, no
data consistency has been enforced in their method, and no upper or lower bound
segmentation has been estimated.

5.3 Method Summary

Dataset

We evaluated our method on the SKM-TEA dataset [39], which, as mentioned
earlier in Section 3.3, is to the best of our knowledge the only publicly available
dataset containing both raw MRI k-space data and segmentations. We performed
our evaluation on the official test split. To manage the computational costs, we
select only slices from the relevant anatomical region (defined as slices containing at
least one annotated pixel). To further reduce redundancy and inference time, we
subsampled the volumes by choosing every 8th slice, resulting in an effective slice
spacing of 2.5mm and a total of 869 test slices.
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Method Description

The key idea of our method is to guide the reconstruction process of a diffusion
model towards either larger (ST) or smaller (S*) segmentations. Diffusion models
are particularly suitable for this task, as they use multiple steps: earlier steps
reconstruct mainly the low-frequency components of the image, such as the general
anatomical structure, while later steps focus on the details of the underlying MRI
image. An example of this behavior is shown in Figure 2.3 in Chapter 2. To find ST
and S¥, guidance of the reconstruction process is needed already in early steps, such
that the reconstruction of anatomical information can be guided towards larger or
smaller anatomical structures.

We start the summary of our method by deﬁnin%the necessary concepts. We want
to generate meaningfully diverse reconstructions :EOZ) that differ in their segmentation
volume. To achieve this, we reconstruct two images per segmentation class (a:g and
wé) with corresponding upper and lower bound segmentations (ST and S¥) as well
as segmentation volumes (V[ and V% ). The volume between ST and S* is the
uncertainty region S,,.. The true segmentation, which we define as the segmentation
obtained on the fully sampled MRI image, will most likely be somewhere between
ST and S*.

Let pg(@o ;1) be the predicted probability of pixel (j, k) in the image @, belonging
to the segmentation class ¢ € C, where p, is the segmentation network. We

abbreviate the term as pﬁ). The volume of the segmentation mask of class ¢ can be
calculated by summing the number of pixels that belong to ¢ multiplied by voxel

volume Vi, per:

‘/C({Bo) = Z(Hc(pgi))) . ‘/1101‘6[7 (51)
gk
where [, is an indicator function

(5.2)

C

_J1 ifpﬁ) >p§.[,il) v e C,d # ¢
0 otherwise '

During optimization, we consider only one class at a time, thereby simplifying
the objective to a binary segmentation task. We build our guidance loss based on
the widely used Binary-Cross-Entropy loss:

Lrop(y,p.¢) = = > (Y log(p) + (1~ y)log1 = pY)).  (53)
j.k
We can maximize the optimization objective £! to find the upper bound segmen-
tation, as well as £ to find the lower bound segmentation:
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Figure 5.2: Method explanation. For each inverse diffusion step ¢, we calculate a
loss £1/% and include its gradient (thﬁT/ ¢) in the calculation of x;_;. This guides
the generation trajectory towards slightly increased or decreased segmentation
volumes in subsequent steps. After the diffusion process, we obtain the upper- and
lower-bound segmentation ST and S¥.

LY = Lper(0,p,c Zlog -\, (5.4)

LY = Lpop(1,p,c Zlog p]k (5.5)

The binary cross-entropy loss is unbounded, meaning that pixel probabilities are
further optimized, even if the target class has already been reached. Following Croce
et al. [88], we can avoid this behavior by using a masked cross-entropy loss, which
excludes pixels already segmented as the target class from the optimization process.
The optimization objectives can therefore be written as follows:

L, =1, £ =(1-1.)c" (5.6)

The derived optimization objective can be used during the reverse diffusion process
[51]. We therefore calculate the gradient of LT (or L}, respectively) with respect
to z; at every step t, to find the perturbation necessary to increase the optimization
loss. We add the gradient V., LI (or V,, L} | respectively) during the DDIM update
that we have seen in Eq. 2.10 to arrive at Eq. 5.7:

Ti_1 =/ Qp_ 1$0‘t + \/1 Qp_1 — Qﬁt( (l’t) + ,vat‘CT/i) + nﬁts (57)

ET/ {

where the parameter v ensures that the 5 norm of V, stays small with respect

to 9. We set ~ to the following value:
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Figure 5.3: Results. Median precision and recall scores and percentile boundaries
(25%, 75%) for different acceleration factors. The fraction V,,./Vie,T in the right
image indicates the ratio of the segmented volume for which uncertainty exists.

0.991 —e— SGR (ours)
0.99 1 0.8
o, 0-98 . o
c 0 0:981 <8 0.6
(] =
% 0.97 o 3
o 8 5
) o 0.971 > 044
2 0.96
0.96 1 0.2
0.95
0.001 0.003 0.005 0.007 0.009 0.001 0.003 0.005 0.007 0.009 0.001 0.003 0.005 0.007 0.009
b b b

Figure 5.4: Ablation. Effects of the hyperparameter b in Equation 5.8. Note that the
value of b largely influences the uncertainty volume V,,,., as well as the precision of
S+ and the recall of ST. We set the acceleration to 16x for the ablation experiments.

(5.8)

_ O PN L 3 (9 3l > Bl
/y_ .
1 otherwise,

where b is a small constant that we set to b = 0.005 in our experiments. An ablation
study on the effects of the parameter value can be found in Figure 5.4. A graphical
summary of our method is shown in Fig. 5.2.

For the baseline of Repeated Reconstruction (RR) with the diffusion model, we
sample 16 reconstructions per slice using the same diffusion model [51] and select
:cg and azé for every segmentation class as the reconstruction leading to the highest

segmentation volume (V) and lowest segmentation volume (V).
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Figure 5.5: Analysis of different acceleration factors. For our baseline of
Repeated Reconstructions, we observe that the uncertainty does not increase notice-
ably, even though high accelerations up to 16x are tested. Our method, in contrast,
generates more reliable uncertainty boundaries.

5.4 Key Results

We found that the min- and max-segmentation provided by our method better
captures the true segmentation uncertainty due to reconstruction ambiguity than
simple repeated reconstruction with the diffusion model [51]. This is shown in
Figure 5.3, which shows the results for all tested acceleration factors (4x,8x,12x,
and 16x). Note that we compare 16 samples generated by the diffusion model
with only two samples generated by our method. We obtain high precision scores
for S¥, meaning that only a few false positive voxels are segmented, as well as
the high recall scores for ST, indicating that we do not miss many segmented
voxels. The uncertainty volume V,,. compared to VSTeg is also growing for higher
acceleration factors, as expected. The comparably high ratio likely results from
small cartilage segmentation volumes, where a small absolute uncertainty represents
a large relative fraction. Note that in all experiments, we compare against the
predicted segmentation of the fully sampled image to disentangle the uncertainty
arising from the reconstruction from other potential sources of uncertainty.

An example showing the union of S* and ST as well as Sy, can be found in
Figure 5.5. We can see that the uncertainty region barely increases for the Repeated
Reconstruction method at higher accelerations, thereby underestimating the true
uncertainty as shown in Figure 5.3. Our method (SGR), in contrast, correctly
displays larger uncertainty regions for higher accelerations.
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5.5 Conclusion

)

We have introduced the novel method ”Segmentation Guided MRI Reconstruction’
for generating meaningfully diverse reconstructions in the context of the segmentation
task. We have shown that two images reconstructed with our method better capture
uncertainty than 16 images sampled from the posterior distribution of the diffusion
model via repeated reconstruction.

Our method is one of the first to quantify the segmentation uncertainty due to the
ill-posed nature of the MRI reconstruction problem. The original paper is provided
in Appendix C. In Chapter 6, we will extend the concept of generating multiple
semantically diverse reconstructions to the task of pathology detection in MRI.

5.6 Recent Advances and Impact

Analyzing the uncertainty for downstream tasks arising from reconstruction ambi-
guity has recently attracted growing interest in the research community [89, 90, 3].
Trautmann et al. [89] also found that measuring voxel-level uncertainty does not
provide insights into morphological uncertainty. Instead, the authors propose to use
segmentation as a downstream task and to evaluate an ensemble of reconstructions
with respect to the segmentation volumes of relevant anatomical structures. Fischer
et al. [90] also analyzed the reconstruction uncertainty with respect to a clinically
relevant downstream task (patellar cartilage volume and cardiac ejection fraction),
using their previously introduced PHiRec model [44] to obtain several reconstruc-
tions. The authors also use their task-based uncertainty estimate as a stopping
criterion, allowing the MRI acquisition to stop when the uncertainty is sufficiently
low. We [3] extended the idea of generating semantically diverse reconstructions,
focusing on the semantic diversity with respect to pathology detection instead of
segmentation. More details on our Semantically Diverse Reconstruction method for
the pathology detection task can be found in the following chapter (Chapter 6).

44



Chapter 6

Mind the Detail: Uncovering
Clinically Relevant Image Detalils
in Accelerated MRI with
Semantically Diverse
Reconstructions

Publication:

Jan Nikolas Morshuis, Christian Schlarmann, Thomas Kiistner, Christian F.
Baumgartner!, and Matthias Hein". “Mind the Detail: Uncovering Clini-
cally Relevant Image Details in Accelerated MRI with Semantically Diverse
Reconstructions”. In: MICCAI Cham: Springer, 2025, pp. 356-366. DOI:
https://doi.org/10.1007 /978-3-032- 04937 -7 _34. fShared last
authorship.

6.1 Introduction

As seen in the previous chapter, it is important to predict the segmentation uncer-
tainty due to the inherent reconstruction ambiguity in order to obtain trustworthy
results. It is arguably even more important to account for reconstruction ambiguity
for the task of pathology detection for several reasons:

e Some pathologies can be rare in the training set. Consequently, reconstruction
models that sample from the posterior, such as diffusion models, will sample
these pathologies less frequently if other solutions (e.g., healthy tissue) are
also feasible given the data.
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e Many pathologies are small and depend on the high-frequency information that
is often measured less precisely compared to the low-frequency information in
accelerated MRI. Slight variations in the predictions can lead to large changes
in the reconstructed pathology.

e Fully-supervised regression-based reconstruction methods trained on paired
undersampled and fully sampled data can lead to regression to the mean or
MMSE reconstructions [17]. Diffusion models can be biased to the most likely
solution [19]. Both methods can lead to incorrectly reconstructed pathologies.

For these reasons, a single prediction can be of limited use if significant inherent
ambiguity exists in the reconstruction process. Even if the prediction is consistent
with the measured k-space data, a better understanding of the solution space is
essential to judge whether other data-consistent solutions are feasible, which might
lead to a different diagnosis. Neglecting this additional information can lead to a
false-negative diagnosis with potentially severe consequences for the patient.

To prevent omitting pathologies in the MRI reconstruction, the corresponding
paper to this chapter introduced a novel method to mitigate these potential risks,
which we term ” Semantically Diverse Reconstruction” (SDR): Instead of only
generating a single data-consistent MRI reconstruction, our method additionally
generates two semantically diverse reconstructions, that are also data-consistent and
that therefore form possible solutions to the inverse reconstruction problem. These
semantically diverse reconstructions should exhibit different pathologies compared to
the first reconstruction, if feasible, given the measured data. To this end, we utilize a
ViT-based detection network (ViTDet [62]). We alter the reconstruction by adding a
small amount of noise. We then optimize the noise so that the distance between the
ViTDet embeddings of the altered reconstructions increases and, consequently, the
ViTDet detections are likely to change. Our method not only provides interpretable
uncertainty estimates but also increases the number of pathologies detected by a
different detection model used for validation only (Faster R-CNN [61]).

6.2 Related Work

Automatic pathology detection in MRI is a relatively underexplored research topic.
Harman et al. [91] analyzed the detection of meniscus tears in MRI images in
accelerated MRI, utilizing existing reconstruction methods such as U-Net (Section
2.3.1) and E2E-VarNet (Section 2.3.2) as well as a detection method nnDetection
[67]. Chung and Ye [92] evaluated their proposed diffusion model-based MRI
reconstruction for pathology detection, showing that their method found more
pathologies than their baselines. Yen et al. [93] proposed a classifier that classifies
selected underlying pathologies directly from the k-space data. However, they
focus only on single-coil MRI data, which is no longer common in clinical practice.
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Figure 6.1: Method overview. Recent DL-based reconstruction methods, such as
DDIP [14], can generate realistic-looking MRI images from undersampled MRI data.
However, these images can lack crucial details, and pathologies might be omitted
in the reconstruction. This problem can persist even when multiple solutions are
sampled (top right). Our proposed SDR approach produces semantically diverse
reconstructions, helping to detect possible pathologies that might otherwise be
missed (bottom right). The example shows a subchondral edema pathology.

Kiistner et al. [94] analyzed MRI reconstruction uncertainty using ensembles of
trained reconstruction models and observed — for reconstructions that are only
trained on healthy patients — that uncertainty is higher in regions containing
pathologies compared to the healthy areas. It is therefore promising to analyze
the effects of the reconstruction uncertainty on the clinical downstream task of
pathology detection.

6.3 Method Summary

Dataset

We tested our method on the fastMRI [69] knee dataset. The corresponding
pathological annotations were taken from the fastMRI-plus [70] extension, which
provides labels for 21 different classes. From the 34,742 multi-coil slices in the
fastMRI training dataset, only 8057 slices (&~ 23%) contain one or more labeled
pathologies. The majority of the data, therefore, shows only healthy tissue. For
evaluation, we focused on the 10 most frequent pathology classes, as the remaining
classes provided insufficient samples in the test set for a statistically meaningful
evaluation. Furthermore, to evaluate our method’s ability to recover missing
pathologies (avoiding false negatives and increasing recall), our test set consists of
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slices containing at least one annotated pathology.

Because the fastMRI-plus dataset provides annotations only for the training and
validation split of the fastMRI data, the official fastMRI test set could not be used
for evaluation. To address this, we re-purposed the validation set. We split the
validation set patient-wise, using 33% of the data for internal validation and 67% for
the hold-out test set. We used our internal validation set to validate the detection
models and the E2E-VarNet during training and to determine early-stopping criteria.
We used our hold-out test set to obtain the qualitative and quantitative results
shown in this chapter. From the 1005 slices with pathologies in our test set, we
selected every second slice to reduce the computational cost of generating multiple
reconstructions using diffusion models, resulting in 503 slices being evaluated in
our experiments.

Method Description

Instead of generating many redundant semantically similar reconstructions, we
wanted to generate a few semantically diverse reconstructions &%, i = 1,2, ..., Nyee
that correspond to the more unlikely tail-cases of the solution space X. This not only
reduces the computational cost but also allows for a visual inspection by an expert
to understand the inherent reconstruction ambiguity better. We have also seen in
Chapter 5 that a few reconstructions from the tail of the posterior distribution can
provide better uncertainty estimates than many reconstructions sampled IID from
the posterior distribution. Furthermore, it is known that diffusion models have a
bias towards the more likely solutions when using IID sampling [19].

Optimizing image generation to obtain a reconstruction from the tail of the
distribution is more complex than in semantic segmentation, where we could optimize
for easily measurable anatomical volume. As we have seen in Chapter 3, even small
changes to the image can affect the clinical diagnosis, thereby leading to a large
semantic distance. To better measure (and later increase) the semantic distance
between two images, we proposed utilizing the embedding space of a ViT-based
detection model (ViTDet) [62] that we trained on the pathology detection task.

To obtain semantically diverse reconstructions, we first obtain an initial recon-
struction £(!) using existing methods, either based on diffusion models [14, 11] or
the E2E-VarNet [13]. Note that even though the diffusion model by Chung and Ye
[14] can generalize out of distribution, we use a model trained on in-distribution
knee MRI data for better results. The goal is to find a new @071 such that
|2 —2&M||, < r for a small 7 (we select 7 = 3) while at the same time the semantic
distance d(i'(i), #0)) is large, where we define the semantic distance as:

d(@®, &9 = Z||f¢(§,(i)7b) — fo(@D b)||s. (6.1)

beB

48



6.3 Method Summary

All Detections Combined Detections

Figure 6.2: Combining predictions of multiple reconstructions. We combine
overlapping detection boxes and average their probability score across reconstructed
images to compute the mAP of our detections.

Here f, is the detection network and B = {by, by, ...} are the bounding boxes that
can either be defined manually (SDR-M) or automatically (SDR-A), as will be
explained later in this section.

We can now maximize the semantic distance d of £ to all previous reconstructions
2U) in an iterative procedure, where Ppzm ) projects #@ to an ¢, ball of radius r
around £, DC maps & to the space of data-consistent solutions, and 7 is the
step size:

50 DC( Pyacn (89 + Va0 a@",a)) 6.2
Z ( B(@W ) (L n m()zj#i (m , L ) ) ( )

After a one-step optimization, we optimize the next reconstruction for one step,
and so on, until 10 iterations are completed for each reconstruction.

Adversarial Robustness

We need to ensure that the ViTDet network fy, used to compute the semantic
distance d(-, -) in Equation (6.2), is robust to adversarial perturbations. This prevents
the problem of small changes to the reconstruction, which are imperceptible to
the human eye, leading to large distances in the embedding space. Furthermore,
adversarial robust models possess semantically more meaningful gradients [95, 96,
97, 98, 99]. However, as many pathologies are rather small, training the model
to be robust to these small perturbations risks unlearning the prediction of small
pathologies. We solved this issue by utilizing a recent fine-tuning method by
Schlarmann et al. [4] (who also implemented and ran the fine-tuning process) to
make the ViT-backbone g, robust against adversarial perturbations on ImageNet
data [100] using Equation (6.3). This way, the ViT-backbone learns to be robust
against adversarial noise, without unlearning the detection of small pathologies.

min max zi +0) — g, (x; 9 6.3
¢ Z.||6||2ngg¢( ) = Gpors (@) 12 (6.3)
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Figure 6.3: Evaluation of reconstruction methods. Both SDR-A and SDR-M
outperform single and multiple reconstructions using the original reconstruction
techniques (DDIP, CSGM, E2E-VN) in terms of recall (better detection of patholo-
gies) while achieving similar or better mAPq 5.

Box-Proposal Selection

We propose two methods for box-proposal selection: an automatic method, SDR-A,
and a manual method, SDR-M. These methods cover the two use cases: either some
information about the potential location of the pathology is known and bounding
boxes can be set manually (SDR-M), or no additional information is assumed and the
bounding boxes need to be found automatically (SDR-A). For automatic bounding
box selection, we use the Region Proposal Network (RPN) implemented in the
ViTDet detection model and described in more detail in Section 2.5.1. To reduce
the number of proposal boxes, we apply stricter filtering compared to the standard
RPN. We remove 25% of boxes with the lowest objectness score and additionally
remove boxes with considerable overlap to other boxes (/oU > 0.05) that have a
higher objectness score. We evaluate SDR-M by perturbing the bounding boxes
slightly by changing their size and shifting their position, to better simulate manual
annotations with only approximate information of potential pathology location.

For evaluation, we combined the predicted detections of the three generated
images by averaging the probability scores of the bounding boxes throughout all
three images, as shown in Figure 6.2. The probability scores of overlapping boxes are
averaged if they belong to the same class. If a box does not occur in a reconstruction,
we assign the probability score of 0. The evaluation model was a Faster R-CNN [61].
Using a different detection network than the ViTDet we used for optimization is
necessary to ensure that changes in the image are not hallucinated by the ViTDet
but are also observable by a different detection network.
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Figure 6.4: Qualitative Results The highlighted box in the ground truth shows a
cartilage thickness loss (left) and a high grade ligament sprain (right). The semantic
changes of SDR-M (left) and SDR-A (right) reveal the pathological changes. Yellow
arrows indicate pathologies. Note that the pathologies can sometimes be hard to
recognize for non-experts.

6.4 Key Results

Interestingly, our method not only provides interpretable uncertainty estimates for
pathology detection but also increases detection scores in accelerated MRI on our
test data. Figure 6.3 displays the quantitative results measured by the recall and
the mean Average Precision (mAP) detection score. As mentioned in Section 2.5,
a mAPq o5 utilizes an IoU threshold of 0.25 to define positive detection. A higher
recall indicates that the model finds more of the existing pathologies. A higher
mAP score indicates better overall detection quality. Both our SDR-A and SDR-M
models improve performance compared to generating multiple reconstructions for
all tested reconstruction methods. We can see that simply generating multiple
reconstructions and averaging the probability scores already yields better recall and
mAP scores than evaluating just a single reconstruction for all tested reconstruction
methods and acceleration factors. SDR-M obtains higher scores than SDR-A, as
additional information about the approximate location of the pathology can be used.
More qualitative examples are shown in Figure 6.4.

The importance of the robustness of the ViT-backbone of the ViTDet according
to Eq. 6.3 is indicated by an ablation study. The results shown in Figure 6.5 indicate
the higher recall obtained by our method, which has been fine-tuned on ImageNet
data for increased robustness, compared to methods with no additional fine-tuning
(left plot) or with fine-tuning on the fastMRI data (right plot).
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Figure 6.5: Ablation study for the finetuning of the ViT-backbone for increased
adversarial robustness and increased recall. The left plot compares our method,
which has been fine-tuned on ImageNet (IN) to no adversarial fine-tuning. The right
plot compares our method to the same method but fine-tuned on fastMRI data. We
observe higher recall scores for our method than for the tested alternatives across
most acceleration factors.

6.5 Conclusion

We have shown that our method, SDR, can generate semantically diverse recon-
structions, which lead to more pathologies being detected and higher detection
scores on our test data. As the reconstruction problem is ill-posed and infinite
solutions exist, we believe that a reasonable estimate of the uncertainty with respect
to the target task will be necessary for many safety-critical future applications of
highly accelerated MRI. Our method, to the best of our knowledge, is the first to
provide an algorithm to mitigate reconstruction ambiguity specifically for the task
of pathology detection and shows that this mitigation leads to improved detection
results in our experiments as measured by the mAP o5 score.

6.6 Recent Advances and Impact

As this work was published only a few months before the writing of the thesis,
not much closely related work has been published in the field since then. Notably,
Fischer et al. [90] utilized segmentation uncertainty due to reconstruction ambiguity
as a stopping criterion, such that the MRI acquisition can be stopped if sufficiently
low uncertainty in a clinically relevant task is achieved. Similarly, future work can
build upon our SDR method to find the precise acceleration, for which the MRI
acquisition can be stopped as no further ambiguity remains in the reconstructed
pathologies and a confident diagnosis can be reached.
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Chapter 7

Discussion

7.1 Summary of Key Thesis Findings

In this thesis, we have shown that MRI reconstruction should be evaluated with
respect to the targeted downstream tasks rather than solely using the currently
standard similarity metrics, such as SSIM and PSNR. When evaluating MRI recon-
struction methods for their utility for downstream tasks, it becomes apparent that
some assumptions need to be shifted and that neglected factors, such as the inherent
ambiguity of inverse MRI reconstruction problems, need careful consideration and
mitigation if the algorithms are applied in clinical practice.

We have seen in Chapter 3 that only small perturbations in the MRI measurement
data with ”worst-case noise” can lead to clinically significant changes in the resulting
reconstruction. In contrast, when targeting the similarity metrics for the entire
image with the same noise budget, the resulting changes are challenging to detect.
This observation indicates that the susceptibility of reconstruction models to worst-
case noise, as well as their adversarial robustness, might need more consideration
than previously thought.

Another interesting finding that can challenge common assumptions in MRI
reconstruction research emerged from the analysis of methods for segmenting under-
sampled MRI in Chapter 4. Despite the development of several specialized methods
for segmenting accelerated MRI images, the best methods appear to be those that
treat reconstruction and segmentation as independent problems. Surprisingly, com-
bining classical CS reconstruction with a subsequent U-Net segmentation yields
better results than specialized methods that combine reconstruction and segmenta-
tion in a single forward pass. This is the case even though the CS reconstruction
achieves the lowest similarity scores among the tested methods, therefore calling
into question whether similarity scores are a meaningful proxy for clinical utility.
It also shows that the most effective methods do not need to be the most complex
ones — for the segmentation of undersampled MRI images, the opposite appears to
be true.

During our research on segmentation for accelerated MRI images, we have shown
that high MRI accelerations are feasible while still obtaining high average Dice scores.
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However, high accelerations lead to greater inherent reconstruction ambiguities due
to the ill-posed nature of the problem. Even though average segmentation scores
might be high, it is also essential to understand the reconstruction ambiguity and
how it propagates to the segmentation task. Especially high accelerations require an
estimate of the segmentation uncertainty to prevent overconfidence and to prevent
missing the more unlikely cases, such as arthrosis, which typically corresponds to
low cartilage volumes.

We have developed a novel method, ’Segmentation Guided Reconstruction’ (Chap-
ter 5), to generate two semantically diverse reconstructions that correspond to large
or small segmentation volumes. Visualizing segmentation uncertainty through two
semantically diverse reconstructions might be an intuitive way for a user to better
understand the range of possible segmentations, which will need to be confirmed
in future user studies. It also ensures that both reconstructions corresponding to
large and small segmentation are indeed feasible, as they are consistent with the
measured k-space data. Our method allows the clinician not only to see the most
likely reconstruction together with the corresponding semantic segmentation, but
instead provides an uncertainty boundary that includes the possibility of smaller
or larger segmentation volumes. Being able to consider potential tail cases can
be beneficial for any machine learning application in medical image analysis, as
the detection of potentially unlikely abnormalities is often the primary reason for
conducting MR image acquisition and subsequent analysis.

We have also applied the concept of generating multiple semantically diverse
reconstructions to the task of pathology detection in Chapter 6. In contrast to the
task of segmentation, for which anatomical structures are already visible early on
in the reconstruction process of a diffusion model, many pathologies consist of fine
details and high-frequency information that are reconstructed at the late stage of the
diffusion process. We have therefore developed a novel method that leverages the
embedding space of a detection model that we trained on the pathology detection
task. Finding semantically diverse reconstructions then amounts to finding slight
perturbations of an initial reconstruction that lead to a large ¢y distance in the
embedding space. We have shown that by generating only three semantically diverse
reconstructions, we can increase the number of pathologies detected and also increase
the general detection score ("mean Average Precision”) in our experiments. This
showcases the capability of our method not only to provide interpretable uncertainty
estimates but also to detect additional pathologies that would otherwise be missed,
and improve detection scores on the test data.

7.2 Connecting the Dots

One of the main findings of this thesis is that clinical utility is not accurately
captured by commonly used metrics such as SSIM and PSNR. For example, our
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study on the effects of worst-case noise (Chapter 3) has shown that a reduction in
similarity score is not a good metric for evaluating the impact of worst-case noise.
Instead, analyzing the clinical implications of the resulting reconstruction errors
better captures the clinical risk posed by worst-case noise. Similarly, DL-based
reconstructions achieving high SSIM and PSNR scores do not necessarily preserve
clinically relevant information better than classical compressed sensing (Chapter
4): We have shown that segmentation networks trained on CS-reconstructions
can obtain the highest Dice scores despite the reconstructions obtaining the worst
similarity scores of the tested methods. The good segmentation results obtained with
reconstructions from unrolled network architectures indicate that data consistency
might be a more important property of the reconstruction than obtaining high
similarity scores.

Focusing the evaluation not on average similarity scores but instead on clinical
utility emphasizes the importance of considering the inherent ambiguity in MRI
reconstruction when applying DL-based reconstruction methods. As discussed in
Section 1.2.4, DL-based MRI reconstruction methods may tend to omit rare and
small pathologies, especially when data-consistent solutions that display healthy
tissues are feasible given the measurement data. While this problem cannot entirely
be solved for high accelerations due to the inherent ambiguity of the ill-posed
reconstruction problem, we have shown that it is possible to mitigate it by generating
reconstructions corresponding to the tail cases of the posterior distribution, for both
segmentation (Chapter 5), in which the predicted low-frequency image information
needs to be varied, and pathology detection (Chapter 6), in which the predicted
high-frequency image information needs to be varied.

7.3 Recent Shifts in MRI Reconstruction
Literature

One of the most common methods to quantify uncertainty for the ill-posed problem
of MRI reconstruction is the sampling of multiple reconstructions from a posterior
distribution and calculating the corresponding variance, a process used to calculate
the epistemic uncertainty [86]. There is no shortage of methods that provide this
uncertainty quantification: Either through repeated sampling of diffusion models
[11, 12], using MC-dropout [101], by utilizing intrinsic probabilistic models [44],
or by an ensemble of multiple trained models [94]. Despite significant research
effort in this area, it remains unclear whether pixel-wise variance maps provide
meaningful insights for clinicians who need to base clinical decisions on the quality
and uncertainty estimation of the reconstructions.

To visualize one example in which the pixel-wise variance of multiple reconstruc-
tions generated by a diffusion model does not provide the necessary information
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Figure 7.1: Comparison of pixel-wise uncertainty versus semantic diversity.
The pixel-wise standard deviation map (top row), derived from 50 DDIP recon-
structions, fails to indicate the location of the missed pathology. High variance is
observed mainly at tissue boundaries rather than the location of the pathology. In
contrast, the proposed SDR method (Chapter 6) generates semantically diverse
samples (bottom row) that visualize different pathological structures.

about the reconstruction ambiguity, we generated such a standard deviation map
from the example in Figure 6.1 of Chapter 6. We generated 50 repeated reconstruc-
tions of the DDIP diffusion model [14], and we calculated the standard deviation,
following the methodology of [92, 11]. Surprisingly, as shown in Figure 7.1, no
increased standard deviation is observed at the location where the pathology was
not reconstructed correctly. Such uncertainty maps might therefore be of limited use
if the reconstruction method cannot correctly reconstruct these rare pathologies. In
contrast, our method ”Semantically Diverse Reconstructions” (SDR from Chapter 6)
shows semantically meaningful variations with just two additional reconstructions.

Recently, the first signs of a shift in the research landscape away from pixel-wise
intensity variance as a reconstruction uncertainty estimation towards more task-
based uncertainty are emerging. Fischer et al. [90] have analyzed the reconstruction
uncertainty obtained by multiple reconstructions generated by the probabilistic
model PHiRec [44] with respect to clinically relevant metrics such as patellar
cartilage volume or cardiac ejection fraction, two tasks based on the predicted
segmentation volumes.

In a recent study by Trautmann et al. [89], the authors utilized ensembles of com-
mon reconstruction models to analyze downstream segmentation-volume variation of
various brain anatomies. The authors observed that this uncertainty estimation can
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fail to reveal critical errors and biases that occur due to the reconstruction process.
They also observed that neither voxel-level uncertainty metrics nor measures of
variation in segmentation volume capture these effects accurately. The authors
conclude that these uncertainty measures might be fundamentally inadequate when
segmentations are the targets, confirming our observation from Chapter 5. Based
on their observations, the authors argue that uncertainty in MRI reconstruction
should be evaluated in the context of clinical tasks and not only in pixel space, also
confirming our observations and conclusions throughout the thesis.

Insights from this thesis can help guide the MRI reconstruction research field
toward methods that increase clinical utility and ensure safe application. Crucially,
the inherent reconstruction ambiguity for the clinical task at hand must be correctly
estimated and communicated to the user. Our contribution of providing semantically
diverse reconstructions could serve as a suitable framework for estimating and
interpreting reconstruction ambiguities and might inspire future work toward safer
DL-based MRI reconstruction.

7.4 Limitations

This thesis has several limitations that need to be discussed. First, all experiments
on accelerated MRI have been conducted with retrospective k-space masking. While
this is standard practice in machine learning research for accelerated MRI, such
‘'simulated’ data potentially differs from prospective undersampled measurements due
to magnetization dynamics and underlying physics. Consequently, a method trained
on retrospectively masked data might fail to generalize to real-world measured
accelerated MRI data without sacrificing prediction quality.

Furthermore, all our methods have not been tested in clinical practice, and no
clinical guideline exists on how to utilize the extra information from semantically
diverse reconstructions. If a repeated scan is frequently necessary, it might reduce
the benefits provided by the MRI acceleration process. However, knowing that a
repeated scan might be necessary due to the inherent reconstruction ambiguity
is already a valuable insight; Our method can help prevent false overconfidence
in the most likely solutions, potentially making the application of DL-based MRI
reconstruction methods safer and more trustworthy.

A further limitation of this work is due to the small number of publicly available
datasets suitable for research on MR image reconstruction. Throughout the thesis,
we have utilized many of the datasets that include both k-space data as well as some
downstream diagnostic analysis, such as segmentation or pathology detection [8]
(fastMRI [69, 70], SKM-TEA [39], K2S [6]). These datasets primarily focus on knee
anatomy. Many abnormalities in these datasets, such as small cartilage volumes
or multiple pathology classes, are challenging for non-experts to detect, making it
hard to judge by visual inspection whether a reconstruction has been successful.
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Another limitation concerns the experimental design in Chapter 6. Our main
objective was to mitigate the risk of missing pathologies in accelerated MRI, thereby
reducing false negatives and increasing recall. Consequently, our test data consisted
only of slices containing at least one pathology. While our method demonstrates
improved mAP and recall on this pathological dataset, we did not quantify the
false positive rate on healthy samples. The method might therefore trade off
higher sensitivity for a slight reduction in specificity, potentially leading to more
false-positive detections.
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Chapter 8
Conclusion and Future Work

This thesis challenges the prevailing paradigm in MRI reconstruction research,
arguing that relying solely on average similarity metrics, such as SSIM and PSNR,
is insufficient to evaluate the clinical utility of reconstruction methods. We have
demonstrated that methods achieving high similarity scores can still omit subtle
or rare pathologies and may yield inferior segmentation performance compared to
classical reconstruction methods. This observation highlights the critical discrepancy
between common model evaluation metrics and actual clinical needs. Consequently,
this work argues that reconstruction algorithms should be evaluated and optimized
based on their clinical utility rather than solely on their average similarity to the
fully sampled reference images.

Through the lens of clinical utility, we show that a better understanding of the in-
herent reconstruction uncertainty is necessary to obtain more accurate segmentation
uncertainties and more reliable pathology detections. Current MRI reconstruction
research often neglects this ambiguity; algorithms typically generate only a single
'most likely’ solution or an averaged solution, leaving the user unaware of alternative
diagnostic possibilities and potentially leading to missed abnormalities. In contrast,
our novel methods generate semantically diverse reconstructions that mitigate this
risk. By generating plausible yet statistically less probable reconstructions (tail
cases), we provide more reliable estimates of potential minimum and maximum
segmentation volumes and recover pathologies that standard models might suppress.

These findings also suggest a necessary shift in evaluation priorities: instead of
focusing on marginally increasing population-wide average scores, model development
should concentrate on reliability for difficult and rare patient anatomies. While
DL-based reconstruction methods offer unprecedented capabilities, their tendency
to predict 'most likely’ or averaged solutions poses a safety risk for these critical
abnormal patient anatomies. Therefore, future MRI reconstruction development
should focus not on ever higher acceleration factors or slightly increased similarity
scores, but instead on the reliability of algorithms for the rarest and most complex
patient anatomies and on providing an accurate and interpretable quantification of
the inherent reconstruction uncertainty.
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8.1 Future Work

Our work offers a new perspective on accelerated MRI reconstruction by prioritizing
the utility of these reconstructions for downstream clinical tasks. To translate the
concepts developed in this thesis into clinical practice, several critical steps remain.

First, it is necessary to validate our proposed methods for generating semantically
diverse reconstructions on prospectively undersampled MRI data. This would allow
for an analysis of whether the methods are robust to changes in noise levels and
scanner physics that are not fully captured in the retrospective simulations we use.
Additionally, acquiring more datasets that indicate rare anatomical abnormalities
and pathologies would allow for a more rigorous analysis of our method’s ability to
capture these critical tail cases.

Second, future work should address integrating the introduced methods into
clinical practice. While generating semantically diverse reconstructions helps to
prevent overconfidence, it does not always allow for a confident diagnosis if the
inherent ambiguity of the reconstruction process is too high. Future clinical studies
are required to investigate how clinicians utilize this additional information and
whether presenting semantically diverse reconstructions can improve confidence
and trust in the reconstruction algorithms. Crucially, these studies also need to
determine whether occasional false positive pathology reconstructions are acceptable
in this context, provided that these potential pathologies are feasible given the
measured data.

Finally, future work could apply our methods in an active acquisition setting. By
estimating task-specific uncertainty during MRI acquisition, it is possible to continue
acquiring k-space data until the diagnostic ambiguity drops below a sufficiently
small threshold, so that no image with an alternative clinical interpretation can
be reconstructed and the semantic content of the image becomes unambiguous.
Furthermore, by analyzing how these semantically diverse reconstructions differ, it
may be possible to acquire the k-space regions that yield the most information gain
for resolving the existing ambiguities. Ultimately, gaining a precise understanding
of the inherent ambiguity of the reconstruction problem, along with the capabilities
and limitations of DL-based reconstruction methods, is paramount for the robust
and trustworthy application of these techniques in clinical practice.
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Abstract. Deep Learning (DL) methods have shown promising results
for solving ill-posed inverse problems such as MR image reconstruction
from undersampled k-space data. However, these approaches currently
have no guarantees for reconstruction quality and the reliability of such
algorithms is only poorly understood. Adversarial attacks offer a valuable
tool to understand possible failure modes and worst case performance of
DL-based reconstruction algorithms. In this paper we describe adver-
sarial attacks on multi-coil k-space measurements and evaluate them on
the recently proposed E2E-VarNet and a simpler UNet-based model. In
contrast to prior work, the attacks are targeted to specifically alter diag-
nostically relevant regions. Using two realistic attack models (adversarial
k-space noise and adversarial rotations) we are able to show that current
state-of-the-art DL-based reconstruction algorithms are indeed sensitive
to such perturbations to a degree where relevant diagnostic information
may be lost. Surprisingly, in our experiments the UNet and the more
sophisticated E2E-VarNet were similarly sensitive to such attacks. Our
findings add further to the evidence that caution must be exercised as
DL-based methods move closer to clinical practice.

Keywords: MRI reconstruction - MR imaging - Adversarial attacks

1 Introduction

MR image acquisition is notoriously limited by long scan times adding to patient
discomfort and healthcare costs. By acquiring only a subset of measurements in
the k-space this process can be substantially accelerated. However, reconstruct-
ing images from such undersampled k-space data requires solving an ill-posed
inverse problem. The problem was initially approached using techniques rooted
in the theory of compressed sensing which offers provable error bounds (see
e.g. [14]). In recent years, it has been shown that MRI reconstruction algorithms
based on deep learning (DL) can substantially outperform classical reconstruc-
tion methods both in accuracy and speed [7,11,15-17,21]. Such approaches,
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however, currently lack provable robustness guarantees. Moreover, their failure
cases are not sufficiently understood, putting into question the trustworthiness
of such approaches in real-world scenarios.

Recently, there has been an increasing focus on better understanding the
robustness properties of DL-based reconstruction algorithms. For instance, in
the 2020 fastMRI challenge it was reported that top performing deep learning
based methods can sometimes miss small abnormalities at 8 x acceleration [2,11].
A priori it is unclear whether the information of these abnormalities is lost in
the k-space subsampling step, which would make a correct reconstruction phys-
ically impossible, or whether the information is contained in the measurements
but reconstruction algorithms fail to retrieve it. Cheng et al. [3] provided com-
pelling evidence that in many cases the latter is the case by inserting adver-
sarially generated false positives which fail to be reconstructed. This suggests
that robustness properties of DL-based reconstruction algorithms deserve closer
scrutiny. In another line of work, a large analysis of the 2019 fastMRI challenge
submissions [8] found that the performance of DL-based reconstruction methods
can suffer if a lower SNR is encountered during test-time than during training
time. Darestani et al. [18]| further showed a sensitivity to different acquisition
techniques and different anatomies.

While it seems well documented that clinically relevant failure modes do
exist, comparatively little work has been dedicated to understanding the worst
case performance. Better understanding the maximum harm an algorithm can
do is crucial for any clinical application and an integral part of the medical
auditing process [9]. In absence of theoretical guarantees a number of works
have attempted to provide empirical bounds on the worst case performance
using adversarial attacks. While it is well established that DL-based classifica-
tion networks are very sensitive to such attacks due to the “vulnerable” decision
boundary stemming from the discrete nature of the problem, MR reconstruc-
tion algorithms do not necessarily suffer from the same problem [1,6]. Firstly,
MR reconstruction can be seen as a regression problem lacking discrete bound-
aries. Furthermore, many DL-based algorithms, such as the state-of-the-art E2E-
VarNet (E2E-VN) [16], which we study in this paper, are inspired by classical
algorithms with documented robustness properties.

Antun et al. [1] demonstrated that, indeed, small adversarial perturbations
applied to the input of reconstruction algorithms may result in severe recon-
struction artifacts. Similarly, Darestani et al. [18] investigated adding adversar-
ial noise to the k-space measurements, observing that DL-based methods can
be sensitive to the adversarial noise and that such attacks can also substan-
tially degrade diagnostically relevant regions. Genzel et al. [6] also investigated
adversarial attacks with bounded noise on the k-space measurements. Interest-
ingly, the authors came to the conclusion that the investigated reconstruction
networks are relatively stable to such attacks, though results varied with differ-
ent undersampling patterns. In particular, the authors note that diagnostically
relevant regions remain largely unaffected. We thus observe that the evidence for
adversarial robustness of MR reconstruction algorithms remains inconclusive.
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In this paper, we aim to shed further light on this question by analysing adver-
sarial robustness on the commonly investigated fastMRI knee dataset [19,20].
In contrast to prior work we show that when attacking state-of-the-art MRI
reconstruction algorithms in a way targeting regions with diagnosed pathologies
directly, very small levels of adversarial noise on the k-space (of comparable
magnitude to the thermal noise always present in MR acquisition) can substan-
tially degrade those regions and in some instances alter diagnostically relevant
features. Going beyond the standard noise based adversarial attacks, we fur-
thermore show that, somewhat worryingly, very small adversarial rotations can
have similar effects. These findings add additional evidence that the worst case
performance of DL-based MR reconstruction algorithms may currently be unac-
ceptable for clinical use.

2 Methods

Problem Setting. In MR image acquisition typically multiple receiver coils are
used to measure the data necessary to produce an image. Each coil ¢ produces a
k-space measurement k; € C". Given k;, a coil image x; € C” can be calculated
using the inverse Fourier transform, such that

x; :f_l(ki—FZ), (1)

where z € N(0,0 - I) is additive Gaussian thermal noise which is unavoidable in
MR image acquisition [10]. In the fastMRI setting only a subset of the k-space
data is measured. This can be simulated by applying a mask function M that
sets the unmeasured part of the k-space data to 0, i.e. M(k) = k © M, for a
mask M and with ® the element-wise matrix multiplication. We employ the
usual Cartesian undersampling pattern also used for the fastMRI challenge in
all our experiments. Thus, a single undersampled coil-image can be expressed as

@i = F Y (M(k; + 2)). 2)

The acquired coil-images @; or x; can be combined using the voxelwise root-
sum-of-squares (RSS) method [12] to obtain the fully-sampled image X (or the
undersampled image X, respectively):

X =

>l g

where N indicates the number of coils.

MR reconstruction algorithms aim to reconstruct X given only the under-
sampled k-space data M(k;) for i € {1,2,..., N}. DL-based approaches either
start by obtaining the image X created from undersampled measurements
according to Eq. (3) and treat the reconstruction as a de-aliasing problem
(e.g. [7,15]), or use the k-space data as input directly (e.g. [16,21]). Here, we
define the reconstruction network f as a mapping from (partial) k-space to image
space.
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Investigated Reconstruction Methods. In this paper we investigated two
different neural network architectures. Namely a method based on the image-
to-image UNet approach proposed in [13]| as well as the iterative network E2E-
VN [16], which reported state-of-the-art performance on the fastMRI challenge
data. Although pretrained weights for both these models exist in the fastMRI-
repository [11], they were trained using both train and validation sets of the
fastMRI data, and evaluated on a private challenge test set. Since the ground-
truth data of the private test set is not publicly available, we conduct our analysis
of the model robustness on the validation set. The models therefore had to be
retrained using data from the training set only.

Both networks have been trained using a batch-size of 32, like in their original
implementation [11]. To train with the original batch-size, the E2E-VN requires
32 GPUs of 32 GB memory each, which was not feasible with our local compute
infrastructure. This necessitated adapting the network size such that it could
fit into the 11 GB memory of our local GPUs. For the E2E-VN, we reduced the
number of unrolled iterations from 12 to 8 and halved the number of channels
in each UNet. The size of the UNet for estimating the sensitivity maps was also
reduced from 8 top-level channels to 6. Due to the computational constraints,
we also halved the number of channels in the baseline UNet approach. The final
training of our E2E-VN adjustment was carried out with 32 GPUs in parallel
and took around one day to train, our adjusted UNet used 8 GPUs in parallel
and also took around one day to train. Other than the reduction of the number of
parameters, our version of the two networks is identical to the originals used for
the fastMRI challenge and we expect our insights into its robustness properties
to carry over to their larger counterparts.

Adversarial Attacks on the Reconstruction Methods. When using adver-
sarial attacks, we are interested in finding a worst-case perturbation according
to some attack model and within given boundaries. In this paper we explore two
types of attack: 1) Adversarial noise added to the k-space measurements, which
is bounded by a maximum Ls-norm, 2) Adversarial rotations where we simulate
a slightly rotated position of the patient during acquisition. In the following both
methods are described in more detail.

For the first attack model, we aim to find bounded adversarial noise-vectors
z; for every k-space measurement k; of every coil 7, such that the resulting output
changes as much as possible in a user-defined target region. More specifically,
we have the following optimization problem:

max |5 © [F(Mk+2)) = X] |2 © [|zill2 < [[Kil |2 (4)

Here, k is the vector of all k-space data k; from all coils i, 7 defines the Lo-
adversarial noise level relative to every coil measurement k;, and S is a binary
region selection mask to limit the attack to diagnostically relevant regions.
Specifically, we use the bounding boxes indicating pathologies provided by
the fastMRI+ dataset [20] to define S. In contrast to [6,18], we restrict the
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noise-vector z; for every coil individually instead of the complete measurement,
thereby allowing for differences in the coil-sensitivities.
The proposed realistic rotation attacks can be expressed similarly as

mngS@ [(Re_l ofoMoRy)(k)— X} ll2 ¢ d € [—Omaz,Omaz)- (5)

Here, we introduce an operator Ry which denotes a rotation of the MRI data
by 6. In practice, we rotate the data in the spatial domain and then Fourier-
transform back to obtain k similar to [4]. After a prediction is created by the
neural network, the inverse rotation Re_l is used to transform the image back.
It is then compared to the original untransformed target-image.

The optimization process in Eq. (4) was implemented using 10-step projected
gradient descent. In every step, the adversarial method adds a noise-vector z; to
the k-space k; for every coil 7, using this transformed k-space data as a new input
for the reconstruction method f. After the calculation of the main objective in
Eq. (4) and successive backpropagation, the resulting gradients are added to the
noise-vector using a step-size of 0.5. The noise-vector z; is then renormalized
to stay within the pre-defined boundaries. The worst-case rotation angle 6 in
Eq. (5) was found using a grid search using an evenly spaced grid from —6,,,,
t0 Opnae With a step-size of 0.1°. Our code is publicly be available online®.

3 Experiments and Results

We investigated adversarial noise and rotation attacks as described in Sect. 2 on
the fastMRI knee dataset [19]. We explored attacking the entire center-cropped
image, as well as targeted attacks on diagnostically relevant regions, which we
obtained from the pathology annotations in the fastMRI+ dataset [20]. We eval-
uated the adversarial robustness for the E2E-VN [16] as well as the UNet 7] and
for acceleration factors of 4x and 8x.

To explore attacks of varying severity, we repeated all experiments for a range
of parameters 1 and 6,,,,. Similar to [6] and [18], we set the upper bound of
the noise vector 7 relative to the k-space norm ||k;||,. We explored a range of
n € [0%,2.5%|. We empirically verified that the adversarial noise levels have
a similar scale to thermal noise in our data, by measuring the real noise in
the background regions of the input images as described in [5]. This makes
it plausible that similar noise could also occur in practice. For the maximum
rotation parameter 6,,,, we explored a range of [0°,5°].

Figure 1 shows the relative degradation of the structural similarity (SSIM)
computed over the diagnostically relevant regions for the noise attack model.
Overall E2E-VN yields consistently better results compared to the simpler UNet-
based reconstruction method. Nevertheless, the slope of the degradation is sim-
ilar for both techniques, suggesting that both methods are equally susceptible
to the attack. These findings also hold for the rotation attacks shown in Fig. 4a.

! https://github.com/NikolasMorshuis/AdvRec
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Fig.1. SSIM between the full k-space reconstruction and DI-based reconstruction
with adversarial noise. (a) shows the behaviour with respect to the acceleration factor,
while (b) compares attacks on annotated, diagnostically relevant regions with attacks
on the entire image.

The similar sensitivity to adversarial attacks is surprising given that the E2E-VN
is implicitly an iterative approach with enforced data consistency.

We further analysed the results qualitatively in collaboration with a senior
radiologist. In Fig. 2, reconstructions of the UNet, the E2E-VN as well as recon-
structions of both methods with adversarial noise are compared for a sample
image. While the fully sampled reconstruction shows a low grade sprain of the
anterior cruciate ligament (ACL), the UNet reconstruction with adversarial noise
shows a thickening and distention, which could mistakenly be interpreted as an
acute injury. The E2E-VN reconstruction with adversarial noise on the other
hand could lead to a false diagnosis of an old ACL tear. It can thus be con-
cluded that even small amounts of adversarial noise can lead to a false diagnosis
with potential clinical consequences.

Figure 1b compares attacks targeted on annotated regions with attacks on
entire images (the latter being the standard approach e.g. [1,6,18]). While [6]
reported that diagnostically relevant regions remain relatively unaffected by
adversarial noise attacks, we are able to show that when the attack is target-
ing those regions directly, the effect is much more severe. A qualitative example
demonstrating this effect is shown in Fig. 3. While the annotated region notice-
ably changed when the adversarial attack was focused on it (third column), the
effect is much smaller when the attack was performed on the complete image
(fourth column). Clinically interpreting the results, we note that when only the
annotated region is attacked (third column), it starts to look more defined and
homogeneous. This could lead to a failure to detect the ACL rupture which is
present in the image.

The SSIM scores after adversarially attacking our models with rotations are
shown in Fig. 4. Comparing Fig. 4a with Fig. 1la above, it can be seen that rota-
tion attacks are less severe than attacks with adversarial noise which is not unex-
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Fig. 2. Comparison of reconstruction algorithms with a relative noise-level of 2% and
8 x-acceleration (top row: unperturbed reconstruction, bottom row: reconstruction with
adversarial noise). The fully sampled image shows a low grade sprain of the anterior
cruciate ligament (ACL). Both the UNet and the E2E-VN reconstructions with adv.
noise could lead to clinically relevant misdiagnoses. Note that changes are barely visible
if the adversarial noise is added to the fully-sampled k-space (bottom left).

Fully-sampled Adv. noise targ. reg. Adv. noise compl.
3 i) 'g’ 3 w E K w

image
= -

Fig. 3. Comparison of attacking the targeted region only (third column) versus attack-
ing the complete image (fourth column) using the E2E-VN trained for 8 x acceleration.
Attacking only the annotated region, the ligament appears more homogeneous, which
could lead to a misdiagnosis of the ACL rupture.

pected given the much higher degree of freedom of the noise attacks. However,
the rotation attacks, although very small and purportedly benign in nature, can
still manage to substantially degrade the output of the algorithm. From Fig. 4b
it can be observed that the attack is continuous in # and a non-negligible range
of rotation angles leads to substantial drops in SSIM. This indicates that such
degradation could realistically occur in clinical practice. A qualitative example
of a UNet reconstruction is shown in Fig.5. While the rotation has negligible
effects on the fully-sampled reconstruction (third column), it can be seen that
the UNet attacked with the same rotation (fourth column) produces an image
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where the ACL appears fuzzy (similar to the example in Fig.3). As in the pre-
vious examples, this could potentially lead to a misdiagnosis.

E2E-VN 4x  —¥— E2E-VN 8x
UNet 4x -o-- UNet 8x

SSIM
o
o]
<

SSIM

0.65 1

0.70+ O o
0.60
0.651 . . . . . .
0 1 2 3 4 5 -4 -2 0 2 4
Degree Degree
(a) Robustness to rotations (b) Worst case selection

Fig. 4. Results of adversarial rotation experiments. (a) contains the methods’ SSIM
with increasing severity of the attack. (b) visualises the sensitivity of the SSIM score
with respect to 0 for the qualitative example shown in Fig. 5.

UNet + rot.

Fully-sampl
&

Nodind

Fully-sampled + rot.

d

Fig. 5. Effects of small rotation on the reconstruction quality (8 x acceleration). For the
worst-case angle of —4.9°, the annotated region gets more fuzzy, potentially leading to
a misdiagnosis of an ACL tear instead of a low grade sprain.

4 Conclusion

In this work we have shown potential pitfalls of using DL-based MR-reconstruc-
tion methods. By creating realistic adversarial changes to the k-space data we
have shown that the reconstruction quality of common reconstruction meth-
ods declines significantly for both an iterative network (i.e. the E2E-VN) and
a UNet-based approach. We observed that both methods, although the archi-
tecture and reconstruction method are quite different, encounter similar levels
of reconstruction quality decline when adversarial perturbations are applied. By
further targeting only specific regions we have shown that diagnostically rele-
vant information can — contrary to the findings of [6] — fall victim to adversarial
attacks for the same noise levels. Lastly, we observed that both examined recon-
struction algorithms are also sensitive to very small adversarial rotations in some
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instances also leading to loss of diagnostic information. We believe future work
should increasingly incorporate such worst case analyses and focus on the cre-
ation of models that are relatively stable under such perturbations. A limitation
of our work is that we explored reduced versions of the UNet and E2E-VN recon-
struction architectures due to computational constraints. In future work, we aim
to verify that our insights carry-over to the full size models.
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Understanding Benefits and Pitfalls of Current
Methods for the Segmentation of Undersampled
MRI Data

Jan Nikolas Morshuis, Matthias Hein, and Christian F. Baumgartner

Abstract— MR imaging is a valuable diagnostic tool al-
lowing to non-invasively visualize patient anatomy and
pathology with high soft-tissue contrast. However, MRI
acquisition is typically time-consuming, leading to patient
discomfort and increased costs to the healthcare system.
Recent years have seen substantial research effort into
the development of methods that allow for accelerated
MRI acquisition while still obtaining a reconstruction that
appears similar to the fully-sampled MR image. However,
for many applications a perfectly reconstructed MR image
may not be necessary, particularly, when the primary goal is
a downstream task such as segmentation. This has led to
growing interest in methods that aim to perform segmen-
tation directly on undersampled MRI data. Despite recent
advances, existing methods have largely been developed in
isolation, without direct comparison to one another, often
using separate or private datasets, and lacking unified
evaluation standards. To date, no high-quality, comprehen-
sive comparison of these methods exists, and the optimal
strategy for segmenting accelerated MR data remains un-
known. This paper provides the first unified benchmark for
the segmentation of undersampled MRI data comparing 7
approaches. A particular focus is placed on comparing one-
stage approaches, that combine reconstruction and seg-
mentation into a unified model, with two-stage approaches,
that utilize established MRI reconstruction methods fol-
lowed by a segmentation network. We test these methods
on two MRI datasets that include multi-coil k-space data
as well as a human-annotated segmentation ground-truth.
We find that simple two-stage methods that consider data-
consistency lead to the best segmentation scores, sur-
passing complex specialized methods that are developed
specifically for this task. Our code is available at https://
github.com/NikolasMorshuis/UndersampledMRISeg

Index Terms—Deep learning, Image reconstruction,
Magnetic resonance imaging, Semantic segmentation

|. INTRODUCTION

Magnetic Resonance Imaging (MRI) has proven to be
a powerful modality to segment anatomical structures and
pathologies due to its high soft-tissue contrast. However, a

This work was funded by the Deutsche Forschungsgemeinschaft
(DFG, German Research Foundation) under Germany’s Excellence
Strategy — EXC 2064/1, Project number 390727645. We also utilized
the Tlbingen Machine Learning Cloud, supported by DFG FKZ INST
37/1057-1 FUGG. The authors thank the International Max Planck
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JNM, MH, and CFB are with the University of Tlbingen. CFB addi-
tionally is with the Faculty of Health Sciences and Medicine, University
of Lucerne.

major disadvantage of MRI acquisition are the long scan
times required. This does not only lead to high healthcare
costs and longer waiting times but also to increased patient
discomfort [28] and potential artifacts in the MRI image
due to patient movement [42]. Faster MRI acquisition is
therefore desirable and methods such as parallel imaging [13],
[29] and compressed sensing [21] have achieved significant
accelerations in the last two decades. Recent deep learning
based reconstruction methods can lead to a further reduction
in scan times and are therefore currently a major research
topic [14].

A widely used strategy to accelerate MRI acquisition is to
reduce the amount of data collected, resulting in an under-
sampled k-space. As the undersampling factor increases, the
reconstruction problem becomes increasingly ill-conditioned,
which can lead to noise amplification and potential artifacts
in the reconstruction. To solve the ill-posed reconstruction
problem some prior information is necessary. This prior can
be based on known properties of MR images like sparsity and
smoothness constraints as used in compressed sensing methods
[11], [21], or the prior can also be learned as is the case for
most machine learning-based reconstruction approaches [14].

A tradeoff exists between the quality of the reconstruction
and the undersampling factor — higher accelerations allow
shorter measurement times but typically also lead to worse
reconstructions. What undersampling factor to choose largely
depends on the downstream task: For instance, [30] have
shown that even though an accurate reconstruction might not
be possible for high accelerations, the reconstructed images
can still be used for initial screening by radiologists, who can
decide which patients need further examination. Therefore,
the acceleration factor of the MRI can be increased signif-
icantly if the purpose of the acquisition is not the creation
of accurate reconstructions but rather the downstream task
of initial screening. Similarly, the ultimate purpose of an
MRI acquisition might be to find segmentations of anatomical
or pathological structures to track disease progressions [41].
For many segmentation tasks, not all details displayed in a
fully-sampled MRI image are required, and larger structures
are still recognizable even for high acceleration. The task of
segmenting undersampled MRI images is therefore of high
interest due to its applicability and its potential to save costly
measurement time.

A number of works have explored methods to jointly
optimize MRI reconstruction for optimal segmentation and

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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Fig. 1: Overview of tested reconstruction and segmentation methods. We separate modern methods that are optimized to
segment undersampled MRI data into two categories: Two-Stage Approaches and One-Stage Approaches. Two-stage approaches

first reconstruct the undersampled MR image and a simple U

Net is then used to segment the reconstructed image. One-stage

approaches try to combine both tasks and it is often claimed that this combination of tasks is helpful to achieve better

reconstructions and segmentations. Our results suggest the co

reconstructions rather than for reconstruction fidelity alone [4],
[35], [37]. Unfortunately, the majority of these methods suffer
from common validation pitfalls [18] and do not compare
to each other directly and instead only compare to simple
baseline methods [4], [35]. Moreover, most methods only con-
sider single and private datasets [4], [35], [37] and sometimes
only single acceleration factors [37], such that the behavior of
the algorithms across datasets and across acceleration factors
remains unknown.

To improve comparability between methods, a MICCAI
challenge—the K2S Challenge [37]—invited participants to
perform segmentation given only undersampled k-space data
and evaluated submissions based on the quality of the re-
sulting segmentations. Interestingly, the winning method that
predicted the best segmentations also obtained the lowest
reconstruction fidelity of all submissions and did not explic-
itly optimize for high reconstruction scores. Moreover, the
third-placed method skipped the reconstruction altogether and
trained a segmentation network on the undersampled data
directly.

However, results from challenges such as the K2S Challenge
should be interpreted with caution [23], [39], as it is often
unclear which specific factors within a method’s implemen-
tation are responsible for its performance [12]. Apart from
the network architecture, implementation decisions like data
augmentation, number of iterations, and ensembling also play
a crucial role and might be even more important than the
underlying architecture [17]. Moreover, the K2S challenge
was performed on a single and now private dataset. Therefore
neither prior work nor the results of the K2S challenge can be
used to answer the question of which method for segmenting

This work is licensed under a Creative Commons Attribution 4.0 Licen:

ntrary finding.

undersampled MRI data performs the best and if high-quality
reconstructions are indeed needed for better segmentation
performance.

In order to address this research gap and generate additional
insight about segmenting undersampled MRI data, this paper
provides the first fair comparison and a unified evaluation
framework for many state-of-the-art methods in the current
literature. We note that this paper does not aim to introduce a
novel method for the segmentation of accelerated MRI images.
Instead, in this paper, we create a rigorous benchmark which is
currently lacking from the literature. Specifically, we perform
an extensive analysis of several methods on two knee MRI
datasets and for several acceleration factors. We show that
there is indeed no correlation between reconstruction scores
in terms of PSNR and segmentation scores as measured by
the Dice score [10]. Our results also show that most methods
do not achieve statistically significant improvements compared
to the simple baseline of segmenting the image calculated
from undersampled k-space data directly. However, two-stage
methods where the reconstruction methods enforce k-space
consistency yield small yet still statistically significant better
segmentation performance. This suggests that incorporating k-
space consistency is a critical component for effective segmen-
tation from undersampled MRI data.

[1. RELATED WORK

Only a small number of papers have focused on the task
of obtaining segmentations directly from undersampled MRI
data. In [34], the authors trained a cardiac-segmentation net-
work on undersampled MRI-data directly, encouraging the

se. For more information, see https://creativecommons.org/licenses/by/4.0/
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creation of a consistent segmentation over different accel-
eration factors. In [15] the authors used a combination of
iterative reconstruction, an attention mechanism, a recurrent
module, as well as a segmentation module to create adequate
segmentations. They restricted their analysis, however, to one
private single-coil dataset and did not analyze the effect
of different acceleration factors on the segmentation quality.
The authors of [36] combined the reconstruction with the
segmentation task by using U-Net-like networks, in which
the representation created by a shared encoder is used as
input for the reconstruction and segmentation decoder. In a
similar manner, [4] have combined the MRI reconstruction and
segmentation into one V-Net-like architecture that consists of
a shared encoder and utilizes two decoders, one decoder for
the reconstruction task and one for the segmentation task. In
this method, the skip connection for the segmentation method
is obtained from the reconstruction decoder instead of the
encoder. Another line of work [1], [35] indicates that good
reconstruction and segmentation results can be achieved by
making use of a reconstruction network in cascade with a
segmentation network. The analyses, however, focus on the
reconstruction scores and no in-depth analysis of effects on
the Dice score is provided.

In a recent work by [25] the authors considered the uncer-
tainty that results from the segmentation of undersampled MRI
data. The authors analyzed the ill-posed nature of the MRI
reconstruction problems: As there are infinite possible recon-
structions that are data-consistent with the measured k-space,
the authors generated several reconstructions corresponding to
minimum and maximum segmentations. The true segmentation
lies in-between these extreme cases. However, the authors did
not try to maximize segmentation performance and instead
focused on providing reliable uncertainty estimates.

Predicting high-quality segmentations has been the objective
in the K2S challenge [37], where several methods for seg-
menting undersampled MRI data have been submitted. While
reconstruction fidelity was also analyzed for the methods that
did provide reconstructions, it was not used as an evaluation
criterion. A drawback of the challenge is that only a single
acceleration factor (8x) was considered, leaving the behavior
of the submitted algorithms on higher acceleration factors
unknown. Moreover, submitted methods differed not only in
architecture, but also in other crucial aspects of the training
pipeline such as augmentation and optimization strategies,
or ensembling of multiple networks. It is well-known that
these factors can preclude any meaningful conclusions from
challenge results [23], [39] and the success of a method
can potentially be attributed to the wrong component of a
system [12].

Ill. METHODS

A. Data

In order to evaluate methods that create segmentations for
undersampled MRI-data, datasets are required that provide
both the raw k-space measurements and ground-truth seg-
mentations. It is then possible to simulate undersampled MRI

data by retrospectively masking the determined fraction of k-
space points according to some undersampling pattern such as
Poisson undersampling [3].

The K2S dataset [37] consists of multi-coil k-space data of
300 3D isotropic MRI scans of the knee and segmentations of
the bones and cartilage. One scan of the dataset was excluded
in the following experiments, because the MRI-image provided
has not been correctly aligned with the corresponding segmen-
tation. From the remaining 299 images, a train-, val-, test-split
of 240, 30, 29 has been created. An Poisson-disc undersam-
pling mask with a factor 8 is provided with the challenge
data. Masks of higher acceleration factors have been created
using the sigpy library [27], with default parameters and
a calibration region (fully-sampled center region) according
to the original mask provided by the challenge. The fully-
sampled center region was reduced for higher acceleration
factors proportionally. The segmentation regions contained a
total of 6 classes: The 3 bone-regions of the knee Patellar,
Femoral and Tibial as well as the corresponding 3 cartilages.

Furthermore, we conducted experiments on the publicly
available SKM-TEA dataset [8]. Similar to the K2S dataset
mentioned above, this dataset consists of 155 3-dimensional
multi-coil k-space data samples as well as their correspond-
ing segmentations. Using the k-space data and the provided
Poisson-disc undersampled masks, we selected acceleration
factors of 8x and 16x, where 16x corresponds to the maxi-
mum acceleration factor for which an undersampling mask is
provided by the dataset. The segmentation classes contain the
patellar, femoral, and tibial cartilage as well as the meniscus.
We use the official data split described in [8], which results in
a training, test, and validation set of 86, 33, and 36 images,
respectively.

The SKM-TEA MR images can be calculated from the
k-space data by making use of 2D inverse Fast Fourier
Transforms (iFFT), while the MRI images of the K2S data can
only be calculated using a 3D iFFT. Image-voxels of the K2S
images therefore depend on all measured k-space points of
the MRI volume, while voxels in the SKM-TEA images only
depend on the k-space points of the respective 2D MRI slice.

B. Reconstruction and Segmentation Methods

We analyze several state-of-the-art methods that have been
developed for the segmentation of undersampled MRI data
(see summary in Figure 1). We separate the methods into two-
stage and one-stage methods: Two-stage methods generate the
reconstruction in a first step before predicting the segmentation
in a second step. For the segmentation prediction, a standard
U-Net as provided by nnU-Net [17] is utilized. The one-stage
methods are specialized methods for segmenting undersampled
MRI data and combine both tasks in a single forward pass.
Details on our tested methods are provided below.

All segmentation methods are trained using the same loss-
function, which is a combination of Dice and Cross-Entropy
and is also utilized in the nnU-Net framework [17]. If a
reconstruction loss is required for the method, we apply the
Mean-Squared-Error (MSE). We unify these losses for better
comparability of the methods.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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Fig. 2: Example reconstructions and segmentations for the tested methods on the K2S dataset. False-positive segmentations
are marked in red, and false negative segmentations are marked in blue. The RegSeg method does not necessarily generate
reconstructions similar to the ground-truth, as this is no objective during training and instead the method focuses soley on the

generation of good segmentations.

1) Two-stage methods: NaiveSeg: This method relies on
the creation of a zero-filled reconstruction by replacing the
missing k-space measurements with zeros and applying an
inverse Fourier transform. In a following step, we train a U-Net
[32] based segmentation network directly on the zero-filled
reconstructions. Because we utilize the method as a simple
baseline method, we refer to this method as NaiveSeg. This
approach was also submitted to the K2S challenge [20] where
it reached third place.

UNet-Rec [16]: This two-stage approach utilizes an U-Net
based reconstruction, originally proposed similarly by [16],
yet we work with 3-dimensional (3D) reconstruction U-Nets
with the same architectures as the ones used in nnU-Net
[17]. First the images are reconstructed with a 3D U-Net. As
reconstruction loss we use the Mean-Squared-Error. After the
reconstruction, we train the U-Net based segmentation network
in the same manner as NaiveSeg on the reconstructed images.

CS-Rec. [11], [21]: In this approach, first a Compressed
Sensing reconstruction (CS-Rec.) is applied to the image
reconstructed from undersampled data. CS-based reconstruc-
tion is a well-established method that is also applied in

clinical practice [5], [11], [22]. We use a combination of
Total Variation [2] and L1-Wavelet [6] as the optimization
objective. In a second step, a segmentation network is trained
to segment the anatomical structures from the reconstructed
image. We utilize the original code used by [31] the second-
place submission in the K2S challenge [37] for the image
reconstruction. However, in contrast to the original method,
we replace the V-Net segmentation architecture with the same
U-Net architecture as NaiveSeg for better comparability to the
other methods in our benchmark.

Unr-Rec [9]: Similarly to CS-Rec here we first generate
reconstructions and then segment the image in a two-stage
process. The reconstructions are obtained using the unrolled
reconstruction method (Unr-Rec) proposed in [9], [33] and
also implemented as a baseline in the SKM-TEA dataset [8]
that we utilize in our implementation. Unrolled reconstruc-
tion networks consist of multiple U-Nets in cascade with
data-consistency elements in between. Due to computational
constraints, unrolled reconstruction is currently limited to 2-
dimensional imaging, as backpropagating through multiple
3D Fourier Transforms is computationally infeasible. The k-

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TBME.2026.3679957

space structure of the SKM-TEA data allows for 2-dimensional
Fourier transforms, but for the K2S data the full 3-dimensional
k-space is required in order to calculate the inverse Fourier
transform as mentioned in Section III-A. We therefore were
only able to evaluated this method on the SKM-TEA data.

2) One-stage methods: RecSeg [35]: This method com-
bines both the reconstruction and segmentation in a single
forward pass. Specifically, the RecSeg model [35] uses two U-
Nets in a cascade, in which the first U-Net learns to reconstruct
the MR image, while the second U-Net utilizes this reconstruc-
tion to estimate the segmentation. The difference to the UNet-
Rec approach above is that here the two networks are trained
simultaneously in an end-to-end fashion. The reconstruction
network therefore also receives training gradients from the
segmentation loss, potentially providing reconstructions that
lead to better segmentations. Following the original method
we use an MSE-loss for training the reconstruction network,
but use a Dice plus Cross-Entropy loss for the segmentation
network as we also do for all other approaches.

RegSeg [24]: This was the winning method of the K2S
challenge [37]. Similar to RecSeg, the RegSeg approach places
a reconstruction and a segmentation network in a cascade.
There are however two key differences to RecSeg, which is the
optimization objective and the training method: RegSeg pre-
trains both U-Nets independently for half the training epochs
on the reconstruction and segmentation tasks respectively. For
the pre-training of the segmentation network, fully-sampled
MR images were utilized in combination with the images
reconstructed from undersampled data. After pre-training, the
two U-Nets are placed in a cascade, where the segmentation
network takes as input the reconstructed image as well as the
zero-filled reconstruction of the original undersampled data.
The two U-Nets are then trained for the second half of the
epochs in an end-to-end manner on the segmentation task only.
This allows the intermediate reconstructions to deviate from
the fully-sampled image, thereby creating images that might
be better suited for segmentation. These generated images will,
however, potentially deviate strongly from the original recon-
struction, as the generation of high-quality reconstructions is
not the goal of RegSeg and instead the method focuses only
on the segmentation quality.

TwoDec [4]: This method is an adaptation of the TB-
Recon method originally proposed by [4]. It consists of a
shared encoder and two decoders that solve the reconstruction
and the segmentation, respectively. While the original method
employs a V-Net architecture, we opted for a U-Net-like base
architecture. We also changed the loss function to include the
Dice + Cross-Entropy loss as in all other segmentation models
and adjusted the reconstruction function to MSE for better
comparability to the other methods. Moreover, we observed
that a V-Net sometimes led to unstable training on the K2S
dataset. As in the original publication we set the weight for the
reconstruction loss and the segmentation loss to be equal for
the K2S dataset and the SKM-TEA dataset at 8x acceleration,
but do an hyperparameter search for the SKM-TEA dataset at
16x acceleration in Section IV-A.

C. Experimental Setup

In MRI reconstruction, the goal is to find a reconstruction &
that approximates the ground-truth image x while remaining
consistent with the measured k-space data y:

y=Az with yeC" AeC™" &eC" (1)

where A = MFS with the coil sensitivity maps .S, the
Fourier transform F and the undersampling mask M. In
this work, our focus is not on predicting the most accurate
reconstructions & but on predicting high-quality segmentations
§ that closely match the ground truth segmentations s. In the
one-stage approaches, the methods are applied directly on the
MRI image that is derived from the zero-filled k-space data
vy, such that the segmentation § is predicted as § = fp(y).
In the two-stage approaches the image is first reconstructed
using existing reconstruction methods & = gy (y) and then
segmented using a standard 3D U-Net framework (fg) to
estimate the segmentation § = f,(&). We investigate which
approach leads to the most accurate segmentations § under
potentially highly accelerated MRI acquisitions (see Fig. 1 for
a concept overview). Note that not all reconstruction methods
require strict data-consistency as expressed in Equation (1).

The primary goal of this paper is to provide a rigorous
benchmark of a representative set of recent methods that can
segment undersampled MRI images. To enable meaningful
comparisons, we standardize the evaluation setup to ensure
maximal comparability across approaches. This, in turn, allows
us to draw clear conclusions from our experiments and high-
light promising directions for future research in this important
yet underexplored field. In order to make the tested approaches
maximally comparable, we modify the networks’ architectures
such that the employed components are the same and the
differences in the score originate from changes in the tested
method instead of the design of the network.

To achieve comparability in the other aspects of the train-
ing setup like data-augmentation, training loss-function, data-
preprocessing etc., we base all re-implemented methods on
the well-established nnU-Net framework [17], that was also
utilized by the winning method of the K2S challenge [37].
For all segmentation methods we therefore utilize a training
loss consisting of a combination of the Dice loss and the
Cross-Entropy loss. An high-level overview of similarities and
differences is provided in Figure 1.

D. Metrics

We apply the Dice score to evaluate the predicted segmen-
tations and utilize the SSIM [38] and PSNR scores in order
to evaluate the quality of the predicted reconstructions. The
metrics have been calculated using implementations provided
by the MONAI framework [7].

E. Implementation Details

We train and test all methods described in Section III-B
from scratch on both the K2S and SKM-TEA datasets for
all tested acceleration factors using a comparable training
pipeline. All segmentation models are trained for 1000 epochs
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Fig. 3: Dice (left) and SSIM (right) scores for different accelerations on the K2S dataset. Note that for better readability we
did not include RegSeg scores in the SSIM plot on the right, as the method has solely been developed to improve segmentation
scores and does not aim at creating a good reconstruction. We provide SSIM scores for RegSeg in Table II. Interestingly,
CS-Rec achieves the highest Dice scores while only achieving relatively low SSIM scores. The PSNR score behaves similarly

as the SSIM score across accelerations.

of 250 iterations on an Nvidia Geforce RTX 2080Ti GPU
using a batch-size of 2 and the Adam optimizer [19]. We
use a learning rate of le — 2 for most methods and le — 3
for RecSeg and TwoDec for training stability. The data-
augmentation strategy is identical for all methods and consists
of mirroring in the sagittal direction.

IV. EXPERIMENTS AND RESULTS
A. Segmentation Quality

The segmentation scores for all methods and all acceleration
factors for the K2S dataset are shown in Figure 3 (left). The
quantitative values for the K2S, and the SKM-TEA datasets are
further reported in Tables I and IV, respectively. We observed
that, overall, the tested methods predicted segmentations of
comparable quality and reached similar Dice scores. For both
datasets, the difference in Dice score is within one standard
deviation between the best and the worst performing method
for all tested acceleration factors. The segmentations shown
in Figure 2 for the K2S dataset and in Figure 6b for the
SKM-TEA dataset show examples of the similar segmentation
quality between the different methods. It can be seen that the
differences in the segmentations are rather small within the
same acceleration factor for all tested methods. We further
note that the segmentations for all examined methods are of
high quality and the errors are often of a similar nature for all
methods, like the too large segmentation of the tibia bone as
shown in Figure 2.

In order to better understand the differences between the
examined methods we analyzed them using a statistical signif-
icance test. Specifically, we compared the Dice scores of the
tested models to the ones obtained by the simplest baseline
method NaiveSeg using a Wilcoxon-Signed-Rank test [40].
Statistically significant improvements in Dice score (p < 0.01)
are indicated by a star **’ in Tables I and IV. Even though the
models are conceptually different, the Dice scores are rather

similar despite varying SSIM scores of the reconstruction.
Surprisingly, the CS-Rec method leads to the segmentation
scores that are among the best for both datasets over nearly
all acceleration factors. Furthermore, the results for CS-Rec
are nearly always significantly better compared to NaiveSeg.
Another surprising result is the good segmentation quality of
NaiveSeg compared to the other more specialized methods.

The method achieving the best Dice scores for the SKM-
TEA dataset is Unr-Rec, which achieves the best scores
for both tested acceleration factors and is the only method
achieving statistically significantly better segmentation results
compared to NaiveSeg at 16x acceleration. Also, most other
methods except for CS-Rec are statistically significant worse
compared to Unr-Rec at 16 x acceleration for the SKM-TEA
dataset (see Table VI). Note that Unr-Rec cannot be tested
on the K2S data, because of the 3-dimensional k-space of
the MRI images, as explained in Section III-A. A class-wise
comparison of the Dice scores at 16x acceleration for the
SKM-TEA data is provided in Table V.

We found that the performance of methods that combine
the reconstruction and segmentation tasks such as RecSeg and
TwoDec can be dependent on the dataset and the acceleration
factor. We observed that both methods are comparable to other
methods on the K2S dataset, yet perform worse than other
methods on the SKM-TEA dataset for 16x-acceleration (see
Table 1V). We have analyzed the behavior of the TwoDec
method on SKM-TEA with 16x acceleration when using
higher weight (higher A,.,) for the segmentation loss on the
validation set

['total = Erec + )\segﬁseg (2)

The results are shown in Figure 5. Note that higher segmenta-
tion weight leads to higher Dice scores, but the reconstruction
scores degrade. For the results in Table IV we chose Asy =
10, as it provides a good tradeoff between segmentation and
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Fig. 4: Relation between PSNR values and the Dice scores. The left plot shows results for the SKM-TEA dataset with 16x
acceleration, the right plot shows the K2S dataset with 32x acceleration. Every reconstructed image on the test set is a single
data point. It can be seen by the regression fit that no positive correlation exists between the PSNR and Dice scores within
the methods. This observation is confirmed quantitatively with Spearman’s p ranging from 0 to —0.20 (all p — values > 0.2,

indicating no statistically significant correlation).
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Fig. 5: Hyperparameter analysis. We analyzed segmentation
and reconstruction results for different segmentation weights
in the TwoDec method on the validation set of SKM-TEA
16x data. Higher weights for the weight of the segmentation
loss lead to higher segmentation scores, but the reconstruction
quality declines.

reconstruction performance for the SKM-TEA dataset at 16x
acceleration. Note that even though we have optimized the
segmentation weight hyperparameter for the TwoDec method
on the 16x acceleration experiments on SKM-TEA and thereby
providing the TwoDec method with an advantage, the results
are still worse compared to the other methods.

B. Reconstruction Quality

In contrast to the Dice scores, the reconstruction scores
vary substantially between the methods. Interestingly, even

though the segmentation scores are good for CS-based re-
constructions, CS-Rec does not achieve very high SSIM and
PSNR scores in both datasets. In Figure 3 the SSIM score is
shown for several acceleration factors. It can be seen that all
methods that aim to generate a reconstruction of the MR image
improve SSIM for nearly all acceleration factors compared to
the zero-filled reconstruction used in the method NaiveSeg.
The reconstruction scores of CS-Rec decline more for higher
accelerations compared to the other methods, even leading
to lower reconstruction scores than the original zero-filled
reconstruction.

As can be seen in Figure 4, no correlation exists between the
reconstruction score in terms of PSNR and the segmentation
score when considering all predicted images and segmenta-
tions from the different methods individually. This indicates
that the segmentation does not benefit from reconstructions
that achieve higher PSNR values.

Tables II and IV provide PSNR and SSIM scores for the
reconstruction of different methods. The best reconstruction
scores are achieved by the UNet-Rec method for the majority
of cases. Qualitative examples are shown in Figures 2 and 6. It
can be seen that the UNet-Rec method also generates smooth
reconstructions, which is known to be beneficial for the SSIM
and PSNR metrics [26]. Lower PSNR scores are reached with
the SKM-TEA data in Table IV compared to the K2S data
shown in Table III

V. DISCUSSION

In our work, we have shown that, in contrast to previous
findings [37], most methods for segmenting undersampled
MRI data perform similarly for the same acceleration factors
if the methods are trained in a comparable manner. Crucially,
more complex approaches do not necessarily improve the
segmentation score in a statistically significant way.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TBME.2026.3679957

TABLE |: Dice scores for the K2S dataset. Values represent the Mean + Standard Deviation. The fully-sampled NaiveSeg
baseline (1x acceleration) achieved 0.943 + 0.013. Models with a statistically significantly (p < 0.01) higher Dice score
compared to the NaiveSeg model at the respective acceleration factor are marked with an asterisk (*). The two-stage approach
CS-Rec generally achieves the highest Dice scores. The scores remain stable up to 32X acceleration.

Dice
Type 1 x 8x 16x 32x 64 x 128 x
NaiveSeg ~ 2-stage  0.943 £ 0.013 0.938 £ 0.018 0.936 £ 0.015 0.930 + 0.015 0.917 £ 0.020 0.901 £ 0.022
RecSeg 1-stage - 0.941 £ 0.012 0.938 £ 0.013 0.933 £ 0.013*  0.924 £ 0.018*  0.906 £ 0.024*
RegSeg 1-stage - 0.937 £ 0.016 0.933 £ 0.020 0.932 + 0.016 0.921 £ 0.020*  0.903 £ 0.022
TwoDec 1-stage - 0.933 + 0.021 0.932 £ 0.019 0.929 £+ 0.018 0.918 = 0.019 0.904 £ 0.024*
UNet-Rec  2-stage - 0.938 £ 0.014 0.936 £ 0.020 0.934 £ 0.015*  0.924 £ 0.016*  0.910 & 0.019*
CS-Rec 2-stage - 0.943 £+ 0.012*  0.939 £ 0.013*  0.934 + 0.016*  0.926 £+ 0.017*  0.909 £ 0.025*

TABLE Il: SSIM scores for the K2S dataset. The reconstructions generated by the UNet-Rec methods usually achieve the
highest SSIM scores. Note that the low scores of RegSeg can be explained by the fact that RegSeg does not aim to create a
quality reconstruction and instead focuses on the segmentation.

SSIM
Type 8% 16x 32% 64 x 128 x
NaiveSeg  2-stage  0.857 £ 0.024  0.815 4+ 0.029  0.781 + 0.034  0.751 £ 0.037  0.725 £ 0.039
RecSeg I-stage  0.897 = 0.020  0.878 + 0.023  0.852 £ 0.027  0.826 &+ 0.032  0.784 + 0.037
RegSeg l-stage  0.477 £ 0.074  0.603 £ 0.063  0.511 & 0.076  0.610 £ 0.059  0.405 £ 0.071
TwoDec I-stage 0910 £+ 0.018 0.885 + 0.021  0.860 £ 0.027  0.839 4+ 0.031  0.812 + 0.036
UNet-Rec  2-stage  0.909 + 0.018  0.889 £ 0.022 0.870 £+ 0.025  0.847 + 0.031  0.815 + 0.033
CS-Rec 2-stage  0.900 £ 0.019  0.862 4+ 0.027  0.807 & 0.038  0.762 £ 0.044  0.716 £ 0.048
NaiveSeg RecSeg RegSeg

PSNR: 27.609

PSNR: 26.952

PSNR: 24.910

RegSeg

Ll
'\«\\\u \

Dice: 0.900

(a) Example of Reconstructions on the SKM-TEA dataset. (b) Example of Reconstructions and Segmentations on the SKM-
NaiveSeg shows the image reconstructed from undersampled data. TEA dataset. Segmentations: Patellar Cartilage (*'), Femoral Car-
RegSeg does not aim to generate perfect reconstructions but rather tilage (1), Tibial Cartilage (*'), Meniscus (), False Positives (H),

generates images helpful for the downstream segmentation task.

False Negatives (H).

Fig. 6: Qualitative results from the SKM-TEA dataset showing (a) reconstructions and (b) segmentations at 16x acceleration.

TABLE [ll: PSNR-scores for the K2S dataset. The Reconstruction provided by the UNet-Rec achieve the highest PSNR scores.

PSNR
Type 8x 16x 32x 64 x 128x
NaiveSeg  2-stage 350+ 14 337+14 325+14 312+£14 302+£14
RecSeg l-stage 371+ 15 360+£15 347+15 335+£15 320+14
RegSeg l-stage 260+ 17 28416 274+17 271+17 253+£16
TwoDec l-stage 367 £ 14 357+ 14 346+14 332+14 323£14
UNet-Rec  2-stage 37.6 £ 1.6 365+ 15 354+ 15 342+15 328+ 14
CS-Rec 2-stage 375+16 355+15 331+£16 313+16 295+£15

We observed that two-stage methods which first generate a
reconstruction before predicting the segmentations generally
perform better, both creating reconstructions leading to higher
similarity scores as measured in PSNR and SSIM and also pre-
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TABLE |V: Scores for the SKM-TEA data. While Unr-Rec

achieves the highest Dice scores in our experiments, UNet-Rec

achieves the highest SSIM and PSNR scores. Dice scores that are statistically significant better (p < 0.01) compared to

NaiveSeg are marked with an asterisk (*).

Dice SSIM PSNR
Type 1x 8% 16x 8% 16x 8% 16 %
NaiveSeg  2-stage  0.854 = 0.053  0.843 + 0.044 0.837 £ 0.045 0.736 + 0.024  0.692 £ 0.026  28.6 = 1.1 27.6 £ 1.1
RecSeg 1-stage - 0.845 + 0.047*  0.816 £ 0.049 0.799 £ 0.024  0.739 £ 0.029 309 £ 1.0 294+ 1.0
RegSeg 1-stage - 0.847 4+ 0.042*  0.838 £ 0.044 0.582 + 0.036  0.509 £ 0.040 255+ 14 248 +13
TwoDec 1-stage - 0.842 + 0.043 0.811 + 0.060 0.817 +0.021  0.737 £ 0.026  30.8 £ 1.1 28.1 + 1.1
UNet-Rec ~ 2-stage - 0.845 + 0.044*  0.839 £ 0.045 0.826 + 0.024  0.750 £ 0.042 31.6 = 1.0 297 £ 1.0
CS-Rec 2-stage - 0.847 + 0.044*  0.839 £ 0.046 0.680 + 0.028  0.632 £0.030 29.0 12 27912
Unr-Rec 2-stage - 0.848 £+ 0.045*  0.843 + 0.041* 0.704 £ 0.035 0.645 £ 0.036 312+ 1.1 295+ 1.1

TABLE V: Class-wise Dice scores for the SKM-TEA dataset at 16x acceleration. Dice scores that are statistically
significantly better (p < 0.01) compared to NaiveSeg are marked with an asterisk (*). Unr-Rec achieves the highest dice-

scores in all segmentation classes.

Dice
Type Patellar Cartilage = Femoral Cartilage  Tibial Cartilage Meniscus
NaiveSeg  2-stage  0.858 £ 0.077 0.846 £ 0.043 0.830 &+ 0.045 0.815 + 0.054
RecSeg I-stage  0.810 % 0.097 0.826 + 0.048 0.825 + 0.042 0.802 + 0.058
RegSeg l-stage  0.860 + 0.072 0.846 £ 0.045 0.832 = 0.040 0.813 + 0.057
TwoDec I-stage  0.807 £ 0.138 0.824 £ 0.043 0.823 £ 0.041 0.788 + 0.079
UNet-Rec  2-stage  0.858 £ 0.076 0.848 £ 0.042 0.833 + 0.043 0.816 + 0.056
CS-Rec 2-stage  0.859 £ 0.081 0.848 £ 0.044* 0.832 £ 0.042 0.816 £ 0.059
Unr-Rec 2-stage  0.864 + 0.061 0.852 + 0.040* 0.835 £ 0.042*  0.819 £ 0.058

TABLE VI: Statistical comparison to best performing 2-stage model for the SKM-TEA dataset. Dice scores that are
statistically significantly worse (p < 0.01) compared to Unr-Rec are marked with a (T).

8% 16X
Model Type Dice p-value Dice p-value
NaiveSeg ~ 2-stage  0.846T < 0.001 08377 < 0.001
RecSeg I-stage  0.845 0.014 0816 < 0.001
RegSeg l-stage  0.847 0.160 08387 < 0.001
TwoDec l-stage 08427  <0.001 08117 <0.001
UNet-Rec ~ 2-stage  0.845T 0.003 0.8391 0.005
CS-Rec 2-stage  0.847 0.157 0.839 0.011
Unr-Rec 2-stage  0.848 Ref. 0.843 Ref.

The high segmentation quality obtained with CS-Rec is
particularly interesting as the predicted reconstructions did
not achieve high reconstruction scores compared to other ap-
proaches. The remaining methods that did not enforce k-space
consistency often led to worse segmentation results despite
having better reconstructions qualitatively and quantitatively in
terms of SSIM (see for example the TwoDec approach). This
suggests that reconstructions that are faithful to the measured
k-space data may be more important for achieving good
segmentations than reconstructions that obtain high visual
fidelity. Thus, enforcing k-space consistency is likely to be
an important feature for future work in this domain.

Another research question we investigated was whether
high-quality reconstructions provide an advantage for accu-
rate segmentation prediction. The missing correlation between
reconstruction and segmentation scores shown in Figure 4
suggests that a high-quality reconstruction is, indeed, not re-
quired to predict high-quality segmentations. Beyond CS-Rec,
discussed above, two illustrative examples are RegSeg and

NaiveSeg. Although neither method aims to predict a recon-
structions, both achieve segmentation performance comparable
to methods that explicitly optimize for image reconstruction,
such as TwoDec or UNet-Rec. This suggests that future
solutions aiming exclusively at obtaining high segmentation
performance from highly accelerated k-space data do not
necessarily need to additionally predict the reconstruction.
However, we note that depending on the application high-
quality reconstructions may be required for other reasons such
as human interpretability.

A disadvantage of the methods that combine the reconstruc-
tion with the segmentation task like RecSeg and TwoDec is
the dependence on the dataset and acceleration factor. While
the methods perform relatively well on the K2S Dataset, their
performance degrades for the SKM-TEA dataset at acceler-
ations of 16x as seen in Table IV. The TwoDec method is
highly dependent on the selection of the loss weights. Careful
tuning of those weights improved the segmentation score, yet
the score was still worse compared to the other methods.
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In our experiments we have observed differences in the
similarity scores of the predicted reconstructions on the two
examined datasets. PSNR and SSIM values for the reconstruc-
tions on the SKM-TEA dataset were much lower compared
to the K2S Dataset. This may indicate that the images of the
SKM-TEA dataset were more difficult to reconstruct compared
to the images of the K2S dataset. A possible reason for this
could be that the SKM-TEA data is of higher resolution
compared to the K2S data (512x512x160 vs 256x256x196)
and can therefore display additional anatomical details that
can make the reconstruction process difficult.

A. Limitations

The evaluation in this paper focused on knee MRI data
due to the limited availability of public datasets that contain
both k-space data as well as ground-truth segmentations. As
segmentation results depend on multiple factors such as the
size of the structure and whether or not pathologies are present,
our results might vary for other datasets that aim to reconstruct
and segment i.e. brain MRI data.

The tested segmentation method in this paper is limited to
the nnU-Net framework [17], as it still performs very well on
3D segmentation tasks, even compared to transformer-based
segmentation methods [18]. We did not utilize transformer-
based or diffusion model-based reconstruction methods as
those methods are too computationally expensive to be applied
to 3D reconstruction tasks at scale.

We also only utilized the Poisson-disc sampling pattern
provided by the datasets [8], [37] as the effects of different
undersampling patterns are not the focus of this work. Future
work can test reconstruction and segmentation methods with
different sampling patterns such as acquiring the image at a
lower resolution, spiral- or uniform undersampling. Uniform
undersampling masks might cause some of the models to fail
for high accelerations, as the image becomes distorted too
heavily for patch-based segmentation approaches.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we have shown that good segmentation
quality of undersampled MRI images is feasible even for high
acceleration of up to 32x. Contrary to the findings in the K2S
challenge [37], we have observed that reconstruction methods
that enforce data-consistency - either strictly, as in CS-Rec, or
implicitly, as in Unr-Rec - lead to the highest segmentation
scores. However, we have also shown that the difference
between the tested methods can be small, potentially making
it difficult to see real-world benefits of the more complex
and specialized methods. Experiments have also shown that
the performance of some one-stage methods like RecSeg and
TwoDec can depend on the dataset and acceleration factor.

In the context of future studies on the segmentation of
undersampled MR images, we recommend focusing on two
primary directions: The task of reconstruction and segmen-
tation can be treated independently, where first the recon-
struction is generated and afterwards utilized as input for
the ’naive’ UNet-based segmentation network as done in the

tested two-stage methods. This leads to fewer hyperparameters
that require tuning, to more stable results and to the best
reconstruction (UNet-Rec) and segmentation scores (CS-Rec
and Unr-Rec). Furthermore, we have seen that it is beneficial
for the segmentation quality if the reconstruction method
utilizes a data-consistency component, as is the case for CS-
Rec and Unr-Rec.

Our research indicates that not all of the k-space information
obtained in the fully-sampled image is required for an accurate
segmentation prediction and high acceleration factors can be
utilized. In the future, we believe it will be necessary to find
a suitable trade-off between acceleration and segmentation
quality that fits clinical standards while concurrently utilizes
the MRI acquisition time more efficiently, allowing more
patients to be treated and healthcare costs to be reduced.
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Abstract. Inverse problems, such as accelerated MRI reconstruction,
are ill-posed and an infinite amount of possible and plausible solutions
exist. This may not only lead to uncertainty in the reconstructed image
but also in downstream tasks such as semantic segmentation. This uncer-
tainty, however, is mostly not analyzed in the literature, even though
probabilistic reconstruction models are commonly used. These models
can be prone to ignore plausible but unlikely solutions like rare patholo-
gies. Building on MRI reconstruction approaches based on diffusion mod-
els, we add guidance to the diffusion process during inference, generat-
ing two meaningfully diverse reconstructions corresponding to an upper
and lower bound segmentation. The reconstruction uncertainty can then
be quantified by the difference between these bounds, which we coin
the ‘uncertainty boundary’. We analyzed the behavior of the upper and
lower bound segmentations for a wide range of acceleration factors and
found the uncertainty boundary to be both more reliable and more accu-
rate compared to repeated sampling. Code is available at https://github.
com/NikolasMorshuis/SGR.

1 Introduction

Accelerated MRI reconstruction has substantially improved in recent years
through the use of machine learning methods. Currently, diffusion models (DMs)
[13,19] achieve state-of-the-art MRI reconstruction scores [4,5,14|. An often
neglected area in the literature is the inherent uncertainty of the reconstruc-
tion process. Accelerated MRI reconstruction is an ill-posed problem and infinite
plausible reconstructions exist for an undersampled MRI image. However, in the
majority of recent work only a single point estimate (a single reconstruction) of
the solution space is provided. This common practice is problematic in safety-
critical applications like medical imaging, as it does not accurately reflect the
inherent uncertainty and no estimation of the confidence of the solution can be
provided.
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Repeated Reconstruction (RR) Segmentation-Guided Reconstruction (SGR, ours)
20\ Vieg ) Vieg
Vi)
Undersampled Undersampled
MRI MRI
Reconstructions Reconstructions
+ Segmentation + Segmentation

Fig. 1. Motivation. Repeated reconstruction tends to create MRI reconstructions that
are conceptually similar and not meaningfully diverse. Similar results are also observed
in downstream tasks like segmentation in our experiments. Our method in contrast only
reconstructs two images, an upper bound (mg) and a lower bound (z}}) reconstruction,
corresponding to an upper (VJeg) and lower bound (Vgleg) on the segmentation volume,
giving an intuitive understanding of the segmentation uncertainty.

A common approach to quantify the reconstruction uncertainty is to recon-
struct a large number of samples and analyze their pixel-wise variance. This
kind of uncertainty prediction has been investigated with probabilistic networks
[3,12], Monte Carlo dropout [16] ensembling [15] or DMs [5,14,24].

Recently however, [6] has shown that Repeated Reconstruction (RR) in nat-
ural image reconstruction with DMs leads to similar images which display a lack
of meaningful diversity. Even though the diffusion model is trained to model
the posterior distribution accurately, the heavy tail of the true posterior distri-
bution is often largely ignored in practice and plausible yet unlikely solutions
with different semantic meaning are not found. This is a problem for medical
imaging, where certain pathologies might be rare and unlikely. However, it is
important to recover these cases precisely and include them as possible solutions
when reconstructing multiple samples for uncertainty prediction.

The definition of meaningful diversity can depend on the downstream task
and might be different for e.g. pathology detection (a pathology exists or not) or
semantic segmentation (the segmented tissue might be smaller or larger). In this
work we focus on diversity of semantic segmentation, as it is an important task
in clinical practice and the results are more easily interpretable for non-experts.

In this paper, instead of random sampling, we propose to reconstruct two
MRI-images per segmentation class corresponding to the upper and lower bound
segmentation volume. To this end, we introduce a novel method called Segmen-
tation Guided Reconstruction (SGR). SGR builds on DM-based MRI recon-
struction. However, rather than standard sampling, we guide the reconstruction
process with the gradient of segmentation losses that either penalize small seg-
mentation volumes or large segmentation volumes. The resulting lower and upper
bound reconstructions and segmentations are an intuitive way of understanding
the segmentation uncertainty which arises due to the ill-posed nature of the
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reconstruction problem. See Fig. 1 for a visual explanation of the motivation. In
summary, our contributions are:

— We introduce a novel method Segmentation-Guided Reconstruction (SGR)
to guide the reconstruction process of undersampled MRI data, leading to
meaningfully diverse reconstructions.

— We show that the diverse reconstructions lead to diverse segmentations that
correspond to an upper and lower bound on the segmentation. We introduce
the concept of ‘uncertainty boundary’ for the volume between both bounds.

— We show that our method captures the inherent uncertainty more faithfully
than the commonly used Repeated Reconstruction (RR), potentially leading
to safer MRI reconstruction methods

2 Related Work

Diffusion based inverse problem solvers have seen large success in MRI recon-
struction [5,14,18,24|, achieving state-of-the-art reconstruction scores [4,5,14].
In contrast to supervised learning-based methods [20,25], trained DMs can be
used for several acceleration factors. Recent reconstruction methods [4] allow
for more than 80x faster inference time, reducing the computational burden
for RR. With RR it is possible to reconstruct several distinct images, allow-
ing to estimate the reconstruction uncertainty by analyzing the variance of the
voxel values. However, the distinct images do not necessarily display meaningful
diversity [6].

While the reconstruction and segmentation problem are mostly tackled sep-
arately, some work exists aiming to improve segmentation results by combining
reconstruction and segmentation in an end-to-end fashion [1,2,21-23]. Wu et
al. 23] show that fine-tuning a pre-trained reconstruction network with a task-
specific network head leads to improved segmentation results. Similarly, the win-
ning method of the K2§ challenge [22| also first trains a reconstruction network
before fine-tuning the network for segmentation. These approaches, however, lead
to degraded reconstructions. Moreover, all of these methods lack an analysis of
the effects of the inherent reconstruction uncertainty on segmentation.

The literature on reconstruction uncertainty propagation to downstream
tasks is relatively sparse and most methods utilize repeated sampling of proba-
bilistic networks that might not offer meaningful diversity [6]. Feiner et al. [11]
propose to utilize Monte Carlo sampling to estimate the reconstruction uncer-
tainty that can then be propagated to classification tasks. Cheung et al. [3]
use repeated sampling of CT reconstructions to obtain a distribution of several
downstream metrics, which they use to calculate statistically valid prediction
sets using conformal prediction. Fischer et al. [12] are the first to consider the
propagation of the aleatoric uncertainty due to the reconstruction process in the
context of segmentation. By repeated sampling of a probabilistic reconstruction
network and subsequent segmentation, they were able to quantify the variance
of the segmentation at pixel-level. However, data-consistency was not enforced
and no upper or lower bound of the segmentation has been estimated.
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3 Method

3.1 Background Diffusion Models and MRI-Reconstruction

In the inverse problem of MRI reconstruction, we aim to reconstruct a plausible
image xo that is coherent with the measurement data y when passing through a
forward operator (i.e. Fourier Transform + Masking) A, such that the following

equation holds:
y = Azy) . (1)
The problem is typically ill-posed and infinite a:éi) exist that are possible
solutions for Eq.1. In recent years DMs have shown to perform exceptionally
well on the MRI-reconstruction tasks, being able to sample a set of distinct
solutions :13(()1) from the posterior.
DMs generate samples from the data distribution pgqiq(2g) by reversing a

diffusion process from timestep t = 0 to t = T described by a conditional density

q(@i|wo) = N (@i Voo, (1 — o )T) (2)

with a pre-defined defined a; schedule.
A DM can then be trained by predicting the noise through epsilon matching;:

. t
00 o o o0) ot (wo)ema0.0) (€5 () = €13) - (3)

The learned e-matching function can then be used to predict the clean image
Zo|; at every step t of the diffusion process using Tweedie denoising [10]:

dop = (@ — VI = arey) (@))/Var. (4)

Recently, Chung et al. [4] introduced a DM based reconstruction method
that utilizes conjugate gradient (CG) optimization: During the CG-optimization
process, starting from @o; we search a .’%6| , that minimizes the distance

A"‘A:fr:{)| , — A%y with A* being the backward operator mapping from the mea-
surement space back to the image space:

§30|t = CG(A*A>A*y,f%o|t)- (5)

The update rule using the DDIM method [17] is then given as follows:

Ty = /1T + \/1 — Qg1 —N? ?Eét) (1) + npie. (6)

We modify the algorithm from [4] slightly to achieve full data-consistency. For
the last diffusion step t = 1 — t = 0, we replace Eq.5 and make sure that the
reconstructed image x is fully data-consistent using y and Eq. 1.
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Fig. 2. Method explanation. For each inverse diffusion step t, we calculate th[,T/ !
and include the gradient in the calculation of x;_1, in order to increase (decrease) the
segmentation volume and to get an upper- and lower-bound segmentation (ST and S*).

3.2 Segmentation Guidance for Diverse Sampling

In order to generate a set of meaningfully diverse solutions :c(()i), we reconstruct

two images per segmentation class (iU(T) and :B(l)) with corresponding upper and a
lower bound segmentations (ST and S') as well as segmentation volumes (V1
and Vsleg). The volume between S! and ST is the uncertainty boundary S,..
We guide the reconstruction process of the diffusion model using segmentation
guidance. To achieve this, we propose two loss-functions £ and £! that are
suitable for segmentation-based model guidance.

Let p§(xo,jx) be the predicted probability of pixel (j,k) in the image g
belonging to the segmentation class ¢ € C, and let ps be a segmentation network.
We abbreviate the term as pﬁ). The volume of ¢ can be calculated by summing

the number of pixels that belong to ¢ multiplied by voxel-volume V,,ze;:

Ve(zo) = > (Le(p)) - Viower, (7)

.k
where I is an indicator function
I = 1 ifpﬁ)>p§2)Vc'€C,c'7éc. (8)
0 otherwise

During optimization, we consider only one class at a time, such that we can
simplify the objective to a binary segmentation class. We build our guidance-loss
based on the widely-used Binary-Cross-Entropy loss:

Lpce(y,p,c) = — Z(yjk: 10g(p§~ck)) + (1 — yjx) log(1 — pﬁ)))- (9)
g,k
We can maximize the optimization objective £! to find the upper bound
segmentation, as well as £} to find the lower bound segmentation:
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L' = Lpcr(0,p,c) Z log(1 — '), (10)

LY = Lpep(1,p,c Zlog o) (11)

The binary cross-entropy loss is unbounded, meaning that pixel probabilities
are further optimized, even if the target class has already been reached. Following
Croce et al. [7] we can avoid this behavior by using a masked cross-entropy loss,
which excludes pixels already segmented as the target class from the optimization
process. The optimization objectives can therefore be written as follows:

ch=1.cty £l =01-1.)c. (12)

Fully Sampled SGR (ours) xg SGR (ours) xg SGR (ours) xg +S* SGR (ours) xJ +S '

Rep. Rec. x4 +S*

Rep. Rec. x4 +S 7

Fig. 3. Sampling vs. adversarial guidance. Examples of lower- (xé) and upper-
bound (z)) reconstructions (16x acc.) and segmentations (S*, ST) using our SGR
method and the standard RR method. (Sf is the segmentation of the fully-sampled
image. Green: S¥&S" or S7&S*, Blue: S¥ > St or 87 < 8T, Red: S¥ < St or S/ > ST)

The derived optimization objective can be used during the reverse diffusion
process. We therefore calculate the gradient of £] (or L. | respectively) with
respect to x; at every step t, to find the perturbation necessary to increase the
optimization loss. We add the gradient V., L] (or V,, Ll  respectively) during

the DDIM update in Eq. 6:

Ty = \/@t—1if36|t + \/1 — Q1 — U2B?(€ét) (x¢) + ’vatﬁlr{l) + 77515@ (13)
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where the parameter v makes sure that the I3 norm of V, tﬁl,{ ! stays small with
respect to €g. We set v to the following value:

e® /1 i T/1 (t)
L {b eg 12/ 1V e, £ lla 111V, L3212 > Blleg 14

1 otherwise,

where b is a small constant that we set to b = 0.005 in our experiments. An abla-
tion study on the effects of the parameter value can be found in the Appendix.
A summary of our method is shown in Fig. 2.

For the baseline RR, we sample 16 images per slice and select CI’)(T) and a:(l) for
every segmentation class as the reconstruction leading to the highest segmenta-

tion volume (V.1 /) and lowest segmentation volume (V,L,), respectively.

Unders. 16x

SGR (ours) 4x SGR (ours) 8x SGR (ours) 12x

SGR (ours) 16x

Rep. Rec. 4x Rep. Rec. 8x Rep. Rec. 12x Rep. Rec. 16x

Fig. 4. Analysis of different acceleration factors. For RR, we see that the uncer-
tainty does not increase, even though very high accelerations are tested. Our method,
in contrast, generates more reliable uncertainty boundaries.

3.3 Data and Models

We train and test our method on the publicly available SKM-TEA [8] dataset
and focus only on the El-echoes. As the spacing of the SKM-TEA data is very
fine-grained (0.3125 mm in the axial (=sampling) direction), neighboring images
tend to be similar. We therefore save computational resources during testing
by only considering every 8th slice in the relevant regions, corresponding to a
spacing of 2.5 mm between the slices. In total we analyze 869 slices for each
acceleration factor and each method.

All experiments are based on the same diffusion model. We train the diffusion
model on the fully-sampled images of the SKM-TEA data. We normalize the
data by dividing by the 0.99 quantile of every slice. The diffusion model is based
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on the one introduced in [9]. We train the model for 1 million steps using a
batch-size of 2 on a 3080TI GPU. For segmentation, we train a U-Net on the
fully-sampled MRI-data in axial direction. Due to the strong class-imbalance on
the axial imaging plane, where only a minority of slices show elements of tibial
cartilage or meniscus as these parts tend to be relatively flat, we perform a
foreground oversampling of 40%. To reduce overfitting, we apply mirroring and
Gaussian Noise augmentations during training.

0.99 \\_. %7 —— seR (ours)
\ 0.991 0.61 Rep. Rec.
0.981
o . 0.981 0.51
, m <8
S 0.97 v o4
2 = 0.97 3
9 0.96 ] S 0.3
& & .96
0.951 0.2

—eo— SGR (ours) | =—e— SGR (ours)

o

©

5]
o
=

0.944 Rep. Rec. Rep. Rec.
4)( 8‘x 1éx 1éx 4)( 8‘x 1éx 1éx 4x 8‘x 1éx 1éx
Acceleration Acceleration Acceleration

Fig.5. Results. Median score and percentile boundaries (25%, 75%) for different
acceleration factors. Note that the upper and lower bound segmentation of our method
are mostly correctly capturing the inherent uncertainty even for high acceleration fac-
tors: we have high precision (small amount of false-positives in S*) and recall (small
amount of false-negatives in S T). The ratio of uncertain volume Vi, = VSLg — Vsieg
over VSTeg also increases, better reflecting the true underlying uncertainty.

4 Experiments and Results

We perform experiments on 4 acceleration factors: 4x, 8x, 12x, and 16x, ana-
lyzing the behavior of the uncertainty boundaries of SGR and RR. We assess the
quality of the generated segmentations S' and ST by calculating the precision
for St, recall for ST and the uncertainty volume Vj,.. We focus on precision
on S, as we want to avoid overestimating the segmentation and creating false-
positives, and measure recall for ST, because we want to avoid segmentations
containing false-negatives. An example image where RR overestimates S' while
our method predicts accurate boundaries is shown in Fig.3. A similar obser-
vation can be found in Fig.5, where our method sustains high precision and
recall values, while these scores degrade with higher acceleration for the baseline
method RR. Reconstruction quality as measured by SSIM and PSNR remains
very high for SGR compared to RR, as shown in Table 1.

In Fig. 4, we see that the uncertainty boundary increases with higher acceler-
ation for our method, while it stays approximately constant for the baseline
method RR. This result is also shown in Fig.5, where the ratio V,./ VST

eg
increases faster for SGR compared to RR. Given the relatively low precision
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and recall scores for RR and the higher scores for our method, one can con-
clude that RR underestimates the uncertainty boundaries, while this problem is
largely reduced for the uncertainty boundaries estimated by SGR.

5 Conclusion and Discussion

We have introduced a novel method for segmentation-guided MRI reconstruc-
tion and have shown that it can generate meaningfully diverse reconstructions
that lead to upper and lower bound segmentations. These segmentation can
offer an intuitive way of understanding the segmentation uncertainty that is
caused by the ill-posed nature of the reconstruction problem. As our method also
offers more reliable uncertainty boundaries compared to the standard method
of repeated reconstruction, we believe that it can be helpful in clinical practice,
whenever a trustworthy uncertainty estimation is required.

Table 1. Quantitative results for experiments for different accelerations. All reported
segmentation metrics are calculated on the 3D-volumes of all 4 segmentation classes.
Median values are reported. SSIM and PSNR values are calculated as the average over
all reconstructed volumes. Note that it is not clear if larger or smaller ratios of Vine/V'
are preferable, due to the inherent uncertainty of the reconstruction problem.

Acc.|Method Segmentation Reconstruction
Prec. S'Recall S'|V,,./VT|SSIM PSNR
4x |SGR (ours)|0.992 |0.995 0.126 0.914 34.6
RR 0.982  10.989 0.045 0.91534.6
8x [SGR (ours)0.989 0.992 |0.322 0.85730.8
RR 0.971 0.976 0.075 0.857/30.9
12x |SGR (ours)0.984 0.991 |0.473 |0.818 29.1
RR 0.961 |0.966 0.096 0.820/29.1
16x |[SGR (ours)0.980 0.990 0.586 |0.788 27.9
RR 0.951 |0.957 0.113 |0.789/28.0

In future work, we want to analyze if robust segmentation networks intro-
duced in [7] can help to reduce V. while maintaining high precision and recall
scores. In this work, however, we have focused on more commonly used neural
networks, to show the easy applicability of our method for existing pipelines.
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Abstract. In recent years, accelerated MRI reconstruction based on
deep learning has led to significant improvements in image quality with
impressive results for high acceleration factors. However, from a clini-
cal perspective image quality is only secondary; much more important is
that all clinically relevant information is preserved in the reconstruction
from heavily undersampled data. In this paper, we show that existing
techniques, even when considering resampling for diffusion-based recon-
struction, can fail to reconstruct small and rare pathologies, thus leading
to potentially wrong diagnosis decisions (false negatives). To uncover the
potentially missing clinical information we propose “Semantically Diverse
Reconstructions” (SDR), a method which, given an original reconstruc-
tion, generates novel reconstructions with enhanced semantic variability
while all of them are fully consistent with the measured data. To evaluate
SDR automatically we train an object detector on the fastMRI+ dataset.
We show that SDR significantly reduces the chance of false-negative diag-
noses (higher recall) and improves mean average precision compared to
the original reconstructions. The code is available on https://github.
com/NikolasMorshuis/SDR

Keywords: MRI Reconstruction * Detection + Uncertainty

1 Introduction

Accelerated MRI reconstruction from undersampled k-space data is an inverse
problem with infinitely many solutions. However, it is common to reconstruct
only a single solution, thereby ignoring potentially different yet still plausi-
ble reconstructions. Deep-learning-based approaches, including novel techniques
based on diffusion models, have led to impressive reconstruction results in terms
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Unders. k-space Zero-filled Recon. Vanilla Repeated Reconstructions

Ha .

Initial Recon.

(.

Full k-space Ground Truth

Semantically Diverse Reconstructions

L

Fig. 1. Method overview. At high acceleration factors (12x shown here), naive MRI
reconstruction suffers from artifacts (left). Recent reconstruction methods like DDIP
[4] can recover image details and generate multiple reconstructions, but these often
lack diversity, potentially leading to missed pathologies (top right). Our proposed SDR
approach produces semantically diverse reconstructions, helping detect pathologies that
might otherwise be missed (bottom right).

of image quality even for high acceleration factors. On the other hand, in clinical
practice, some pathological tissue changes can be small and may occur rarely,
making them potentially underrepresented in the training data. As a result,
overconfident reconstruction models may favor more likely solutions of healthy
tissue if consistent with the measurement data, potentially leading to missed
pathologies. Missing clinically relevant pathologies in the reconstruction can be
a major obstacle to the application of accelerated MRI in clinical practice.

While some recent reconstruction methods such as diffusion-models [3,4,11]
are capable of generating multiple different solutions by repeated sampling, it has
been shown that these models tend to sample the most likely solutions frequently
but only rarely sample less likely solutions that might still be diagnostically
relevant [5] (see Fig.1 top right). Moreover, sampling multiple reconstructions
can be time-consuming as it requires repeating the denoising process.

To address this problem, we propose a technique to generate semantically
diverse reconstructions (SDR) that are fully consistent with the measured k-
space data. Our SDR approach can be applied post-hoc to initial reconstruc-
tions obtained using any reconstruction method, producing a set of alternative
solutions that preserve data consistency while potentially revealing pathologies
not present in the original reconstruction. This offers the unique possibility to
study a diverse set of data-consistent solutions and their inherent uncertainty.
Understanding the inherent uncertainty can improve the safety of the recon-
struction process because the risk of a missed pathology and therefore a false
negative diagnosis is reduced. If high uncertainty prevents a confident diagno-
sis from being made, additional measurements can be acquired. Our method
generates these alternative solutions in ~ 3 seconds per image, which is faster
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than the sampling time of diffusion models that can require several minutes per
image [11]. This fast inference time could potentially enable an application of
our method during the scanning process in the future.

Our technique relies on identifying candidate regions in reconstructed images
and modifying them to alter their semantic content while ensuring consistency
with the measured k-space data. To generate semantically diverse reconstruc-
tions, we develop an adversarially robust version of the detection algorithm
ViTDet [14], leveraging techniques from [20] for the ViT-Backbone. We then
use the features of candidate regions to maximize the semantic distance from
the existing reconstructions (see Fig. 1 bottom right). This is motivated by the
observation that the Euclidean distance in the feature space of adversarially
robust vision encoders is a good semantic metric and that maximizing distance
in this feature space leads to semantically meaningful changes [6]. We explore
two versions of our method: i) an automatic selection of regions to be optimized
using the proposal network of the object detector, ii) manual annotation of a
candidate image region by the human user, e.g. a doctor.

In experiments on the fastMRI+ dataset [27], we demonstrate that our
method is able to produce a semantically diverse set of possible MRI reconstruc-
tions that capture more possible pathologies compared to alternative sampling
techniques based on diffusion models [4] and the E2E-Varnet [22]. We quanti-
tatively verify this by showing that pathology recall — obtained with a separate
Faster-RCNN detector [18] — outperforms the baseline techniques, while mean
average precision is not negatively affected.

2 Related Work

The generation of multiple solutions in deep-learning-based MRI reconstructions
is a relatively recent area of research. Morshuis et al. [17] proposed a method to
produce diverse MRI-reconstructions corresponding to minimum and maximum
segmentations in a downstream task. This approach estimates the segmentation
uncertainty due to the ill-posed nature of the reconstruction problem. Kiistner
et al. [13] trained models with different initial seeds to generate multiple recon-
structions, which were then used to estimate reconstruction uncertainty. They
observed that uncertainty was highest in image regions containing pathologies.
Recent studies have demonstrated the strong performance of diffusion models
in MR reconstruction [3,4,11,25]. Apart from producing high-quality recon-
structions, these techniques can also be used to generate multiple solutions by
repeated sampling from the posterior distribution of images that are consistent
with the measurement data.

Only few works have focused on pathology detection in MRI [10,26]. Other
work has used the pathology annotations provided by some datasets [7,27] to
compare reconstruction metrics in these relevant areas [7,13| or to show that
measurement noise can lead to changes in reconstructions in these areas [16]. To
our knowledge, ours is the first work to consider pathology detection in acceler-
ated MRI reconstruction utilizing multiple reconstructions.
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3 Method
3.1 Background and Notation

The goal of MRI reconstruction is to find a reconstructed image & that is con-
sistent with the measured k-space data y subject to the following equation:

y=A% with yeC™, AcC™" zecC", (1)

where A = MFS with the coil sensitivity maps S, the Fourier transform F
and the undersampling mask M. MRI acquisitions are often accelerated by only
measuring a fraction of the k-space data y.

The fully sampled image, which would have been obtained by measuring
the entire k-space, contains a (possibly empty) set of pathologies denoted as
S = {s1, 82, ...}. However, due to image degradation caused by acceleration, a
different set of pathologies, S’ = {s], s}, ...}, is visible in the reconstructed image
&. Ideally, S and S’ should be identical to ensure accurate diagnosis. However,
there are infinitely many reconstructions that satisfy Eq.1 with no guarantee
that they correctly reconstruct pathologies. As a result, &’ may fail to include
all pathologies present in the patient, particularly for high acceleration factors.

In this work, we aim to generate a set of reconstructions, X =
{#M ... &Wrea)l such that when considered jointly, the reconstructed images
capture a set of pathologies S’ that includes as many of the ground truth patholo-
gies S as possible (few false negatives) while not hallucinating pathologies (few
false positives).

3.2 Generating Diverse Solutions Maximizing Semantic Distance

Our key contribution is a method which, given an initial reconstruction &%), can
efficiently generate a set of reconstructions X that are semantically diverse in
the regions where pathologies are likely to occur. To achieve this, we iteratively
generate additional reconstructions &, i = 2, ..., N,.., by maximizing semantic
distance d to all previous reconstructions &) in an iterative procedure

20« De ( Paac (890 + 1950 Y L d@?, .r;:(ﬁ))> , 2)

where 7 s the step size, Vz ) is the gradient operator, Pg(za) ;) is the projection
onto the fy-ball of radius r around &), and DC is the projection operator
mapping the reconstruction &(* on the data-consistent space. We ensure data-
consistency by replacing the k-space data with the original measured data at the
locations where a measurement was acquired. To prevent potential artifacts from
occurring, we run M-Step Conjugate Gradient before, minimizing the distance of
the predicted k-space to the measurement. Furthermore, the projection Pgz) )
ensures that ||£(") — &) ||, < 7, where r is the allowed perturbation radius set to
r = 3 in our experiments. The value has been chosen, as it allows for meaningful
perturbations while keeping the number of new false positives low.
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InPUt Yy, i?(l), f¢” RPN, Nopt, Nrec, r
Output' X e {5&(1)’ “.,C’é(Nrec)}

B = {b1,bs,...} + RPN (&) or manually ; // Generate Proposal Boxes
for i < 1 to N,e. do
e ~ N(0,0?) with eV =0 ; // Keep init. recon.
20 PB(@O),T) (53(1) + E,:(z‘)) where B(& (1) r)={z||x — C;,/.(l)“2 <r},
& «— DpCe(&W) ; // Data consistency
a9 — fyo (2D B) ; // Get box-features
end

for £ < 0 to Nop: do

for i < 2 to Ny do
d® = Zj# ||a(i) — a(j)||2 ; // Calculate feature distances
2 PB(i(l),r) (iﬁ(i) + anamd(i))
&V «— DC(z™) ; // Data consistency
aV «— f,(29 B) ; // Get box-features
end

end
Algorithm 1: Generating semantically diverse reconstructions by optimizing
the distance between box features a(?) obtained by the robust ViTDet.

To measure semantic distance between images, we utilize the features of a
ViTDet detection network fy [14], which we have finetuned on the fastMRI+
data. Relevant proposal bounding boxes B = {b1, bs, ...} can be selected using
methods described in Sect. 3.4. Given the box-features a(¥) = f4 (2, b) we define

a@", & >—ZHf¢> @.0) — f5@9).0)|| . (3)

The proposed algorithm is summarized in Alg. 1.

3.3 Adversarially Robust Backbone

Our application relies on gaining semantically meaningful gradients from the
box-feature encoder f, in Eq. (3). While gradients of deep learning models are
generally not interpretable [15], it is well-known that adversarially robust mod-
els possess semantically more meaningful gradients [1,6,9,19,24]. To obtain an
adversarially robust detection model, we leverage the recently proposed adver-
sarial fine-tuning method of [20]. We apply this method to the ViT-backbone g4
of the ViTDet. The ViT-backbone also serves as the backbone of the box-feature
encoder fs = hg o gs. The method ensures that the backbone features, and thus
also the box features, remain stable under small adversarial perturbations. The
training objective is

win 32 s oo (@ +9) = gy (@)l (4)
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Non-Maximum
Suppression

Fig. 2. Automatic Proposal Generation. Given an initial reconstruction, we filter
the proposal boxes given by the Region Proposal Network (RPN) of the ViTDet to
only keep the 75% of boxes with the highest score. We then apply Non-Maximum
Suppression (NMS) on the remaining proposals. The remaining proposal boxes are
then used for optimization with SDR-A.

where g4 . is the frozen original backbone, r is the adversarial perturbation
budget, and x; are unlabeled training images. In contrast to [20], we use the /5-
norm instead of the /,,-norm to bound the perturbation budget, as this generally
yields better generative capabilities [1]. We set r to 10 and train for 20,000 steps
on ImageNet data at resolution 640 using a batch size of 16. While it would be
natural to train on fastMRI images, we have observed a stronger performance
when training on a much larger set of diverse natural images.

3.4 Box-Proposal Selection

We introduce two approaches for identifying the box regions to optimize, which
are motivated by two different use-cases.

With Manual (SDR-M) Proposal Box Generation we address the sce-
nario where a user suspects a pathology in a specific area and manually draws
a bounding box. We simulate user annotations by perturbing the ground-truth
boxes in size (75%-125%) and position (up to 25% of width or height).

With Automatic (SDR-A) Proposal Box Generation we address the
case when no patient-specific information on the location of pathologies is avail-
able. In this scenario, we use the Region Proposal Network (RPN) of the ViTDet.
We filter out the 25% of boxes that have the lowest probability, as these are often
in the background of the MRI image. We then utilize Non-Maximum-Suppression
(NMS) to remove boxes with significant overlap (IoU > 0.05), see Fig. 2.

After applying either method, we get a set of proposal boxes B = {b1, bs, ...}
in which we optimize the reconstructions to be semantically different.

4 Data, Evaluation and Results

Assessing clinical relevance of reconstructions would ideally require input from
clinicians. As it is difficult to do such an evaluation at scale, instead, we evaluate
by training an object detector and use it as a proxy for human annotators.
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Init. Reconstruction Semantically Diverse Reconstructio Combined Detections

Fig. 3. Combining predictions of multiple reconstructions. We combine overlapping
detection boxes and average their probability score across reconstructed images to
compute the mAP of our detections.
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Fig. 4. Evaluation of reconstruction methods. Both SDR-A and SDR-M outper-
form single and multiple reconstructions using the original reconstruction techniques
(DDIP, CSGM, E2E-VN) in terms of recall (better detection of pathologies) while
achieving similar or better mAPg 25. Thus SDR generates clinically relevant recon-
structions outperforming resampling.

Data and Training: Open datasets of MRI reconstruction data are rare 7,12,
21,23] and only a few provide annotated pathologies |7,27]. For our experiments
we use the fastMRI+ [27] knee data, as it provides enough annotated slices to
train large detection networks. We split the fastMRI+ validation set subject-wise
into test and validation set. For evaluation, we considered the 10 most frequent
pathology classes in fastMRI+, as the remaining classes have not enough test
samples.

Object Detector for Evaluation: To ensure an objective evaluation indepen-
dent of the ViTDet used for generating the reconstructions of SDR, we trained
a separate Faster-RCNN detection network [18] which we use for evaluation.

Combining Detections of Multiple Images: Given a set of potential pathol-
ogy detections S’ = {s], s}, ...} that was extracted from a set of reconstructions
X, we need to remove near duplicates and estimate the probability of each
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bounding box for the calculation of mean average precision (mAP). To
remove near duplicates, we used NMS to eliminate overlapping bounding boxes
(Intersection-over-Union (IoU) > 0.25) of the same class. To estimate the prob-
ability scores of the remaining boxes, we averaged the probability for a given
bounding box s} across all reconstructed images and set the probability score
to 0 for reconstructions that did not contain the bounding box. An example is
shown in Fig. 3.

Reconstruction Techniques: We analyzed the benefits of SDR with three
base reconstruction methods: the diffusion-based DDIP [4], and CSGM [11]
approaches, as well as the E2E-VarNet [22]. We produce 3 total reconstruc-
tions for each image using the baselines as well as SDR, i.e. SDR (Nyee = 3).
While the diffusion models can generate multiple reconstructions by design, we
trained three separate E2E-VarNets with three different random seeds for each
acceleration to reconstruct three different images during inference.

Performance Measures: We measured the methods’ ability to produce sets of
reconstructions that contain the ground truth pathologies using the recall, where
a recall of 1 indicates no missed pathologies. As more reconstructions might lead
to more false positives, we also measured mean Average Precision (mAPg o5)
[8]. For both metrics, we consider an IoU of 0.25 as correct detection. Small
IoU thresholds are commonly used in medical detection tasks [2] to account for
uncertain border definitions and the typically small size of pathologies.
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Fig. 5. The highlighted box in the ground truth shows a cartilage thickness loss (left)
and a high grade ligament sprain (right). The initial reconstructions are often too
smooth, preventing the detection of the pathologies. The semantic changes of SDR-
M (left) and SDR-A (right) reveal the pathological changes. Yellow arrows indicate
pathologies. (Color figure online)
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5 Results

The quantitative results in Fig.4 show that SDR-A and SDR-M have higher
recall than the original single and multiple reconstructions. Thus SDR allows
to uncover pathologies which can be missed with the original reconstruction
method. A qualitative example of this is shown in Fig.5. This is true for the
diffusion-based reconstruction methods CSGM and DDIP as well as the often
applied technique E2E-VarNet. At the same time SDR even improves mAP( o5
and thus SDR is not simply achieving higher recall by introducing more false
positive detections. We observed that it is necessary to use a ViTDet with robust
backbone for the generation in SDR, as the original ViTDet did not improve in
recall or mAP compared to repeated sampling.

6 Discussion and Conclusion

We have shown that existing accelerated MRI reconstruction methods can miss
pathologies and have suggested SDR to explore semantically different but fully
data consistent reconstructions. The evaluation of SDR reconstructions with an
object detector shows fewer missed pathologies (higher recall) while improving
mAP. We believe that SDR can lead to a safer and more reliable development
of image reconstructions for accelerated MRI.

The generated semantically diverse reconstructions can also be utilized by
a clinician to better understand the reconstruction uncertainty, as the diverse
reconstructions visualize disparities between the solutions. This would allow the
clinician to acquire further measurements if necessary.

A key next step is to integrate our approach into clinical workflows and to
observe how radiologists interact with semantically diverse reconstructions in
practice. Furthermore, deploying our method during the scanning process could
allow the system to automatically determine whether additional data acquisition
is needed to further reduce semantic uncertainty.
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