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Abstract

This report investigates deep learning-based anomaly detection as a patient-specific quality as-
surance step for MR-only radiotherapy, focusing on detecting metal-induced artifacts in pelvic
MR images before synthetic CT generation. The study evaluates multiple unsupervised and one-
class approaches, including reconstruction-based, knowledge distillation-based, flow-based, and
memory-bank methods, on a curated subset of the SynthRAD2023 pelvis dataset. The models are
compared across pixel-, slice-, and patient-level metrics, and the impact of input representations
(replicated MR channels, 2.5D adjacent slices, and bone colormaps) as well as ImageNet ver-
sus RadImageNet pretraining for FastFlow is analyzed. Among all evaluated configurations, the
memory-bank method PatchCore achieves the most favorable trade-off between localization and
patient-level detection, reaching a post-processed best patient-level Dice of 0.90 on the single-
center setting, and remaining comparatively robust under multi-center domain shifts. These
findings suggest that anomaly detection on MR alone can support automatic pre-screening for
MR-only workflows and that PatchCore-style memory methods are a promising component for
future clinically oriented MR-only QA pipelines, although further prospective and multi-center
validation remains necessary.
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Chapter 1

Introduction

One of the recent advances in the field of radiation oncology is Magnetic Resonance (MR)-only
Radiotherapy (RT), a workflow evolving from the current practice of MR-guided Radiation Ther-
apy (MRgRT) ( , ; , ). In a conventional MRgRT workflow, planning
involves multiple imaging modalities. MR imaging is leveraged for its superior soft-tissue con-
trast, which is highly advantageous for accurately delineating the tumor target and surrounding
organs-at-risk (OARs) ( , ; , ). On the other hand, a Computed To-
mography (CT) scan is acquired because it provides the electron density (ED) information, in
Hounsfield Units (HU), that is essential for accurate radiation dose calculation (

)- This conventional approach, however, requires a complex registration step to fuse the MR
(used for delineation) with the CT (used for planning), a process that can introduce geometric

uncertainties ( , ). Furthermore, the CT scan exposes the patient to additional
ionizing radiation ( , ).

The MR-only workflow aims to overcome these challenges by eliminating the need for a sep-
arate CT scan ( , ; , ; , ). The benefits of this

approach are significant: it reduces the patient’s total radiation exposure, simplifies the clinical
workflow, potentially reduces healthcare costs, and eliminates the geometric uncertainties associ-

ated with CT-MR registration ( , ). This workflow is enabled by
generating a synthetic CT (sCT) directly from the MR data, typically using deep learning methods
such as neural networks ( , ; , ; ,

). Modern architectures, such as Generative Adversarial Networks (GANs) and Vision Trans-
formers (ViTs), approach this as an image-to-image translation task, learning to map MR signal
intensities to the required electron density values ( ; , ). These
data-driven approaches generally outperform classical atlas—based methods, producing sCTs with
high structural fidelity and dosimetric accuracy ( , ).

The quality and reliability of the sCT generatlon process are critical for the clinical feasibility of
MR-only RT ( , , ). While much research
in the field of patient-specific quahty assurance (PSQA) focuses on retrospectively evaluating the
accuracy of a generated sCT, such as comparing its radiation dose distribution against a real CT
scan, this approach has limitations ( , ; , ; , ).
Such studies are often performed retrospectively, are specific to a single treatment center, can
involve time-consuming manual manipulations, and, most importantly, check for errors after the

sCT has already been created ( , , ; , ).
A ma]or challenge remains: performing automated QA before the sCT generation (
, ). This is particularly crucial when the input MR images con-

tain anomahes In this work, the most critical anomalies are metal implants, which induce se-
vere susceptibility artifacts in MR images. In this work, the most critical anomalies are metal
implants, which induce severe susceptibility artifacts in MR. These artifacts manifest as signal
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voids, pile-ups, and geometric distortions that typically extend well beyond the physical extent
of the implant, resulting in artifact regions larger than the underlying metal objects (

, ; , ). Most sCT generation studies are conducted in small, curated patient
cohorts that explicitly exclude cases with metal 1mplants significant imaging artifacts, or other
unusual anatomical patterns ( , , ). Conse-
quently, when a neural network encounters such out of-distribution (OOD) inputs, which it has
not seen during training, the quality of the generated sCT can be severely compromised (

, ; , ). This can lead to inaccurate dose calculations and potentially unsafe
treatment plans ( , ; , ; , ). Therefore, a vital step to-
ward making MR-only RT clinically viable is developing an automatic quality assurance pipeline
that can identify and exclude out-of-distribution MR images before the sCT generation stage (

, ; , ), thereby improving cost-effectiveness and workflow effi-
ciency for MR-only RT.

The primary aim of this research is to investigate the feasibility of using automated anomaly
detection (AD) methods to support PSQA for MR-only radiotherapy. This involves detecting
anomalies in MR images prior to the sCT generation stage. In the best-case scenario, such a system
could highlight anomalies while the patient is still undergoing the MR simulation (

, ). Patients identified with unsuitable MR images could then be directed to undergo
conventional CT scanning to ensure safe and effective treatment planning ( , ).
Conversely, patients whose images are confirmed to be free of OOD features could be confidently
directed to the MR-only workflow ( , ). While anomaly and OOD detection models
have been successfully applied in other fields, their apphcatlon as a pre- screerung tool in the MR-
only sCT pipeline is not well-established ( , )-
Therefore, the goal of this study is to explore and evaluate different AD methodologles for this
specific task, laying the groundwork for a more robust and automated QA pipeline.

This master’s project report is organized as follows: Chapter 2 provides the necessary Clin-
ical Background on MR and CT imaging, as well as the MR-guided and MR-only radiotherapy
workflows. Chapter 3 reviews Related Work in PSQA and OOD detection for medical imaging.
Chapter 4 details the Technical Background of the anomaly detection approaches explored in this
work. Chapter 5 describes the Materials and Methods, including the datasets, annotation strat-
egy, and the post-processing pipeline. Chapter 6 outlines the Experiments conducted to evaluate
the different AD models. The Results are presented in Chapter 7 and subsequently analyzed in
the Discussion in Chapter 8 with suggestions for future work. Finally, Chapter 9 offers a Conclu-
sion of the research findings.



Chapter 2

Clinical Background

2.1 Magnetic Resonance (MR) Imaging

MR imaging is a noninvasive imaging modality that generates high-resolution, volumetric images
of the body by utilizing the magnetic properties of hydrogen protons ( , )- In
the context of radiation oncology, its primary advantage is the superior soft-tissue contrast it pro-
vides ( , )- This property is highly beneficial for accurately delineating the
tumor target and surrounding organs-at-risk (OARs), which is a key step in treatment planning
( , 2019).

While MR images offer high-quality anatomical detail, they do not directly provide the elec-
tron density (ED) information used for radiation dose calculation ( , ). Further-
more, unlike CT, MR signal intensities are not absolute measurements but are influenced by
scanner-specific characteristics and acquisition parameters. Consequently, preprocessing strate-
gies such as intensity normalization are required to standardize the data for automated process-
ing.

For the purposes of this master’s project, the relevant aspect of MR is how different materials
and tissues are represented. While soft tissues are well-differentiated, other structures, such as
bone or air, typically appear as dark regions with low signal. In some cases, contrast agents such
as gadolinium are administered to enhance the visibility of specific tissues, appearing as a distinct
brightening of vascular structures. Metallic implants, a key out-of-distribution (OOD) class for
this study, also produce distinct visual patterns of characteristic artifacts, such as dark signal voids
(regions of no signal) and local geometric distortions ( , ). These MR-visible
artifacts and enhancement patterns are the signals that the anomaly detection models in this work
are trained to identify, as they represent patterns outside of the in-distribution anatomical data
used for sCT generation.

2.2 Computed Tomography (CT) Imaging

Computed Tomography (CT) is a radiological modality in modern clinical practice, providing
high-resolution, cross-sectional views of internal anatomy ( , ; , ). In con-
trast to conventional X-ray radiography, which generates two-dimensional superimposed images,
CT enables three-dimensional visualization of tissues, facilitating comprehensive assessment of
pathology and guiding therapeutic decision-making ( , ). CT image formation relies on
measuring the attenuation of X-ray beams as they traverse tissues with differing physical densi-
ties. The attenuation coefficient, which quantifies the reduction in X-ray intensity, is influenced
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Figure 2.1: SCHEMATIC ILLUSTRATION OF A CT IMAGING PROCESS. The gantry rotates around the
patient lying on a motorized table, acquiring projection data used to generate cross-sectional images of
internal anatomy ( , ).

primarily by the photoelectric effect and Compton scattering—both dependent on electron den-
sity ( , ; , ). CT scanners acquire transmission data from multiple angles
by rotating the gantry, which contains both the X-ray tube and detectors, around a patient po-
sitioned on a motorized table. The process is depicted schematically in Figure 2.1, showing the
principles of data acquisition and tomographic slice reconstruction. The acquired signals are then
reconstructed into high-resolution images using specialized algorithms ( , ;

). All CT images are standardized in Hounsfield Units (HU), a scale reflecting the degree of
X-ray attenuation for each tissue type. Water is defined as 0 HU, air as -1000 HU, and bone can
range from +1000 to +2000 HU. This standardized quantification allows reliable differentiation

and comparison of anatomical structures in clinical workflows ( , ). CT’s speed and
accessibility, coupled with its robust anatomical coverage, make it indispensable in diagnostic
and therapeutic planning ( , )-

In the context of radiotherapy, CT imaging offers the advantage of providing direct electron
density information mapped from HU values. These quantitative measurements are critical for
precise calculation and delivery of radiotherapy dose to the tumor, minimizing exposure to sur-
rounding healthy tissues ( p

2.3 MR-Guided vs. MR-Only Radiotherapy
Comparison of MR-Guided and MR-Only Workflows

MR-Guided Radiotherapy (MRgRT) integrates MR imaging with conventional CT-based treat-
ment planning. Modern MR-Linac systems combine the two modalities, enabling adaptive treat-
ment adjustments based on anatomical changes observed during therapy. In MRgRT, the plan-
ning CT and MR must be co-registered so that MR-based contours align with the CT dose grid

( , )- This registration typically matches anatomical landmarks or implanted
markers. However, even with advanced algorithms, CT-MR registration can introduce spatial
uncertainty ( , ).

MR-Only Radiotherapy, in contrast, relies exclusively on MR imaging for both treatment
planning and guidance. An sCT is generated from MR data to estimate the electron density for
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dose calculation ( , ), which can be challenging for low-signal regions such
as bone or air ( , ). Accurate bone-air differentiation is essential to maintain
dosimetric precision. Therefore, assessing the integrity of input MR images before sCT generation
becomes an important quality assurance (QA) step.

Challenges of Transitioning to an MR-only Workflow

MR-only radiotherapy eliminates CT-MR registration uncertainties, reduces ionizing radiation ex-
posure, and streamlines clinical workflows. However, as described in the Chapter 1, transitioning
to an MR-only workflow introduces technical considerations related to MR-specific distortions
and artifacts that must be managed.

MR imaging is inherently sensitive to magnetic field inhomogeneities ( , ), gra-
dient nonlinearities ( , ), and susceptibility effects ( , ), especially at
air-tissue interfaces or near metallic implants. These effects can introduce minor geometric dis-
tortions or local signal voids. Metal implants cause particularly severe artifacts in MR, appearing
as signal voids or pile-ups that are often indistinguishable from air bubbles or bones, resulting in
an artifact region that is typically larger than the actual metal object. Although clinical calibration
minimizes such errors, residual distortions can influence anatomical accuracy in specific cases.

Most current QA procedures still depend on reference CT or sCT verification to confirm dosi-
metric accuracy ( , ). Routine QA includes geometric distortion checks using
phantoms and voxel-wise dose comparisons between sCT and CT-based plans ( ,

). Recently, unsuperv1sed deep learning methods have been proposed to automate early
MR image screening ( , ). These algorithms flag OOD MR scans
that contain atypical artifacts or anatomy before sCT generation. Because they do not require
labeled examples of every anomaly, such methods can efficiently identify unusual scans (e.g.,
unexpected implants or severe artifact) as an initial QA filter. Integrating such automated OOD
checks can enhance workflow reliability while maintaining clinical efficiency.






Chapter 3

Related Work

The clinical implementation of an MR-only RT workflow relies on generating an sCT from MR
data to derive the electron density information required for dose calculation ( , ;

, ). To facilitate this process, modern DL architectures, from Generative Adver—
sarial Networks (GANSs) to Vision Transformers (ViTs), have demonstrated capabilities in generat-
ing sCTs. Several studies indicate that these methods can achieve high dosimetric accuracy, which
assesses the agreement of dose distributions re-calculated on the sCT against reference CT plans,
often with dose deviations below the 2% chmcal threshold ( )
and frequently under 1% ( , ). To benchmark
these capabilities, the SynthRAD2023 challenge evaluated sCT generation methods on a large
multi-center dataset, reporting that top-performing algorithms achieved high structural similar-

ity and gamma pass rates for photon and proton plans ( , ).
sCT generation approaches have also been tailored for MR-Linac adaptive treatment delivery
workflows ( , ). In this context, ( ) successfully used a Cy-

cleGAN to handle the abdominal region on a low-field MR-Linac, correctly mapping mobile air
pockets from unpaired MR images and achieving mean dose-volume histogram (DVH) devia-
tions below 1%. Similarly, ( ) applied a Residual Vision Trans-
former (ResViT) model for low-field sCT generation in the head-and-neck (HN) region, also re-
porting DVH deviations below 1%.

Despite these advancements, majority of sCT research and clinical studies exclude patients
with imaging artifacts, unseen anatomy or implants, which could affect neural network perfor-
mance and the quality of the sCT, making them unsuitable for treatment planning ( ,

). Consequently, the application of neural networks to out-of-distribution inputs may yield
sCTs with diminished dosimetric or geometric accuracy relative to in-distribution performance.

The clinical adoption of MR-only radiotherapy depends on the accuracy of the sCT images
used for dose calculation ( , ; , ). Discrepancies in the sCT, such as tissue
misclassification or hallucinations, require careful management to maintain dosimetric accuracy
( , ; , ). Current PSQA approaches are often retrospective and
either require real CTs to measure image similarity and dosimetric differences or estimate un-
certainty after the sCT generation step ( , ; , ;

, )- While these methods are effective, they can mvolve manual effort and limit real-time
application in scenarios where the ground-truth (GT) planning CT is unavailable.

A primary line of PSQA research focuses on verifying the dosimetric accuracy of a generated
sCT using independent models. This approach validates the final sCT-based dose plan by recal-
culating it on an alternative, trusted electron density (ED) map. ( ) established a
practical, tiered clinical workflow for this purpose. Their PSQA protocol begins with a swift and
simple check (Method A), recalculating the dose on a uniform water-override body mask, which
assigns a constant water density to the entire anatomical volume to verify consistency indepen-
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dent of tissue heterogeneities. If this fails a 5% deviation criterion, a more complex (Method B)
check using bulk-density overrides for different tissue classes (e.g., bone, fat, air) is performed. If
both (A) and (B) fail, the workflow mandates a fall-back to a conventional CT scan (Method C)
( , ). ( ) also investigated this comparative
strategy, assessmg water, bulk densmes and a deformed planning CT (dCT). As illustrated in Fig-
ure 3.1, the inclusion of the dCT in the comparison allows for the identification of OOD features,
such as artificial implants, which may remain invisible on the MR simulation and the derived
sCT. Notably, they introduced the concept of using an sCT generated by a separate, independent
neural network as a PSQA tool. Their findings suggest that comparing the dose calculations from
two independent sCT generators is a viable and robust strategy that can meet the 2% clinical
tolerance, eliminating the need for manual bulk density contouring ( , )-

L 18

Figure 3.1: EXEMPLARY CASE OF SCT GENERATION IN THE PRESENCE OF AN ARTIFICIAL IM-
PLANT. The implant is not visible on the MR simulation (left) and not reproduced in the sCT (right),
representing an out-of-distribution case. The dCT (centre) identifies the voxels with higher density. The
PTV (red) and GTV (blue) contours are reported alongside the relative dose difference between the reference
sCT and the dCT for the axial slice ( ,

Another interesting approach for PSQA methods focuses on identifying specific, localized er-
rors within the sCT. ( ) developed an "automated hallucination screener" specif-
ically to detect false bone structures in pelvic sCTs. Their method trains a deep learning auto-
segmentation (DLAS) model to identify bone directly from the input MR image. This MR-based
bone segmentation is then compared to the bone regions present on the generated sCT, which
are identified via HU thresholding, leveraging the high attenuation values characteristic of bone
structures to distinguish them from surrounding soft tissue. Any spatial discrepancy between the
two-i.e., bone on the sCT that has no corresponding structure on the MR-is flagged as a halluci-



nation ( , ). Similarly, ( ) proposed a voxel-wise local quality
assessment by creating a reference atlas from a cohort of patient CTs. This atlas provides a mean
CT image and a standard deviation map for the population. A new sCT is then assessed by regis-
tering it to the atlas and computing a z-score for each voxel, highlighting local outliers that deviate
from the learned anatomical norm ( ). ( ) extended this con-
cept by training a DL model to predict the Mean Absolute Error (MAE) of an sCT slice. In this
framework, the generated sCT slice is fed into a cascade of neural networks (a classifier for a raw
MAE interval, followed by a class-specific regressor) that outputs a final, predicted MAE value

( , )- One limitation of these approaches might be that the golden truth for the
evaluation of synthetic CT quality remains dosimetry metrics. As found by the SynthRAD2023
challenge ( , ) and ( ), there is no strong correlation in the area of

high dosimetric differences between DVH metrics and image similarity metrics. Moreover, those
approaches rely on assessments of the output sCT, rather than the input MR directly.

Another strategy for PSQA is to integrate quality assurance directly into the sCT generation
process through uncertainty quantification (UQ). Rather than a separate verification step, the gen-
eration model itself estimates its own confidence. Several studies have implemented this using
Bayesian Neural Networks (BNNs). ( ) developed an uncertainty-aware framework
where a BNN predicts both the sCT and a corresponding voxel-wise uncertainty map, which was
found to positively correlate with the absolute prediction error. This uncertainty information was
then directly incorporated into the robust optimization of proton therapy plans ( , ).
Likewise, ( ) used a Bayesian deep network to simultaneously generate the sCT
and its uncertainty. They established a linear correlation between the Bayesian model uncertainty
and the actual sCT error (MAE) ( , ). However, as noted regarding image similarity
metrics, the correlation with dosimetric accuracy remains the primary verification standard.

An alternative to Bayesian UQ is the use of deep ensembles, as demonstrated by

( ). They trained an ensemble of three separate sCT generators: on axial, coronal, and
sagittal 2D slices, respectively. The final sCT is the voxel-wise median of the three outputs, and
the uncertainty map is derived from their disagreement (e.g., the maximum voxel-wise differ-
ence) ( , ). While voxel-wise median aggregation improves robustness against
outliers, it may inadvertently introduce a degree of image blurring, potentially smoothing over
fine anatomical details present in the individual predictions. This ensemble disagreement was
reported to correlate with image similarity metrics ( , ). Furthermore, this
method demonstrated effectiveness for detecting OOD input images. The ensemble uncertainty
was higher for MR scans acquired with a different scanner (OASIS set) or with gadolinium con-

trast compared to the in-distribution training data ( , )-
While methods exist for post-generation dosimetric checks ( , ; ,
), error detection ( , ; , ), and concurrent uncertainty
estimation ( ; ; , ), these approaches generally

operate after the sCT has been generated and typically rely on the availability of a CT or the
generated sCT itself. Even the ensemble method, which can detect OOD inputs, derives this
information from the processing of multiple generative networks ( , )- In
contrast, ( ) introduced a proof-of-concept for anomaly detection on the step before
sCT generation, based on MR images only. Their findings suggest that deep learning models
have the potential to support real-time MR-only PSQA by highlighting spatial anomalies without
relying on any CT or sCT, thereby facilitating the screening of out-of-distribution cases directly
on input MR images before the sCT generation stage ( , )-






Chapter 4

Technical Background

Anomaly detection (AD) aims to identify image patterns that deviate from the in-distribution pat-
terns learned by a model during training. In medical imaging, this typically means highlighting
voxels or slices that do not conform to the anatomy, appearance, or acquisition statistics learned
from the in-distribution training data. In the context of this master’s project, in-distribution data
refers to MR images deemed suitable for sCT generation, covering standard anatomy as well
as typical pathologies such as tumors. Out-of-distribution data encompasses cases unsuitable
for this workflow, specifically images containing metallic implants, imaging artifacts, or atypical
anatomical patterns, such as missing bone structures resulting from surgical resections. A practi-
cal reason for using AD in MR-only radiotherapy is to identify such atypical MR images earlier in
the clinical workflow. Because out-of-distribution cases are highly diverse, it is often not feasible
to collect an exhaustive set of labeled examples covering all possible deviations. Unsupervised
settings, where models learn only from in-distribution data, are therefore commonly chosen.

In this master’s project, we consider several distinct categories of AD approaches as outlined
by ( ). Reconstruction-Based Anomaly Detection involves training a model on
in-distribution data (MR images without anomalies) so that it produces a reconstruction repre-
sentative of this data; OOD patterns are indicated by discrepancies between the input and its re-
construction. This includes autoencoders, maskmg /inpainting, and more recent transformer/d-
iffusion reconstructors ( ; , ;

, ). Another approach is One-Class C1a551f1cat10n which learns a compact region for in-
distribution data in feature space and flags samples outside it. Typical examples are hypersphere
or hyperplane formulations such as DeepSVDD ( , )-

Alternative strategies focus on feature consistency or density estimation. Knowledge Dis-
tillation Models use a teacher-student setup trained on in-distribution data; the student should
match the teacher on in-distribution inputs but deviates on out-of-distribution ones. The devi-
ation becomes the anomaly signal, with RD4AD being a common representative ( ,

). Furthermore, Memory-Bank Methods store a set of in-distribution feature prototypes and
detect anomalies by calculating the distance to the nearest neighbor within this memory. Patch-

Core is a widely used approach in this family ( , ). Finally, Flow-Based Methods
model the likelihood of in-distribution features via normalizing flows and treat low-likelihood
regions as anomalous. CFlow is a representative example ( , )-

4.1 Reconstruction-Based Anomaly Detection

Reconstruction-based AD assumes a model can learn how an in-distribution MR image should
look and then fail on parts that are out-of-distribution. Let I be a 2D input slice and gy a re-
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constructor trained only on in-distribution data. The output I = g4(I) is expected to be an in-
distribution-looking version of I. Where the input departs from in-distribution anatomy or signal
statistics, the reconstruction usually cannot match it well. That gap is what we use as evidence
for an anomaly.

Most methods in reconstruction-based AD mix a pixel fidelity term with a structural term so
that local structural dependencies are preserved on in-distribution data:

L) =T —go(@)[l1 + A1 — SSIM(T, go(1))), 4.1)

with A > 0 controlling the balance ( , ). There are a few common
variants under this umbrella. Masking and inpainting methods hide random regions and learn to
complete them from context, which encourages the model to rely on surrounding anatomy (

, ). Transformer-based reconstructors replace or augment convolutional operations
to model longer-range dependencies in the image ( , ). Finally, diffusion-style recon-
structors denoise a corrupted version of the input toward a clean in-distribution-looking target
( , ). The core idea is the same: fit the in-distribution manifold well, so deviations
stand out at test time.

After we compute I (the reconstructed output image), we measure a per-pixel discrepancy. A
simple choice is the element-wise absolute difference | T—1|. Many works also use local structural
dissimilarity, i.e., (1 — SSIM), because it responds to texture changes and edge distortions that are
typical for MR artifacts. A practical combination for the resulting anomaly map M is

M=a|I-I|+(1-a)(l-SSIMgu(LI), aclo,1]. (4.2)

Here, SSIMjoca refers to the Structural Similarity Index Measure computed over local patches
(as opposed to globally). Feature-space comparisons are also used: pass I and I through an
encoder and take a distance (e.g., cosine or ¢;) between the corresponding feature vectors at
each spatial location. In practice, the raw map is smoothed (small mean or Gaussian filter) and
min-max normalized to stabilize the range. A binary mask is then obtained by thresholding the
map, which serves to explicitly localize anomalous regions and facilitate slice-level classification.
In practice, this threshold is typically selected by optimizing a performance metric, such as the
Fl-score, on a held-out validation set.

Because the signal comes from reconstruction failure, these methods are naturally sensitive
to local texture and structure changes: motion streaks, metal-related signal voids, or strong bias
fields. Masking/inpainting variants perform well at catching context violations (a region that can-
not be plausibly filled from its neighborhood) ( , ). Transformer and diffusion re-
constructors help when long-range consistency matters, but if the information bottleneck is not
sufficiently tight, the model may over-generalize and partially “clean up” subtle anomalies. This
trade-off is well noted in recent studies and benchmarks ( , ; , ;

,2022).

4.1.1 DRAEM

Discriminatively trained Reconstruction Anomaly Embedding (DRAEM), proposed by

( ), uses two subnetworks that are trained together: a reconstructive inpainting network
and a discriminative segmentation network. It first corrupts in-distribution images with synthetic
anomalies and trains the reconstructor to bring them back to an in-distribution-looking state. In
parallel, it trains a discriminator that processes the input and its reconstruction simultaneously,
by concatenating them along the channel dimension, and learns to output a pixel-wise anomaly
map ( , )- In this way, the model does not rely only on raw residuals and learns
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a data-driven notion of “difference” between the two. Figure 4.1 illustrates the anomaly detection
process of the DRAEM model.

I Reconstructive sub-network l Discriminative sub-network
i |‘m

Figure 4.1: THE ANOMALY DETECTION PROCESS OF THE DRAEM MODEL. Synthetic anomaly gen-
eration feeds a reconstructive sub-network (optimized via the reconstruction loss Ly..) that outputs a re-
construction of the original image, while a U-Net-like ( , ) discriminator (optimized
via the focal loss Lycq1) takes the concatenation of the input and the reconstruction and predicts an anomaly
map M ( p

Local avg. pool
Global max pool

Formally, if I is an in-distribution image and I, its corrupted version, the reconstructor gy
produces L. = gy(I,). It is trained with a mixed fidelity/structure loss

Lieo(LL) = A(1-SSIM(LL,)) + [I-1L|3, (4.3)

where the SSIM term keeps local contrast and edges stable and A > 0 balances the two parts (
, ). The discriminator receives the channel-wise concatenation
I. = [I||L] and outputs a per-pixel anomaly probability map M € [0,1]7*W, where H and W

denote the i image height and width, respectively. Supervision comes from the known synthetic
mask M, using a segmentation loss (implemented as focal loss to reduce the impact of easy neg-
atives). As shown in Figure 4.1, the total objective combines the reconstruction loss (Lec) and the
discriminative focal loss (L¢ocal):

Ltotal = Erec(Ialr) + Efocal(MaMa)~ (44)

The synthetic anomalies are designed to be varied at the texture level. DRAEM samples
organic-shaped masks—meaning masks with irregular, non-geometric boundaries—using thresh-

olded Perlin noise and fills them with foreign textures drawn from an external source ( ,
). Blending uses a random opacity 8 € [0.1, 1.0] ( , ):
I, = (1-M,) 0L + (1-5) (M, 0I) + (M, 0 A), (4.5)

where © denotes the element-wise product and A the anomaly texture. This procedure exposes
the networks to a wide range of shapes, contrasts, and boundaries during training.

During inference, the synthetic anomaly generation process is omitted. The unmodified test
image is passed directly through the reconstructive sub-network to generate the reconstruction
I,. Subsequently, the discriminative sub-network processes the concatenation of the original test
image and L, to predict the anomaly map M. For a single slice-level score, the map is smoothed to
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aggregate local anomaly responses. This is performed by convolving the map with a mean filter
F,. before taking the maximum value:

n = max(M * Fyy.), (4.6)

where * denotes the convolution operation. The kernel F, is defined as an s x s matrix where
every element is equal to 1/s?, acting as a constant averaging filter ( , )- This
summarizes how strongly any region in the image looks anomalous. In practice, the discriminator
is implemented as a U-Net-like segmenter ( , ). Using patchwise SSIM in the
reconstruction loss helps the reconstructor keep small structures sharp, and focal loss stabilizes
the segmentation under the strong class imbalance that comes from sparse anomaly masks (

, 2017).

4.1.2 Dinomaly

Dinomaly is a reconstruction-based AD model that keeps the design minimal and builds every-
thing from basic Transformer blocks ( , )- It targets the “identity mapping”
pitfall-a phenomenon where the network learns to trivially copy input features to the output,
thereby reconstructing out-of-distribution patterns instead of exhibiting the desired reconstruc-
tion error ( , ). To mitigate this, the architecture incorporates three specific com-
ponents: a noisy bottleneck to discourage trivial passthrough ( , ), a decoder with
linear attention to prevent the model from focusing on exact spatial locations, and a loose recon-
struction target that supervises grouped features rather than enforcing strict layer-to-layer corre-
spondence ( , ). The aim is to reconstruct in-distribution features accurately without
copying the input pixel-by-pixel, ensuring that out-of-distribution regions manifest as feature
mismatches.

+Dropout] i/ noisy
Linear

MLP +Dropout] if noisy

- Self-Supervised Pre-Trained Transformer ﬂ y | *
. card } / MLP / MLP
g I / A / 3
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|
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Figure 4.2: THE FRAMEWORK OF DINAMOLY IS CONSTRUCTED USING BASIC TRANSFORMER
BUILDING BLOCKS. A ViT-style encoder produces grouped features; a noisy bottleneck and a transformer
decoder with linear attention reconstruct mid-level features ( , ); the feature mismatch
forms the anomaly map ( , ).

As depicted in Figure 4.2, given an input image I, an encoder fz outputs multi-layer features
{fE(@M)}L,. These features are passed through a lightweight bottleneck with Dropout to add
controlled noise, producing tokens that serve as the input to the decoder. The decoder fp then
reconstructs mid-level features. Within a decoder block, the input token sequence X is projected
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to form queries (Q), keys (), and values (V):
Q= XWy, K = XWg, V=XWy. 4.7)

where Wg, Wk, and Wy are the learnable weight matrices for the query, key, and value projec-
tions, respectively. Instead of the conventional softmax attention,

-

Attn(Q, K, V) = Softmax( QZ )V, (4.8)

where d is the dimension of the key vectors, the decoder uses linear attention to reduce sharp,
location-specific copying ( , ):

LA(Q.K,V) = 6(Q)(6(K)'V),  ¢(z) = clu(w) + 1. (4.9)

Instead of enforcing a strict layer-to-layer reconstruction constraint, Dinomaly aggregates en-
coder layers into a few hierarchical groups (e.g., low and mid). For a group g with index set
Gy, encoder features are aggregated via element-wise summation, hy = 3, f £ (I). This oper-
ation relies on the columnar structure of the Transformer backbone, which ensures that feature
maps across distinct layers maintain identical spatial dimensions and channel counts. The corre-
sponding decoder output fl is then taken as the reconstruction target. The training objective is
a global cosine loss over groups, with hard mining to down-weight already well-reconstructed
points ( , ):

< o), F(hy))
obal = 9L ) 4.10
Fgoba g ||F >||||F< >||) (10

where G is the total number of feature groups, F(-) flattens feature maps, (-, -) denotes the inner
product, and || - || is the L2 norm.

At test time, anomaly evidence is computed in feature space. For each spatial location u and
group g, the cosine distance between encoder and decoder features is calculated and averaged
across groups to obtain an anomaly score map S 4z

G

u), hy(w)) 411
gz_;< IIh()IIH ()||> 1

Sar(u

Qlr- \

where h,(u) and h,(u) represent the feature vectors from the encoder and decoder, respectively,
at spatial location u for group g.

In practice, the noisy bottleneck and linear attention reduce exact copying. This is comple-
mented by the grouped, loose target, which keeps supervision global rather than pixel-accurate.

4.2 One-Class Classification Methods

In contrast to reconstruction-based methods, which aim to reproduce the input appearance, One-
Class Classification (OCC) methods adopt a projection-based strategy. These methods map in-
distribution samples into a compact region of feature space without explicit supervision, such that
deviations from this region can be interpreted as anomalies. According to the taxonomy presented
in Benchmarks for Medical Anomaly Detection from BMAD ( , ), two representative
approaches within this category are Deep Support Vector Data Description (DeepSVDD) (

, ) and CutPaste ( , ).
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Figure 4.3: PRINCIPLE OF DEEPSVDD. The network ¢(-; W) with weights W projects inputs into a
latent feature space in which in-distribution samples cluster around a predefined center c. Anomalies are
detected based on their distance from this center ( , ).

Classical OCC methods are based on principles such as the One-Class Support Vector Machine
(OCSVM) ( , ) and SVDD ( , ), which define a minimum-
volume hypersphere that encloses in-distribution data. Deep variants, including DeepSVDD,
extend this concept by employing an end-to-end objective that drives the network to compress
in-distribution representations toward a compact latent center ( , ;

, 2018, 2021).

Another line of OCC research uses self-supervised auxiliary tasks to learn feature spaces in
which most data form tight, discriminative clusters. In this approach, as exemplified by Cut-
Paste, synthetic perturbations are introduced during training not to approximate the distribution
of true anomalies, but to provide a contrastive signal that encourages the model to learn stable
representations of in-distribution structure. Importantly, inference still relies solely on evaluating
how far a sample is from the learned representation of in-distribution data, thereby preserving
the task’s one-class nature.

OCC methods primarily generate sample-level anomaly scores that inform image- or slice-
level decisions. While some variants enable coarse localization through post-hoc interpretation
techniques, they do not inherently produce dense pixel-level anomaly maps as reconstruction-
based methods do. Methods such as DeepSVDD and CutPaste remain widely adopted baselines
for out-of-distribution detection in medical imaging benchmarks ( , )-

4.2.1 DeepSVDD

DeepSVDD ( , ) adapts the classical SVDD principle to the deep learning context.
A fully deep approach streamlines the detection pipeline by bypassing pixel-wise reconstruction
entirely. The core mechanism involves training a neural encoder fy(-) to map all in-distribution
training images into a minimum-volume hypersphere centered at c in the latent space (see Fig-
ure 4.3). This process minimizes the variance of the in-distribution data around the center:

1 N
=+ 2 Ifo() —cl3 (4.12)
=1

To avoid the trivial solution in which all embeddings collapse to a single point, the center c is
not considered a trainable parameter. Consistent with established methodology ( , ),
c is determined by computing the mean of the embeddings generated during an initial forward
pass over the training data with the network’s initial weights.

At inference, the anomaly score s(I) is defined as the squared Euclidean distance between the
embedding and the center:

s(I) = || fo(T) — cf3- (4.13)
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CutPaste

Figure 4.4: CUTPASTE REPRESENTATION LEARNING FOR ANOMALY DETECTION.. A representation
is trained to separate original in-distribution images from synthetically augmented variants generated by
cutting and pasting a patch at a random location ( , ).

When the encoder uses global average pooling, spatial feature maps are compressed into a single
vector before projection. This design enables slice-level detection but prevents the model from
producing pixel-wise anomaly maps.

4.2.2 CutPaste

CutPaste ( , ) reformulates one-class classification as a self-supervised learning prob-
lem by generating synthetic perturbations and training the network to differentiate these from
in-distribution samples. Figure 4.4 demonstrates the construction of such proxy anomalies. In
contrast to DeepSVDD, which enforces geometric compactness, CutPaste uses a contrastive train-
ing signal to shape the embedding space. The cut-and-paste operations create texture irregulari-
ties and boundary discontinuities that disrupt the local statistical regularities of anatomical struc-
tures. These perturbations are applied exclusively during training to provide a learning signal.
During inference, anomaly detection is based solely on deviations from the learned in-distribution
representation, thereby maintaining the one-class paradigm.

During training, the image encoder is optimized with a self-supervised classification objective
that distinguishes original images from multiple CutPaste-based augmented variants. This objec-
tive can be formulated using a standard cross-entropy loss over the constructed proxy classes,

N
1
Lcg = N ; zk: Yi,k 108 Pi ks (4.14)

where p; ;, represents the predicted probability for proxy class k. This process enables the encoder
tolearn an embedding in which in-distribution samples cluster together, while perturbed samples
are separated.

Following training, anomaly scoring is performed using Gaussian Density Estimation (GDE)
on the learned embeddings. A multivariate Gaussian distribution is fitted to the embeddings of
the in-distribution training data, with mean vector p and covariance matrix 3. The anomaly score
for a test image s is computed as the log-density of its embedding f(s) under this distribution:

1

log papE(s) oc {5 (f(s) — 1) 'S7H(f(s) - w)}- (4.15)
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A lower likelihood indicates a greater deviation from the nominal data distribution, result-
ing in a higher anomaly score. Since the encoder generates a single embedding per image, this
density-based approach inherently produces slice-level anomaly scores.

4.3 Knowledge Distillation Methods

Knowledge Distillation (KD) is a model compression and transfer technique where the student
model accepts raw data/images as input and attempts to match the output of the pre-trained
teacher model ( , )- Modern approaches extend this, focusing also on aligning
intermediate feature representations between teacher and student, a process known as feature-
level distillation ( , ). In unsupervised AD, KD is consequently repurposed as a
normality estimator ( ,

Residual Networks (ResNet) proposed by ( ), are a widely used family of deep
convolutional neural networks that leverage skip connections to facilitate the training of very
deep architectures, enabling them to achieve strong performance on various challenging visual
tasks. The ImageNet dataset, introduced by ( ), containing millions of natural
images across thousands of categories, is commonly used for pretraining visual models and is
regarded as a benchmark for general visual representation learning.

Building on these foundations, the KD models considered in this work instantiate the teacher
as a large, frozen ResNet backbone pretrained on ImageNet, which serves as a robust expert fea-
ture extractor for the student ( , ; , ). This teacher serves as a robust
expert in extracting generic features from diverse images without prior exposure to anomalies in
the target domain. The student model is trained only on in-distribution data from the target do-
main to replicate the teacher’s features for these patterns. The underlying assumption is that such
a student will closely match the teacher on in-distribution inputs but tend to deviate on anoma-
lous ones, leading to a larger discrepancy between their feature representations ( ,

). In practice, this discrepancy is measured using distance or similarity functions between
teacher and student feature maps and aggregated into an anomaly score.

This KD paradigm is highly advantageous for medical image AD, especially under conditions
of data scarcity and diversity. In particular, it leverages the rich, general knowledge encoded
within the pre-trained teacher model, which is beneficial for domains with limited annotated
data ( , )- Additionally, KD-based models allow anomaly segmentation by com-
paring feature maps at multiple scales. Discrepancies between teacher and student feature rep-
resentations can then highlight atyplcal image regions, aiding identification of anomalous areas
in medical images ( , ). Because teacher and student architec-
tures can differ in depth and w1dth 1nternal features are not directly comparable in general. In
practice, feature-based KD methods therefore either choose architecturally compatible layers or
introduce lightweight pr0]ect10n modules so that corresponding feature maps can be aligned and

compared ( , , )- These alignment mechanisms are optimized
jointly with the student durmg training so that the internal representations approximate those of
the teacher on training data ( , ). The concrete instantiations of this process are

architecture-dependent and are detailed for each model in its respective section.
Several models were developed that make use of the knowledge distillation paradigm, of

which 2 are explored in this work. STFPM was proposed by ( ) and leverages
a multi-scale feature discrepancy between teacher and student for AD while keeping the archi-
tecture of both similar. RD4AD, proposed by ( ), introduced the paradigm of

reverse distillation with an architecture that uses a teacher Encoder and student Decoder, explic-
itly enhancing the feature discrepancy on OOD samples through architectural design.
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Figure 4.5: SCHEMATIC OVERVIEW OF THE STFPM METHOD. The figure provides an overview of how
multi-layer feature maps from the student are trained to match their counterparts in the teacher network
through Feature Pyramid Matching ( , ).

4.3.1 STFPM - Student-Teacher Feature Pyramid Matching

Student-Teacher Feature Pyramid Matching (STFPM), proposed by (2021), is a straight-
forward KD-based approach designed for pixel-level anomaly detection and localization. STFPM
enhances knowledge transfer through hierarchical feature matching.

STFPM adopts the standard KD paradigm and introduces a key architectural choice by using
identical architectures for both the teacher and student networks. The teacher is implemented
as a frozen, pre-trained backbone, such as ResNet-18 pretrained on ImageNet. The student is a
trainable counterpart with the same architecture. This mirroring of architecture allows knowl-
edge transfer in a single step from the teacher to the student, and maximizes the retention of
crucial feature information. As a result, STFPM addresses the challenge of incomplete knowledge
transfer that is often encountered when employing structurally different student models in other
KD approaches.

The defining aspect of STFPM is the use of hierarchical, multi-layer feature matching between
teacher and student. Visualization studies have shown that convolutional networks form hierar-
chical feature representations, where early layers respond to edge- and texture-like patterns and
deeper layers capture more abstract object parts and structures ( , ). The
Feature Pyramid Matching (FPM) block aggregates features from several successive layers of the
teacher to guide the student, so that information from different semantic levels is jointly aligned.
This hierarchical matching enables the model to detect and localize anomalies across a range of
sizes. Figure 4.5 presents an overview of how the multi-layer feature maps are used to create the
final anomaly map.

During training, only anomaly-free images are used. The student network is updated while
the teacher remains fixed. The goal is for the student’s multi-layer feature representations to
closely imitate those of the teacher at all selected layers.

The loss at a specific layer [ and position (h,w) where h € {1,...,H} and w € {1,..., W}
is defined as the ¢>-distance between the ¢5-normalized feature vectors of the teacher and the
student. Let f/(h,w) and £ (h, w) be the normalized feature vectors at layer [ and position (h, w)
from the teacher and student, respectively. The per-pixel loss £;(h, w) at this position is:

1
M;(h,w) = §||flt(h7w) — £ (h,w)||7, (4.16)

Since the feature vectors are ¢>-normalized, this ¢>-distance is proportional to the cosine distance.
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The total loss L p for an image is the weighted average of the loss across all [ selected pyramid
layers, where the loss for each layer £; is the average of the per-pixel losses at that layer:

L 1 H, W
Lip =3 ov gD > Mih,w) (4.17)
=1 h=1w=1

In Equation (4.17), the weight «; is introduced to allow different feature scales to be emphasized
if desired. However, in STFPM and in this work, all scales are treated equally by setting a; =
1. Minimizing the loss Lxp ensures the student accurately learns the in-distribution features
represented by the teacher.

At inference time, the model computes an anomaly map M, for each of the L selected layers
using the discrepancy defined in Equation (4.16). To create the final, full-resolution anomaly score
map (S4r), the individual feature maps are upsampled using bilinear interpolation (¥), such that
they have the same dimensions, and then combined through an element-wise product:

L

Sap =[] ¥(VM) (4.18)
=1

The use of the element-wise product ensures that a high anomaly score is assigned only to regions
where the discrepancy is high across multiple feature scales, leading to precise localization.

4.3.2 RDA4AD - Reverse Distillation for Anomaly Detection

The Reverse Distillation for Anomaly Detection (RD4AD) model, proposed by ( ),
introduces a distinct strategy to KD to enhance the detection and localization of OOD samples.
Traditional KD models for anomaly detection often suffer from a vanishing feature discrepancy
between the teacher and student networks when encountering anomalies, a failure often at-
tributed to the similarity in their network architectures and data flow. To address this, RD4AD
proposes a Reverse Distillation paradigm that changes the architecture. Specifically, the teacher
network is implemented as a high-capacity encoder. This deep encoder extracts multi-scale fea-
ture representations and serves as the expert for identifying in-distribution image patterns within
the target domain. The student network is constructed as a trainable decoder with an architec-
ture that mirrors but reverses the structure of the teacher, enabling effective reconstruction of the
teacher’s encoded features from compressed representations. The student learns to reconstruct
anomaly-free feature representations from the compressed knowledge passed by the teacher. This
reconstruction task is more sensitive to structural completeness, forcing the student to fail dis-
tinctly when presented with OOD information, thereby maximizing the feature discrepancy for
robust OOD detection.

An important component of the RD4AD network is the trainable One-Class Bottleneck Em-
bedding (OCBE) module, which connects the teacher Encoder to the student Decoder. The OCBE
serves to both compress the teacher’s knowledge and actively suppress anomalous information,
making the student a more robust anomaly-rejector. The OCBE achieves this through two inte-
grated parts: the Multi-Scale Feature Fusion (MFF) block, which aggregates features from both
shallow (low-level details) and deep (high-level structural and semantic information) layers, and
dimensionality reduction, where the aggregated features are projected into a compact code. This
bottleneck acts as a filter that retains essential features of in-distribution patterns but is too restric-
tive to propagate the specific perturbations that correspond to anomalies, ensuring the student
receives an anomaly-filtered input. Figure 4.6 shows an overview of the RD4AD network and
how each component is connected to each other, creating the encoder-decoder structure.

During training, only in-distribution images are used. The student and the OCBE module are
jointly optimized to minimize the knowledge distillation loss (L x p), which is calculated as the
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Figure 4.6: SCHEMATIC OVERVIEW OF THE RD4AD METHOD. The figure shows an overview of
how the RD4AD network follows an encoder—decoder structure and depicts the comparison of multi-scale
feature embeddings between encoder and decoder ( ,

accumulation of pixel-wise cosine similarity losses across L feature layers. Let f” and f? be the
feature tensors from the /-th encoding and decoding blocks, respectively. At each spatial location
(h,w), we take the channel vectors fZ (h, w), fP (h,w) and define the anomaly map M; as:

(£ (h, w))" - £ (h, w)
1£7 (h, w)[] - [[£7 (h, w)]

M;(h,w) =1- (4.19)
The final loss Lxp is defined analogously to STFPM in (4.17) as the accumulated mean of
the multi-scale anomaly maps. Minimizing this loss forces the Decoder to closely reproduce the
Encoder’s features for in-distribution patterns.
At inference, the model receives an input image and generates an Anomaly Score Map (Sar)
by calculating the feature discrepancy using (4.19) across all L selected layers and accumulating
the upsampled maps.

L
Sar = Z U (M) (4.20)

=1

Unlike STFPM, which combines per-layer anomaly maps via an element-wise product (4.18),
RD4AD aggregates the upsampled maps by summation (4.20). Summation treats each scale as
contributing additively to the anomaly evidence, allowing a strong signal at a single scale to pro-
duce a high anomaly score. In contrast, the multiplicative aggregation in STFPM emphasizes
regions that are consistently anomalous across scales, potentially suppressing anomalies that ap-
pear prominently only at one feature level.

The S 41, provides precise localization by assigning higher values to regions where the student,
having only learned in-distribution patterns, failed to mimic the teacher’s truthful output. For
slice-level anomaly detection, the final anomaly score is derived as the maximum value in the
score map to ensure sensitivity to small anomalous regions.

4.4 Memory Bank

Memory bank methods ( , ; / ; / ; , ;
, ), also called exemplar-based methods, are characterized by explicitly storing feature
prototypes of in-distribution data. During inference, each feature from a test image is compared
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to this memory bank. Large feature-space deviations from all stored prototypes indicate OOD

regions.

In practice, this comparison can be implemented via distance computations or statistical mod-
eling: for example, k-NN voting ( , ; , ), or Mahalanobis dis-
tances against Gaussian models of the memory ( , ). In this way, a test image

is scored based on how far its features lie from the learned in-distribution manifold, rather than
how poorly it can be reconstructed or how much a student network deviates from a teacher.

Memory-bank models typically operate on pretrained feature maps (often multi-scale CNN
embeddings) extracted from frozen backbones. At test time, they require distance or similar-
ity computations between test features and stored prototypes. While some methods use simple
nearest-neighbor distances, others employ parametric statistical modeling such as fitting mul-
tivariate Gaussians, which involves estimating mean vectors and covariance matrices from the
training data. Prominent examples include PatchCore and CFA. PatchCore ( , ),
which grounds nearest-neighbor anomaly detection in principles similar to those explored in ex-
treme value machine approaches ( , ), compiles a coreset of in-distribution patch
features into a memory bank and assigns each test patch an anomaly score equal to its distance
to the nearest memory neighbor. CFA ( , ) goes further by training a lightweight
patch-descriptor network on in-distribution data so that its embeddings form tight hyperspheri-
cal clusters; the centers of these clusters populate the memory, and anomaly scores are given by
nearest-cluster distances.

By leveraging fixed feature extractors and nearest-neighbor or probabilistic scoring, memory-
bank methods often achieve efficient inference with interpretable, localized anomaly outputs.
In the context of MR-only radiotherapy, they combine powerful pretrained image features with
distance-based anomaly metrics. In effect, memory-bank approaches bridge the gap between
feature-domain and pixel-domain strategies. This hybrid nature makes them a valuable addition
to the anomaly-detection toolkit for medical imaging, providing efficient and explainable local-
ization of OODs.

441 CFA

<& Back prop. N ( )

Target dataset

patch

Input

Figure 4.7: OVERVIEW OF CFA METHOD. CFA trains a frozen CNN's patch descriptor via coupled-

hypersphere supervision (Lqtt, Lrep) against compressed in-distribution prototypes. At test time, NN

© : Concatenation
@: Interpolation

Frozen CNN Patch features

== Initialization

Patch

= : Forward prop.

=S| NNSearch |

descriptor

e .

Memory bank
CFA it

.

J

v

Train phase

@ : Normal feature

@ : Memorized feature
¢ : Abnormal feature
> Laee

Lrep

Coupled-hypersphere

Test phase

Score map

J

search matches patches; OOD features are scored via certainty-aware function to localize anomalies.



4.4 Memory Bank 23

CFA adapts the feature space of in-distribution images into the target domain by learning a
domain-specific embedding space to minimize the bias of pre-trained CNN features. Given a
set of N in-distribution training images, each image I is divided into non-overlapping spatial
patches. Multi-scale patch maps are extracted from intermediate layers of a pre-trained CNN
backbone ¢(-). For each spatial position (h,w) on this feature map, let f(, ,, € R” denote the
raw patch feature extracted, where D is the feature dimension of the pre-trained backbone. The
trainable patch descriptor network ¢ (-) then maps each patch into an adapted feature space:

V(hw) = d)(f(h,w)) € Rd

where d is the dimension of the learned embedding space.

During training, CFA constructs a memory bank C' = {c"), ¢ ... )} containing M pro-
totype features from the in-distribution training set. For each adapted patch feature v, ,,), CFA
identifies its K nearest neighbors {cE:?w)}le C C in the memory bank, where neighbors are
indexed by their ranking (k-th nearest; superscripts denote ranking). The training objective en-
forces that vy, ,,) should lie within a hypersphere of radius r centered on these neighbors. The
attractive loss La penalizes embedded features that lie farther than r from all of their K-th nearest
neighbors:

2
V(h,w) — CEI;L?’U)) HQ - 7’2} 5 (421)

1 H W K
EattZWZZZmaX{Q’

h=1w=1k=1

This term encourages adapted patch features to form compact clusters within the in-distribution
feature manifold.

However, features lying within multiple overlapping hyperspheres may cause OOD regions
to be misclassified as in-distribution. To prevent this, CFA introduces hard negative features,
defined as the (K+1)-th through (K+J)-th nearest neighbors {c{ h’w)}le. The repulsive loss Lrep
applies contrastive supervision to push v(; .,y away from these hard negatives:

H W J
1 2 G|
Lyep = HWT E E E max {07 = HV(’L,W) - C(‘ZL,’U})HQ T (422)

h=1w=1 j=1

where « is a margin hyperparameter used to control the balance between L and L,.;. , J is the

number of hard negative features {C,Ej ) } 3-]:1 defined as the next nearest neighbors beyond K.
The total training objective combines both effects:

Lcra = Law + »Crep (423)

Optimizing ¢(-) with Lcpa adapts the pre-trained features to form compact clusters around
in-distribution prototypes through attraction, and creates clear decision boundaries that separate
in-distribution from OOD regions through repulsion with margin.

During inference on a test image Ii.s;, CFA computes anomaly scores on the feature-map grid.
The local anomaly score is defined as the squared Euclidean distance to the nearest nominal fea-
ture:

San(h,w)= min Hv — H2 (4.24)
AL\t kell,.. K} (h,w) (h,w) 5 .

To account for the confidence of the nearest-neighbor match, CFA introduces a confidence

weighted anomaly score
2
)

exp(—Sar(h,w))

Ah,w) = —
2 X (- [Virw = cli)
—1 ’

- Sur(hyw). (4.25)
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The resulting anomaly scores form a feature-space anomaly map. For pixel-level localization,
the anomaly score is upsampled to the original image resolution using bilinear interpolation, and
subsequently smoothed using Gaussian filtering to obtain the final anomaly localization map.
Regions with higher anomaly scores indicate greater deviation from the learned in-distribution
feature manifold.

CFA effectively reduces the domain bias of pre-trained CNNs by learning a compact, domain-
specific feature space that tightly clusters in-distribution features while separating them from
anomalous ones. This adaptive representation improves both anomaly detection accuracy and
localization precision, producing detection accuracy and localization precision, yielding reliable
and well-localized anomaly maps.

4.4.2 PatchCore
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3
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Figure 4.8: OVERVIEW OF PATCHCORE METHOD. PatchCore builds a coreset-subsampled bank of
locally-aware nominal patch features. Nearest neighbor search at test time yields anomaly scores for detec-
tion and localization.
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For an input image I from the training set, the feature map at layer k is denoted fi(I) €
RC*HrexWi where C), is the number of channels and Hj, x W, is the spatial resolution of the
feature map.

Each spatial feature vector corresponds to a receptive field in the input image and can therefore
be interpreted as a patch descriptor. To increase the effective receptive field while retaining spatial
resolution, PatchCore aggregates features over a local neighborhood.

Let n, denote the neighborhood size. The neighborhood centered at (h, w) is defined as

N wy =1{(ab) [a € [h—|ns/2),h+ |ns/2]], b € [w— [ns/2],w + |ns/2]]}, (4.26)

(NG ) = fage ({fzia’b) | (a,0) € N{}:,w)}) , (4.27)

where f,g, denotes average pooling over the fixed neighborhood.
The patch feature collection with optional spatial stride s is defined as

Py (fs = {fk(N(’;iw)) ‘ hyw €N, h < Hy,w < Wy, hmod s = 0,w mod s = o} , (4.28)

When s = 1, patch features are extracted densely at every spatial location, preserving the full
feature-map resolution. Larger strides reduce redundancy at the cost of spatial granularity.
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To incorporate multiscale context, PatchCore uses features from two adjacent hierarchy levels
k and k + 1. Because deeper layers have lower spatial resolution, the feature map at level k + 1 is
upsampled via bilinear to level k. The full memory bank M of nominal features is constructed by
aggregating all patch features across the training dataset X = {/y,...,In}:

M= Pop(fr(D). (4.29)

IeXn
To improve efficiency, PatchCore applies coreset sampling to select a representative subset
My C M using a greedy minimax facility location algorithm, reducing computational cost while
maintaining coverage.
At inference, the slice-level anomaly score is defined as:

5§ = X min  ||miest — m||2, (4.30)

ma.
Mitest € Ps,p (Lrest) meMg

Let mip&* denote the test patch attaining the maximum in the above expression, and let

m®, . omTE) e My

The slice-level score is reweighted by a softmax-based contrast that reflects the rarity of the
closest match:

exp([mizg” — m®V]l2) ) . (431)

s+ (1—
< > mec exp(|lmigg” —m®)||)

Patch-level anomaly scores are projected back to their corresponding spatial locations to obtain
a dense anomaly map. Similar to CFA, it is followed by upsampling and Gaussian smoothing
steps.

PatchCore performs anomaly detection comparing each test patch directly with a set of repre-
sentative patch-level neighbors drawn from the training data. Through greedy coreset sampling,
it retains diverse yet compact reference patches, allowing for efficient nearest-neighbor search
during inference. This patch-wise matching enables the model to detect subtle, localized anoma-
lies by leveraging actual examples of normality, providing a balance between detection accuracy,
interpretability, and computational efficiency.

4.5 Flow-Based Methods

According to ( ), flow-based methods are a class of generative models that al-
low for explicit likelihood estimation through a series of invertible transformations. Compared
to reconstruction-based approaches such as autoencoders or diffusion models, which rely on im-
plicit density estimation, normalizing flows (NFs) enable the exact computation of the likelihood
of an input image. This provides a well-defined measure for how likely an image is under a
learned distribution rather than relying on an approximate measure like the reconstruction error.

A normalizing flow defines a bijective mapping fy : Z — Z that transforms an input image I
into a latent variable z € R? followed by a simple base distribution pz(Z2), typically a standard
normal NV (0,1,). This allows us to express the likelihood of I to as:

9fe(T)

det BT

log pr(I) = log pz(fo(I)) + log ; (4.32)

where the absolute determinant of the Jacobian appears as a result of the change-of-variables for-
mula. Flow blocks are designed such that the Jacobian are easy to compute since affine coupling
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layers make the Jacobian triangular which reduces the determinant to the product of diagonal
terms ( , ).

Flow based models are trained by maximizing this likelihood over the training data, thereby
learning a transformation that maps in-distribution data to a Gaussian distribution in latent space.
NFs differ from VAEs in a critical way. While both map data into a latent space, VAEs typically
rely on an approximate objective for the likelihood, whereas flows can compute the log-likelihood
exactly. The reason for this is that VAEs use a non-invertible encoder and therefore only provide
a proxy for the true likelihood, while flows are invertible and therefore preserve all information.

Each flow model is composed of multiple invertible blocks f;, which can be understood as
special neural network layers designed to be reversible transformations. A common implementa-
tion of this are the affine coupling layers ( , ). In affine coupling layers, the feature
map is split into two parts. One part remains unchanged while the other neural network uses it
to compute how to scale and shift the other part.

Due to the fact that this transformation is reversible, many of these can be stacked together. If
we compose L such blocks the full transformation is

2= frofi10-0fi(l), (433)

meaning that the input image is passed sequentially through all invertible layers.

Anomaly detection models are trained on in-distribution images. During training the flow
learns to assign high likelihood to in-distribution examples. At inference, samples that differ
from this learned normality provide low likelihood values, which can be used as anomaly scores:

s(I) = —logpr(I), (4.34)

where s(I) is the anomaly score derived from the models estimated likelihood.

While Eq. (4.34) defines an slice-level anomaly score, flow-based models such as FastFlow and
CFlow also yield pixel-level information. Their feature extractors produce multi-scale feature
maps, and a normalizing flow is applied to each spatial location of these maps, generating a
likelihood per pixel.

4.5.1 FastFlow

FastFlow builds upon the foundation of normalizing flows by extending them into two spatial di-
mensions, thereby addressing key challenges of earlier flow-based anomaly detection approaches
such as DifferNet ( , )- In previous works, the two-dimensional feature maps
extracted from convolutional backbones were flattened into one-dimensional vectors before be-
ing processed by the flow model. This early design motivated the development of FastFlow, as its
operation disrupts spatial information, making it difficult to capture local structures and to pro-
duce meaningful pixel-level anomaly maps. FastFlow solves this issue by creating a dedicated
2D normalizing flow design. This preserves the spatial layout of features and enables end-to-end
anomaly localization ( , ).

Figure 4.9 summarizes the overall FastFlow pipeline and the structure of one flow step. Fast-
Flow first employs a frozen feature extractor ¢(-) usually being a ResNet or Vision Transformer
in order to obtain F = ¢(I) from the input image I. These feature maps are then passed through
a layer of normalizing flows fy : F — Z, which transforms the feature maps into a latent into
a standard Gaussian in latent space A (0, ). Each block fj is composed of multiple affine cou-
pling layers. The coupling operation itself is invertible while small convolutional subnetworks
inside the block only predict scale and shift parameters used by the affine transformation. This
ensures that the overall mapping is invertible even if the subnetworks themselves are not. By al-
ternating 3x3 and 1x1 convolution kernels, the model can capture both fine-grained local context
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Figure 4.9: FASTFLOW ARCHITECTURE. Overview of the FastFlow architecture, taken from

(2022). Panel (a) shows the overall pipeline: a frozen CNN backbone extracts a feature map which is then
processed by 2D normalizing-flow blocks to produce an anomaly likelihood map. Panel (b) illustrates a
singular flow step where the feature channels are normalized, split, and transformed via affine coupling
before being recombined into an updated C-channel tensor.

and broader global relationships. This structure captures spatial information while allowing the
computation of pixel-level likelihoods directly, without flattening ( , ).

During training, FastFlow is optimized by minimizing the negative log-likelihood of the back-
bone feature maps extracted from in-distribution images. Specifically for each training image I
with feature map F = ¢(I), the loss is computed as introduced in Eq. (4.32).

At test time, FastFlow applies the likelihood computation from Eq. (4.32) not only at an slice-
level but rather independently to each C-dimensional feature vector F}, ,, in the downsampled
feature map. This produces a grid of negative log-likelihood values S}, ,,, which serves as the
pixel-wise anomaly score map. Regions with high scores are considered likely to contain anoma-
lies. Because the feature map is spatially smaller than the input, image S is upsampled using
bilinear interpolation thereby providing detailed anomaly localization ( ,

FastFlow achieves a favorable balance between speed and accuracy through its compact ar-
chitecture and single-pass inference pipeline. Unlike earlier flow-based methods that relied on
patch-wise evaluation or sliding-window schemes, FastFlow processes the entire feature map at
once, which substantially reduces inference time while retaining strong localization capability (

, ; , ). FastFlow ’s efficiency and modular design make it suitable
for a flow-based model.

4.5.2 CFlow

CFlow ( , ) is a flow-based model designed for unsupervised anomaly detec-
tion and localization.Figure 4.10 extends the flow framework by introducing conditional flows.
These allow to incorporate spatial priors during likelihood estimation.

As in FastFlow, CFlow is built from a frozen convolutional backbone and a trainable flow head.
The backbone ¢(-) extracts multi-scale feature maps Fy, = ¢, (I) from the input image I. These
feature maps capture local patterns as well as larger structural elements in the in-distribution
MR slices. What distinguishes CFlow is that each feature level & is processed by a conditional
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Figure 4.10: CFLOW ARCHITECTURE. Overview of the CFlow architecture, taken from Gudovskiy et al.
(2022). An input image 1 is encoded into multi-scale feature maps; at each scale k, flattened feature vectors
2 are combined with positional codes c¥ and passed through a conditional flow decoder g.(0}.) trained via
negative log-likelihood. At inference, per-location anomaly scores from all scales are aggregated into a final
heatmap.

normalizing flow fy, , which models the density of the normal features using a spatial context
variable ci[h, w]. This conditioning lets the flow take the features location into account, ensuring
that the learned distribution reflects how normal features typically show up in different positions
of an image.

During inference, CFlow applies its conditional flow fy, to every feature vector F,[h, w] in the
feature map. For each spatial location (h,w), the flow transforms the feature into a latent vec-
tor and evaluates its log-likelihood under the Normal distribution. The negative log-likelihood
becomes the pixel-wise anomaly score.

Because this operation is performed independently at each feature level k, CFlow produces
one anomaly map M, per scale. Each of these maps are then upsampled to the input size using
bilinear interpolation. The final anomaly map is acquired by aggregating the multi-scale maps by
element-wise summation:

K
ScFrow = Z (M), (4.35)
k=1
where V(-) is the bilinear upsampling to the input size, and K is the number of feature scales
(Gudovskiy et al,, 2022). Locations that are unlikely under the learned normal distribution at any
scale obtain high scores in Scrigw-
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Materials and Methods

In this chapter, we describe the data used to develop and evaluate our MR-only quality assurance
pipeline. We first summarize the open-source SynthRAD2023 and SynthRAD2025 datasets, which
provide paired MR-CT studies of brain and pelvis regions. We then detail our annotation strategy
for defining OOD slices directly on MR, supported by CT for context, and outline the guidelined
followed during the annotation process. Finally, we explain how the raw data were prepared for
our experiments, and clarify the scope we adopted for training and evaluation, with a focus on
the pelvis region and implant-related anomalies. This structure is intended to clearly link dataset
design choices to the experimental questions addressed in the following sections.

5.1 Dataset
5.1.1 Overview of SynthRAD2023 and SynthRAD2025 Datasets

In this study, we use the MR-to-CT datasets from SynthRAD2023' and SynthRAD2025* Grand
Challenges which provide large-scale, multi-institutional data specifically curated for evaluating
sCT generation models.

The SynthRAD2023 dataset includes 1,080 cases (brain and pelvis), consisting of MR, CBCT,
and CT scans collected from three Dutch academic hospitals (UMC Utrecht, UMC Groningen,
and Radboud Nijmegen). Its successor, SynthRAD2025, expands anatomical diversity by incor-
porating head-and-neck, thorax, and abdominal regions, with a total of 2,362 cases across five Eu-
ropean centers (UMC Groningen, UMC Utrecht, Radboud UMC in Netherlands, LMU University
Hospital Munich, and University Hospital of Cologne in Germany). Both datasets have under-
gone preprocessing steps, including image registration, defacing (for brain scans), resampling,
and quality control ( , ). Data are provided in standardized formats:
NIfTI for 2023 and Metalmage for 2025 accompanied by body contour masks and acquisition
metadata. Training and validation sets are publicly accessible during the challenge period; test
sets remain embargoed to ensure fair benchmarking. Table 5.1 summarizes the key characteristics
of the data set.

These datasets are released with the goal of fostering reproducible, transparent evaluation.
For our current work, both datasets are specifically designed to support the development and
evaluation of MR-to-CT image synthesis models in clinically relevant scenarios. By providing
paired MR and CT scans across multiple institutions, anatomical sites, and acquisition protocols,
they offer a valuable foundation to study model robustness and generalization to OOD inputs.

Ihttps://synthrad2023.grand-challenge.org/
2https://synthrad2025.grand-challenge.org/synthrad2025/
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Figure 5.1: REPRESENTATIVE EXAMPLES FROM SYNTHRAD2023 AND SYNTHRAD2025
DATASETS. Subfigqure (a) and (b) show tasks from the challenges, respectively. Each subfigure includes
examples of both Task 1: MR-to-sCT synthesis to support MR-only and MR-based adaptive (only for
SynRAD2025) radiotherapy, and Task 2: CBCT-to-sCT synthesis to facilitate CBCT-based adaptive radio-
therapy (Thummerer et al., 2023, 2025).

Table 5.1: DATASET SUMMARY. This table provides an overview of datasets SynthRAD 2023 and 2025
Challenges” characteristics relevant to this study.

Feature Datasets
SynRAD2023 SynRAD2025
Total cases 1,080 2.362
Modality pairs (MR-CT/CBCT-CT) 540 / 540 890 / 1,472
Anatomical coverage Brain, pelvis HN, thorax, abdomen
Age range 3-93 years Not reported
Data format NIfTI (.nii.gz) Metalmage (.mha)
Image registration Rigid only Rigid, deformable
Split (Trn/val/test approx. in %) 67 /11 /22 65/10/25
CT ground truth embargo Test set hidden Released by 2030

The pelvis SynthRAD2023 dataset consists of scans from two different centers A and C, which
employed two two different techniques to acquire the image data. Center A utilized a T1-weighted
spoiled gradient echo (FFE) sequence, and center C used a T2-weighted fast spin echo (SPACE) se-
quence (Thummerer et al., 2023). A T1-weighted image looks different from a T2-weighted image.
T1 highlights fat and subacute hemorrhage as bright, while water appears dark. T2 highlights flu-
id/water (edema, cysts) as bright. The difference in appearance of these different techniques can
be seen in Figure 5.2, which displays pelvic MR images from Center A (left) and Center C (right),
both from the SynthRAD2023 dataset. This figure exemplifies how scanner and protocol variabil-
ity leads to differences in visual representation of the same anatomy.

5.1.2 Dataset Annotation
OO0D Classes

Based on organized discussions with the Medical Physics group at the University Hospital of
Zurich, we identify a focused set of OOD classes. These classes capture patterns that are likely to
degrade sCT generation. The emphasis during annotation is kept on what is visible on MR slices
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(a) Center A (b) Center C

Figure 5.2: COMPARISON OF PELVIC MR IMAGES. Axial pelvic MR images from the SynthRAD2023
multi-center dataset. The subfigure (a) was acquired at Center A, and (b) at Center C. The scans illustrate
how MR appearance can vary depending on acquisition site and protocol.

in terms of the effects of artifacts or anomalies, since the AD models are trained purely on MR
data.

Implant-Metal Metallic components (e.g., orthopedic implants, surgical clips, screws, brachyther-
apy seeds) produces characteristic dark signal voids on MR and strong scatter on CT, often ob-
scuring nearby anatomy. Because their impact is consistent and substantial, any slice showing a
metallic implant is labeled as OOD. An example of this OOD category is illustrated in Figure 5.3.

Figure 5.3: VISUAL EXAMPLE OF THE IMPLANT-METAL CATEGORY. The MR scan (left) displays the
characteristic artifacts defining the Implant-Metal category, while the paired CT scan (right) serves as a
reference.

Bright Hotspot in MR Slices with unexpected focal bright signals on MR that are not charac-
teristic of in-distribution anatomy are labeled OOD. These hotspots commonly reflect artifacts or
unusual signal behavior. An example of this OOD category is illustrated in Figure 5.4.
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Figure 5.4: VISUAL EXAMPLE OF THE BRIGHT HOTSPOT IN MR CATEGORY. The MR scan (left)
displays the characteristic artifacts defining the Bright Hotspot in MR category, while the paired CT scan
(right) serves as a reference.

Contrast Agent Sequences exhibiting high-signal patterns in the vasculature and surrounding
tissues, indicative of contrast uptake, are grouped here when this brightening is distinctly visible
on both MR (e.g., gadolinium-enhanced T1) and paired CT. If enhancement is evident only on CT
but not observed on MR, the case is not labeled OOD since the learning is done purely on MR
data. An example of this OOD category is illustrated in Figure 5.5.

Figure 5.5: VISUAL EXAMPLE OF THE CONTRAST AGENT CATEGORY. The MR scan (left) displays
the characteristic artifacts defining the Contrast Agent category, while the paired CT scan (right) serves as
a reference.

Unseen Anatomy-Missing Bone Post-surgical absence of bony structures (e.g., bone flap not
replaced) is labeled OOD when it creates marked asymmetry or disrupted continuity. If metal
clips are present around fracture lines, those slices are included in the Implant-Metal category. An
example of this OOD category is illustrated in Figure 5.6.
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Figure 5.6: VISUAL EXAMPLE OF THE UNSEEN ANATOMY-MISSING BONE CATEGORY. The MR
scan (left) displays the characteristic artifacts defining the Unseen Anatomy-Missing Bone category, while
the paired CT scan (right) serves as a reference.

MR Markers External liquid-based positioning markers appear as bright signals on MR and
may persist after preprocessing. Because they can introduce high-intensity regions that mislead
sCT generation, such sequences are labeled OOD. An example of this OOD category is illustrated
in Figure 5.7.

Figure 5.7: VISUAL EXAMPLE OF THE MR MARKERS CATEGORY. The MR scan (left) displays the
characteristic artifacts defining the MR Markers category, while the paired CT scan (right) serves as a
reference.

Other A restricted, catch-all class for rare or ambiguous cases (e.g., unusual anatomical variants
or atypical artifacts) that do not fit any of the the OOD categories. Consequently, these cases are
removed from the experimental datasets to preserve labeling consistency and ensure the quality
of the annotation process.
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Annotation Rules and Results

Our procedure follows the MR-only detection objective, which focuses on the labels that reflect
OOD patterns that are actually visible on MR. The corresponding CT scans are consulted to sup-
port interpretation and validation, but visibility on MR slice is decisive factor for OOD labeling
of the slices.

We adhere to an MR-first criterion where a case is labeled OOD only if the anomaly is de-
tectable on MR slices. Findings seen exclusively on CT are not labeled OOD since the training of
the AD models relies purely on MR data. Serving as supportive context, CT helps to the validation
of MR findings (e.g., metal scatter patterns, vascular enhancement) without overriding the MR-
visibility rule. Regarding registration tolerance, MR and CT are not perfectly aligned; small slice
offsets are expected. Annotators account for typical misalignment when cross-checking across
modalities. For reference view and indexing, annotations are defined in the axial plane to ensure
consistent slice-range reporting across studies and annotators. Finally, allowing for multiple find-
ings per 3D volume, distinct OOD occurences within within the same 3D volume are recorded
independently, so that each OOD event with its own class and slice range can be analyzed in
isolation.

5.1.3 Final Experimental Datasets

After annotation of all relevant out-of-distribution classes, we refined the experimental scope
to include only pelvic MR scans from the SynthRAD2023 dataset. In consultation with clinical
experts, the OOD category for the core study is limited to a single, well-defined group: Implant-
Metal. Accordingly, two distinct classes are represented in each dataset: in-distribution pelvis
MR studies and OOD cases with metallic implants in the pelvis. Two datasets are constructed: a
single-center dataset and a multi-center dataset. In both, images are split into training, validation,
and test sets at the patient-level, ensuring that no patient’s scans appear in more than one set.
Only in-distribution scans are included in training, while validation and test sets include both
in-distribution and OOD scans. For the pixel- and slice-level metrics, these test sets are used.

For pixel- and slice-level metrics, we evaluate models on the test sets defined above, using
only the slices that fall within the annotated OOD ranges for OOD volumes. For patient-level
metrics, we instead use a setting that reflects clinical use, in which all slices of in-distribution
volumnes are included, and for OOD cases, the entire MR volume is submitted (not only slices
with visible artifacts). In practice, an automated system must decide whether a volume is OOD
based on the full scan.

Single-Center Dataset The primary dataset consists of pelvic MR scans from center A only.
This single-center dataset is used to ensure cohort homogeneity and to minimize confounding
from protocol variability in the primary experiments. This single-center dataset is composed
of 101 patient scans and 7648 individual slices. Out of all scans, 17 are marked as OOD. The
distribution of the single-center dataset is shown in Figure 5.8.

Multi-Center Dataset For a broader evaluation, the multi-center dataset includes pelvic MR
scans from centers A and C of the SynthRAD2023 dataset. The addition of center C introduces
increased heterogeneity and enables analysis of performance in more varied clinical settings. This
dataset is composed of 146 patient scans and 9’679 slices. Out of these scans, 19 are marked as
OOD, meaning 2 new OOD volumes compared to the single-center dataset. The distribution of
the multi-center dataset can be seen in Figure 5.8.
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Figure 5.8: DISTRIBUTION OF THE SINGLE-CENTER AND MULTI-CENTER DATASETS. The bar chart
in (a) shows the number of patient scans per data subset (train/validation/test) for both the single-center

and multi-center datasets, and (b) shows the corresponding number of image slices per data subset.
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5.2 Ground-Truth Anomaly Mask Generation

It is challenging to directly extract metal anomaly masks from MR images, because metal-induced
susceptibility artifacts cause signal voids and pile-ups that extend beyond the true implant bound-
aries. However, on CT images, metal appears with consistently very high Hounsfield Unit val-
ues, providing a signal that allows segmentation using simple threshold strategies. Therefore,
we adopted a pipeline to first extract the candidate anomaly masks from pre-registered CT scans,
which were further refined and extended to full artifact region within the MR domain. This final
anomaly mask served as the ground truth for labeling anomalous regions in our experiments.

5.2.1 Intensity-based candidate CT mask

Dense materials like bone and metal exhibits high X-ray attenuation, and appears bright on the
CT image. A straightforward approach to mark anomalous regions with metal is to use a fixed
threshold, (e.g., HU > 2000). However, scans from SynthRAD2023 are acquired from multiple
centers with heterogeneous scanning protocols and reconstruction parameters. Furthermore, the
optimal threshold can vary between scans from the same center in practice. A single global thresh-
old fails to generalize. To overcome the limitations of a fixed HU threshold, we implemented an
adaptive technique that computes a patient-specific threshold by analyzing the maximum HU
values in pre-annotated in-distribution and OOD slices, to ensure an optimal threshold for each
scan.
The following steps are applied to get the candidate metal mask for each CT scan.

1. Slice-wise HU Profile Analysis: The 3D CT volume is analyzed along the axial plane to
construct an intensity profile. For each slice z, the maximum HU value is computed.

HUmax(2) = max HU(z, y, 2) (5.1)
@y

2. Adaptive Scan Threshold Estimation: A scan threshold 7n is derived to separate in-
distribution from OOD slices. Let A be the set of in-distribution slices and A the set of
OOD slices. The threshold is defined as:

Tscan = Max (rznez}\)/,( HUmax(Z)a Eélﬂ HUmax(Z)> (5.2)

3. Sensitivity Adjustment: A sensitive buffer A is applied to account for potential intensity
underestimation. The buffer value is determined based on experience as 250.

Tfinal = Tscan — A (5.3)

4. Binary Mask Generation: A candidate CT mask Mndidate is generated by thresholding the
entire CT volume at Tpal:

1 if HU(z,y, 2) > Thnal

. (5.4)
0 otherwise

Mcandidate(xv Y, Z) = {

5.2.2 MR-Guided Flood Fill for Artifact Extension

The initial candidate mask M andidate, derived from the CT thresholding, identifies the high-density
metal object. However, the true artifact region in the co-registered MR volume often extends be-
yond the object itself, appearing as signal voids. To extend M andidate t0 encompass this full artifact
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area visible in the MR image, we implemented an MR-Guided Flood Fill technique, leveraging the
distinct intensity changes of the artifact boundary in the MR signal. This refinement procedure
was applied slice-wise:

1. Contour and Centroid Detection: The external contours were extracted from the binary CT
mask Mandidate ON the current slice. For each contour, the centroid (¢, ¢,) was calculated,
serving as the seed point for the flood fill.

2. Small Area Exclusion: To prevent small, likely non-metal false positive regions from intro-
ducing noise, any contour with an area below a set threshold (min_contour_area =5
pixels) was preserved directly from Mandidate and excluded from the flood-fill process.

3. Adaptive Flood Fill: The cv2.floodFill algorithm was applied to the current MR image
slice. Let I(z,y) denote the image intensity at pixel location (z,y) on this slice. Starting
from the centroid (cg, ¢), connected pixels were included in the anomaly mask if their in-
tensity lay within a specified range around the seed intensity (c,, ¢,). The sensitivity was
controlled by a lower bound difference (1o_diff = 5) and an upper bound difference
(up_diff = 10):

I(cp cy) —lo_diff < I(z,y) < I(cg,cy) +up_diff (5.5)

4. Mask Aggregation: All binary masks generated by the successful flood-fill operations were
combined with, if present, the small, preserved segments of Mandidate to form a preliminary
refined mask for the slice.

This process effectively expanded the mask based on the spatial and intensity characteristics of
the MR artifact, providing an initial MR-refined mask Mefined-

5.2.3 Conditional Morphological Mask Processing

Morphological operations provide basic shape-manipulation tools for binary images ( , ).
Let M C Z? denote the foreground pixel set of a binary mask and B C Z? a finite set of offsets,
called the structuring element (for example, a small disk- or square-shaped neighborhood). Dila-
tion of M by B, written M & B, expands foreground regions by marking a pixel z as foreground if
any translated copy of B centered at z overlaps M, thereby enlarging objects and bridging small
gaps. Erosion, denoted M © B, shrinks foreground regions by keeping a pixel z foreground only
if the translated structuring element fits entirely inside M, which removes thin protrusions and
can separate narrowly connected objects. By composing these primitives, opening and closing are
defined as

MoB=(Mé&B)3® B, MeB=(M&B)SB. (5.6)

Opening removes small isolated foreground regions and smooths object boundaries, whereas
closing fills small holes and connects nearby components ( , ). In practice, these op-
erations are implemented by sliding a binary kernel B across the mask, as in standard image-
processing libraries.

The MR-refined mask M;efineq still contains minor boundary irregularities and small spurious
regions, necessitating a final cleaning step. Morphological opening is well-suited for smoothing
contours and removing small isolated objects when applied with an appropriate structuring el-
ement B. However, applying opening uniformly across all slices risks undesirably eroding or
even removing small, genuine metal artifact segments. Conditioning the operation on the size of
individual connected components was also found to be suboptimal, because large artifacts were
insufficiently smoothed, while small, noisy regions in their vicinity were retained.
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To balance preservation and smoothing, we adopt a conditional, slice-wise opening based on
the total artifact area in the current slice. For each slice of Miefined, we first compute the total
number of foreground pixels (artifact area). A morphological opening with a circular structuring
element B (implemented as a binary disk-shaped kernel with diameter disk_size = 5 pixels)
is then applied only if this area exceeds a minimum threshold min_area_for_smooth = 50
pixels. Formally, the conditional opening is defined as:

Mg = {Open(Mreﬁned; B) if Area.(Mreﬁned) > 50 (.7)
M efined otherwise

Here, Open(...; B) denotes an opening with the disk-shaped structuring element B corre-
sponding to the circular kernel used in the implementation. This conditional strategy smooths
the boundaries of large, high-confidence artifacts while preserving the structure of small metal
artifact segments, yielding the final artifact mask Mg,

The results of the mask refinement procedure are visualized in Figure 5.9. For each patient,
the MR slice, raw CT-based mask, and refined mask are shown side by side to facilitate quali-
tative assessment of the improvement of the ground truth anomaly mask. The figure illustrates
that accurate ground truth anomaly masks can be generated through the refinement process. The
remaining small discrepancies are primarily attributable to limitations in the initial CT-based seg-
mentation, which cannot be completely resolved by the refinement alone.

5.3 MR Image Preprocessing

All MR images are first processed to exclude background and non-body regions. For each scan, a
coarse body mask is generated on the MR magnitude volume by thresholding low-intensity back-
ground values in the MR image and refining the result with binary erosion, largest-component
selection, and binary dilation. This ensures that only anatomically relevant areas are retained for
further analysis.

The body mask is applied slice-wise to the MR volume, and the masked MR is then min—-max
normalized to the range [0,255]. Original in-plane resolutions vary slightly across scans, so a
fixed input size is required for all models. To standardize inputs while keeping the body fully in
view, each masked slice is first center-padded to a square, resized to 240 x 240 pixels, and then
center-cropped to a final size of 224 x 224. The final size of 224 x 224 matches the typical input
resolution of ImageNet-pretrained backbones, which most models used in our experiments. The
padding-resize—crop sequence removes residual background while harmonizing the field of view
across patients.

Based on these preprocessed slices, three dataset variants are generated to support different
model architectures and input conventions.

Replicated-Channel Slices

In the first variant, each preprocessed MR slice is replicated across three channels and stored
as a three-channel NIfTI volume. This representation preserves voxel-level fidelity in the NIfTI
format while matching the three-channel input convention of many convolutional architectures.
All three channels contain identical intensity information.

Colormap-Encoded Slices

In the second variant, each preprocessed MR slice is stored as a three-channel RGB image. The
normalized slice is replicated across three channels and saved using the bone colormap. The
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CT Slice MR Slice

Raw CT-based Mask Refined GT Mask

(a) Aanomaly mask refinement for volume 1PA136 slice 110.

CT Slice MR Slice

(b) Anomaly mask refinement for volume 1PA155 slice 83.

Figure 5.9: COMPARISON OF CT/MR SLICES WITH RAW AND REFINED ANOMALY MASKS.
Side-by-side comparison of corresponding CT and MR slices with raw and refined artifact masks for two
example patients. From left to right, top to bottom: (i) the CT slice, (ii) the MR slice, (iii) the MR slice with
the raw CT-based mask overlaid, and (iv) the MR slice with the refined ground-truth mask overlaid. Mask
regions are shown in red to highlight metal-induced artifacts.



40 Chapter 5. Materials and Methods

(a) Replicated Channel Slice (b) Bone Colormap Slice

Figure 5.10: COMPARISON OF INPUT FORMATS. The subfigure (1) shows the MR slice in replicated
channel format, and (b) shows the same MR slice with the bone colormap applied.

bone palette is a grayscale-like colormap commonly used in medical visualization that preserves
the relative contrast between tissues while remaining compatible with ImageNet-pretrained CNN
backbones that expect three-channel inputs.

Adjacent-Context Slices

In the third variant, three consecutive MR slices (previous, current, next) are stacked along the
channel dimension to form a three-channel NIfTI volume. This provides limited adjacent anatom-
ical context, allowing models to exploit short-range inter-slice relationships without requiring full
3D processing.

5.4 Anomalib Model Training

Anomalib is an open-source library that implements state-of-the-art methods for unsupervised
anomaly detection and localization with a focus on modular design for training, evaluation, and
deployment ( , ). Most models in this project were trained through Anomalib.
This section summarizes (i) model outputs, (ii) how raw anomaly scores are normalized and
thresholded by Anomalib’s post-processor, and (iii) the model training hyperparameters used in
our experiments. The Anomalib GitHub repository is available at °.

Training hyperparameters To make the experimental setup reproducible, we report the main
training hyperparameters and backbone settings for each evaluated method in Table 5.2. Unless
stated otherwise, we used the default Anomalib parameters and did not tune hyperparameters
per dataset variant. The final training settings were selected by tuning hyperparameters on the
validation set.

Model outputs Let a 2D input slice be I € R¥*W with a pixel domain of Q = {1,...,H} x
{1,...,W}. An Anomalib model produces: (i) Raw anomaly score map S(I) : & — R (un-
bounded prior to normalization). For a pixel u € Q we write S(I, u) for its pixel anomaly value.
(i) Anomaly map A(I) : Q — [0,1] is obtained by normalizing S(I). (iii) Prediction mask
M (I) : © — {0, 1} is obtained by thresholding the raw anomaly scores at an optimal threshold 7*
learned on the validation set.

Shttps://github.com/openvinotoolkit/anomalib
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Table 5.2: MODEL-LEVEL TRAINING CONFIGURATION. Key training hyperparameters and training
mode per model. “Decoder/head only” indicates that the backbone is kept fixed and only the model head is
optimized. Methods such as PatchCore are non-parametric and therefore do not use gradient-based training.

Model ‘ Optimizer (trained params) ‘ LR ‘ Batch ‘ Epochs ‘ Notes

RD4AD Adam (decoder only) 10-3 16 100 backbone fixed

STFPM SGD 4-1071 | 16 50 teacher fixed

PatchCore | — (non-parametric) - 32 1 feature extraction + coreset (0.1%), kNN (k=9)
CFA Adam (default) 1073 32 100 | early stopping: patience = 5 (image AUROC)
FastFlow Adam (flow head) 1073 8 250 | weight decay = 1072

CFlow Adam (decoder only) 10— 8 50 fiber batch size = 64

DRAEM Adam 10~4 4 100 | synthetic-anomaly training

Dinomaly | StableAdamW 2.1073 8 100 frozen DINOvV2 encoder

DeepSVDD | Adam 104 200 300 | AE pretrain: 150 epochs (10~?)

CutPaste SGD 10—2 16 64 | 3-way variant

Concretely, the post-processor transforms:

—T* — 1, if A(J,u) > 0.
A(I7U) — Cllp(swr_i_%?o’ 1)7 M(I,U):{ ) 1 ( au)_057 (58)

val _ cval 0, otherwise.

max min

where 5%l sval are the minimum and maximum raw anomaly scores computed on the valida-
tion set. The added 3 recenters the normalized scores such that the learned optimal threshold
corresponds to 0.5 in normalized domain. The function clip(-,0,1) caps values to [0, 1] for in-
terpretability and visualization. In Anomalib this normalization and thresholding step is imple-

mented by the post-processor *.

Learning optimal threshold on validation set Anomalib provides both manual and adaptive
thresholding; in our setup we made use of the default adaptive threshold selection. On the vali-
dation set V, Anomalib selects an operating threshold 7* by maximizing a criterion J over a set
of candidate thresholds:
T € arg max JHSU), Mg (1)) : L €V}, 1), (5.9)
where O, denotes the candidate thresholds induced by the raw validation scores. In our
case, we use J = I} computed from pixel-wise counts and defined in Equation 5.15.

Let My (I, u) denote the ground-truth mask for slice /. For slice-level metrics we determine a
binary label y'™&(I) € {0, 1} by setting y"™&(I) = 1if }_ . Mgi(I, u) > 0, and 0 otherwise.

Metrics used for threshold selection During threshold selection we define M, (I,u) as a bi-
nary prediction mask obtained by thresholding the raw score S(I, u) at a threshold 7 € ©,,1. After
selecting 7*, we write M(I,u) = M (I,u).

Across all pixels v € Q of all validation images I € V, we define:

TP(r) = [{(Lu) €V x @+ Mo(1,u) =1 and My (1,u) = 1}, (5.10)
FP(r) = ’{(Lu) €VxQ 1 My(I,u)=1and My(I,u) =0}/, (5.11)
FN(r) = ‘{(I, W) €V xQ : Mo(I,u)=0and My (I,u) = 1}‘. (5.12)

4https://anomalib.readthedocs.io/en/v2.0.0/markdown/guides/how_to/models/post_
processor.html
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Precision, Recall, and F;.

.. B TP(7)
Precision(7) = TP(r) 1 FP(7)’ (5.13)
B TP(7)
Recall(1) = TP() - FN(7)’ (5.14)
Fu(r) = 2 Precision(7) Recall(7) _ 2TP(7) (5.15)

~ Precision(7) + Recall(7) 2TP(7) + FP(r) + FN(7)’

If a denominator is zero, the corresponding metric is 0.

Classification Let A(I, ., u) be the normalized anomaly-map value at pixel u € Q for slice z
of patient p, and let My, (I, ., u) € {0,1} be the corresponding post-processed binary prediction

mask. We define a slice as anomalous if M,(I, ., u) = 1 for at least one pixel u € €. Patient-level
decisions are then made by aggregating the slice-wise outputs as defined in Section 5.6.3.

5.5 Post-Processing

During inference, the model outputs a continuous anomaly score map for each pixel. A binary
prediction mask is subsequently generated via thresholding for evaluation purposes. These two
forms of output follow distinct downstream processing steps and are used by different evaluation
metrics (see Figure 5.11).

Anomaly map branch. Continuous anomaly scores are masked by the body region and are not
post-processed. They are used to generate the binary prediction masks that form the basis for all
reported evaluation metrics.

Prediction mask branch. Binary prediction masks are post-processed to improve spatial coher-
ence and clinical interpretability. The pipeline removes small isolated regions, smooths bound-
aries through morphological operations, and enforces cross-slice consistency to ensure that de-
tected anomalies persist across neighboring slices. This yields patient-wise volumes suitable
for downstream evaluation with threshold-dependent metrics. All models produce slice-based
masks by default, which allows uniform post-processing regardless of input modality (2D slices,
2D NIfTI, or 2.5D NIfTI volumes).

5.5.1 Slice-wise post-processing

We first refine the prediction masks slice-by-slice using purely 2D operations. These steps remove
noise and regularize region shapes, providing cleaner masks for the subsequent 3D consistency
filtering.

Connected component filtering Raw prediction masks M (I) from anomaly detection models
frequently contain small, isolated false positive regions caused by reconstruction noise or model
uncertainty. These typically manifest as scattered one- to few-pixel detections distributed across
the background, in addition to the true metal artifact region. If left unfiltered, such spurious
detections would be artificially enlarged by subsequent morphological operations. Early removal
of such noise prevents the amplification of false positives.
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Figure 5.11: POST-PROCESSING PIPELINE OVERVIEW. Ouerview of the four-stage pipeline applied to
binary prediction masks prior to evaluation. Illustrated using FastFlow inference as an example, the dia-
gram highlights the two output branches: continuous anomaly maps evaluated with threshold-independent
metrics and binary prediction masks.
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Table 5.3: PIXEL CONNECTIVITY DEFINITIONS. Comparison of 4-connectivity and 8-connectivity used
for connected-component analysis in 2D images.

Connectivity | Neighboring pixels considered

4-connectivity | North (N), South (S), East (E), West (W)
North (N), South (S), East (E), West (W), North-East (NE),
North-West (NW), South-East (SE), South-West (SW)

8-connectivity

To explicitly separate coherent detections from noise, connected component analysis is per-
formed on the raw prediction mask M (I). This operation groups adjacent foreground pixels into
spatially contiguous components, enabling filtering decisions to be made at the component level
rather than at the individual pixel-level.

Connectivity between pixels is defined using 8-connectivity, in which two foreground pixels
are considered connected if they share either an edge or a corner. Compared to 4-connectivity,
which only considers edge-adjacent pixels, 8-connectivity better preserves irregular and diago-
nally extended metal artifact shapes by preventing a single coherent structure from being artifi-
cially split into multiple smaller components, which could otherwise fall below the area threshold.
A schematic comparison of 4- and 8-connectivity is shown in Table 5.3.

Let 2 denote the pixel domain of image I, and let {C1, ..., C,,} be the set of connected com-
ponents obtained from M (I) under 8-connectivity. Each component C; C 2 is a set of foreground
pixels, with area |C;| equal to its pixel count. Components whose area falls below a minimum
size threshold are discarded. The filtered mask Mgjered(I) : 2 — {0, 1} is defined pixel-wise as

1, if M(I,u) = 1and u € C; with |Ci| > Tarea,

. (5.16)
0, otherwise,

Mfiltered(la u) = {

where u € Q denotes a pixel location and T,rea = 3 pixels is the minimum component size thresh-
old. This choice removes 1-2 pixel noise speckles while preserving genuine small artifact frag-
ments.

Component filtering is performed prior to morphological refinement. This design choice pre-
vents subsequent dilation from amplifying isolated noise regions, which would otherwise neces-
sitate more aggressive erosion for removal. The initial filtering serves as a coarse noise suppres-
sion stage, whereas subsequent morphological closing focuses on shape regularization and gap
filling. Separating noise removal from shape refinement ensures that the post-processing pipeline
remains interpretable and avoids redundant or conflicting operations.

Morphological Operations Following connected component filtering, the remaining predic-
tion masks may still exhibit fragmented regions and irregular boundaries. While these artifacts
are easily negligible at the pixel-level, they can lead to unstable slice-wise and patient-level deci-
sions. For example, small gaps within an otherwise coherent artifact region may cause adjacent
slices to be classified inconsistently. To improve spatial coherence and decision stability, we there-
fore apply morphological refinement to the binary prediction masks.

This refinement builds on the morphological framework introduced in Section 5.2.3. In con-
trast to the ground-truth mask generation stage, where conditional opening was used to smooth
large regions while preserving small artifacts, the objective here is to connect fragmented de-
tections and regularize boundaries. We therefore apply morphological closing, defined as dila-
tion followed by erosion. Dilation bridges small gaps between nearby detections and reconnects
fragmented parts of the same artifact, whereas erosion counteracts excessive expansion, approx-
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Table 5.4: MORPHOLOGICAL PARAMETER CONFIGURATIONS. Parameter settings for morphological
closing evaluated on the validation set.

Configuration ng ne Kk  Tarea
Baseline 1 1 5 3
Aggressive 2 1 5 3
Conservative 1 2 5 3

imately restoring the original extent of the regions while preserving newly established connec-
tions.
A single closing operation with structuring element B of size k x k is defined as:

Cnd,ne, (Mfiltered§ B) = (Mfiltered @nd B) ene B, (517)

where ng and n. denote the number of successive dilation and erosion iterations, respectively.
The relative balance between these parameters controls the strength of refinement, trading off the
ability to reconnect fragmented detections against the risk of artificial region growth.

We evaluate three simple configurations: baseline, aggressive, and conservative, each corre-
sponding to a single closing operation with different dilation-erosion balances. All configurations
use an structuring element with a kernel size £ and identical connected-component filtering pa-
rameters. The evaluated parameter settings are summarized in Table 5.4.

Based on validation experiments, we adopt the aggressive configuration in all reported results.
This choice favors the reconnection of fragmented artifact regions and reduces the risk of missing
true artifacts.

5.5.2 3D post-processing

The slice-wise operations above treat each slice independently, but each MR scan is a 3D volume.
We therefore add a volumetric post-processing stage that enforces cross-slice consistency and
supports patient-wise 3D reconstruction for review.

Volumetric consistency filtering Although inference is performed on a slice-level, each MR
image constitutes a 3D volume in which clinically meaningful anomalies typically persist across
multiple adjacent slices. Isolated anomaly detections on a single slice are commonly caused by
reconstruction noise or overly permissive thresholds. In order to reduce false positives without
discarding true anomalies we enforce volumetric persistence as a final step of the post processing.
To avoid introducing additional thresholds or distance hyperparameters for 3D consistency
filtering we used a simple pixelwise overlap-based persistence rule. This only keeps detections
on slice z if it overlaps with either neighbor (2 — 1 or z + 1) as detailed in the following section.

Pixelwise Overlap-based Persistence Let M. € {0,1}7*W denote the refined post processed
prediction mask of slice z obtained by thresholding the nomalized anomaly map at the learned
operating threshold 7 and applying the subsequent post processing steps in 2D as discussed in
Section 5.5. Since M,_; and M, are binary masks, we interpret them as foreground pixel sets
where M, C Q with Q = {1,...,H} x {1,..., W} contains exactly those pixels with value 1.

Therefore, |C§k) N M.11]| counts the number of overlapping foreground pixels. With the obvious
boundary handling for z = 1 and z = Z (use the single available neighbor). The retained mask
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on slice z is the union of all components that remain:

M= Jc. (5.18)
k

3D Volume Reconstruction After slice-wise post-processing and cross-slice consistency en-
forcement, we reconstruct patient-specific 3D volumes to facilitate clinical review and enable
volume-based evaluation metrics. This reconstruction step serves visualization and aggregation
purposes rather than influencing the detection pipeline itself.

Patient-wise stacking Slices are grouped by patient identifier (extracted from filename pattern
PA{id}_{slice}.png) and stacked along the z-axis in anatomical order. The final 3D volume
V € REXWXD for patient p is:

Vo(x,y,2) = M, (2,y), (5.19)

p,z
where M) , is the persistence-filtered mask for slice 2 of patient p, and D is the number of slices.

5.6 Evaluation

5.6.1 Slice-level Metrics

For slice-level metrics each axial slice is treated as an independent image for detection and re-
porting. At the same time, our post-processing enforces 3D consistency by removing anomalies
that do not persist across multiple adjacent slices. This is a reasonable choice as in clinical settings
radiologists review volumes slice-by-slice. Our anomaly detection pipeline produces a per-slice
heatmap that is thresholded and post-processed before classification. After connected-component
filtering and morphologcy to filter out any spurious regions, a slice is declared as anomalous if
any post-processed anomalous region remains.

Reported metrics. At slice-level, we treat each slice as a binary classification problem: a slice
after postprocessing slice is classified as positive (anomalous) if the final prediction mask contains
at least one foreground pixel and negative otherwise:

We classify a slice as anomalous if any foreground pixel remains:

1, 1fZ (Liz,p) >0,

@\slice(li)z) — peQ (520)
0, otherwise.

The ground-truth slice label is defined analogously from the annotation mask y(I; .,p) €

{0,1}:
17 lf Z 7 Z7p
slice
y>ol:) = PEQ (5.21)
0, otherwise.

Slice-level confusion matrix Let 7 be the set of test slices. For each slice (i, z) € T, we define a
predicted slice label jjjl};e € {0,1} and a ground-truth slice label 3 1;“’ € {0, 1}. The slice-level true

positives TPgj;ce are the number of slices with ﬂflfe = 1and ybllce = 1, false positives FPgj;c are

those with g5l = 1 but y§'i® = 0, true negatives TNy, are those with 73" = 0 and y§'i® = 0,

and false negatives FNgj;ce are those with ¥ yilice = 0 but y“lfe = 1. These are computed over all

(1,z) € T and are then used to report slice- level precision, recall, F1y, and balanced accuracy:
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Precision and Recall We report precision and recall on a slice-level as defined in Section 5.4.
Optimizing for high recall is a conservative choice: it limits missed anomalies (false negatives)
that could propagate into faulty sCT generation. However, false positives lead to real costs as this
flagged MR scan then requires a CT scan. Therefore, precision must be considered in tandem; it
quantifies the proportion of flagged scans who are truly anomalous. Since every false positive
typically triggers additional review we want to avoid flagging many in-distribution slices while
still anomalies.

F1 score In our setting we do not treat precision and recall as equally important. We therefore
report precision and recall separately and include the F; as a compact summary of the overall
trade-off. In safety-critical environments, the F; score may not be the optimal choice, as false
negative costs may be too high. It is therefore reported next to Precision and Recall.

Balanced Accuracy The balanced accuracy (BA) is the arithmetic mean of the sensitivity (re-
call) and specificity:
TN
S = ——-5 5.22
TN+ FP’ (522)
In comparison to plain accuracy, BA is robust under class imbalance and is therefore informative
when anomalies are rare.

5.6.2 Pixel-level metrics

In anomaly detection, evaluating a model’s ability to precisely localize anomalous regions is as
important as measuring slice-level detection accuracy. For this purpose, pixel-level evaluation
metrics are employed to assess how well the predicted prediction mask, threshold-swept metrics
are not evaluated here due to complexities it would introduce and .

Since both predictions and ground truth are binary masks, evaluation is performed at a fixed
threshold. Threshold-swept metrics such as AUROC can still be computed by sweeping over a
set of thresholds and rerunning the post-processing. This is substantially more computationally
expensive and is therefore not reported here.

Reported metrics Similar to the slice-level setting, we report pixel-wise precision and recall.
Here, the confusion counts are computed over pixels: across all test slices I € T and pixels p € €2,
we count TP as the number of pixels with J/W\pp(I,p) = 1 and y(I,p) = 1, FP as those with
J/prp(l,p) = 1but y(I,p) = 0, and FN as those with ]/\/_f\pp(I,p) = 0 but y(I,p) = 1. Pixel-wise
precision and recall are then computed from these counts using formulas in Section 5.4. Preci-
sion measures how many predicted-positive pixels are truly positive; recall on the other hand
quantifies measures how many true-positive pixels are recovered. High recall reduces missed
anomalous pixels; precision limits false positive detections. ( , )

Dice (pixel-level equivalent of F;). At pixel-level, the Dice coefficient is exactly the F; score
computed from pixel-wise precision and recall:

2TP
Dice — — F o 5.3
= 9TP L FP + FN Lpix (5:23)

Practically, “Dice” is used when interpreting the set overlap between the predicted and ground-
truth masks, and “F;” when emphasizing the precision-recall view; numerically they are identical
under the same pixel-wise counts ( , )-
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False Negative Rate (FNR). The pixel-wise miss rate (complement of recall) is computed us-
ing the confusion matrix defined above 5.6.2 and the formula defined in Section 5.4. It directly
quantifies missed anomalous pixels. The pixel-level metrics above—precision/recall, Dice FNR,
specificity /balanced accuracy quantify localization: how well predicted regions align with anno-
tated anomalies in space.

5.6.3 Patient-level Metrics

Clinical decisions are ultimately made per scan rather than per pixel or slice. We therefore aggre-
gate slice-level outputs into a patient-level classification.

From slices to patients Having defined image- and pixel-level metrics, the remaining question
is how to aggregate slice-wise outputs into a patient-level decision that is consistent with clinical
quality assurance.

There are many possible ways to aggregate slice-wise predictions into a patient-level decision,
and we discuss potential improvements in the Discussion chapter Section 8.2. In this work, how-
ever, we focus on a simple and transparent aggregation rule that can be applied directly to the
post-processed slices.

Let p index a patient and z € {1,...,D,} an axial slice. After the post-processing steps de-
scribed in Section Section 5.5, let ]T/[\p_; (u) € {0, 1} denote the final prediction mask on slice z, with
pixelindex u € Qand Q = {1,..., H} x {1,...,W}. The number of predicted-positive pixels on
slice z is .

Nfo=> " M, .(u), (5.24)
e

and the corresponding positive fraction is

N+
fpz = ‘Sr € [0,1]. (5.25)

Mean positive fraction. We average the slice-wise positive fractions and compare them to a
threshold:

D
_ 1 <= e ir T
o = D*,,;lfp,z, classify if f, > Gmean- (5:26)

The statistic f, summarizes the overall fraction of predicted-positive pixels across the scan. It
reduces sensitivity to isolated false detections, but it can dilute small anomalous regions.

We use the mean positive fraction as our primary patient-level rule as it is stable, interpretable
and easy to apply. The operating point is controlled by cuyean, and we report results for multiple
values of aimean. AS Omean — 07, the rule approaches the conservative any-positive decision.
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Experiments

6.1 Experiment 1: Replicated Channel Baseline

The primary goal of Experiment 1 is to establish a baseline for evaluating the anomaly detection
pipeline and post-processing framework under standardized conditions on the single-center MR
pelvis dataset. To ensure compatibility with anomaly detection models originally developed for
RGB images, each single-channel MR slice is replicated across three input channels as described in
Section 5.3. This allows the models to operate without architectural modification, enabling direct
benchmarking of training stability and post-processing performance. Furthermore, the baseline
provides a consistent reference point for subsequent experiments.

Two representative models are selected from each anomaly detection family introduced in
Chapter 4: DRAEM and Dinomaly (reconstruction-based), STFPM and RD4AD (knowledge dis-
tillation), CFA and PatchCore (memory-bank), FastFlow and CFlow (flow-based), and DeepSVDD
and CutPaste (one-class classification). Performance is assessed using the Anomalib evaluation
framework!%. Metrics are computed at the slice- and pixel-levels according to the definitions in
Section 5.6, using Dice scores at the pixel-, slice-, and patient-levels as the primary outcome mea-
sures.

6.2 Experiment 2: Impact of Input Data Represen-
tation

Experiment 2 investigates how different input data representations affect anomaly detection per-
formance compared to the single-slice 3-channel baseline from Experiment 1. To this end, the
same single-center pelvis dataset is reformatted into two additional variants as described in Sec-
tion 5.3: a bone colormap representation, where each MR slice is mapped to a 3-channel pseudo-
RGB image with synthetic color, and a 2.5D consecutive-slices representation, where three adjacent
axial slices (z — 1, z, z + 1) are stacked along the channel dimension. Together with the replicated-
channel baseline, these three formats allow a controlled comparison between purely replicated
input, synthetic color encoding, and local volumetric context.

From the anomaly detection families introduced in Chapter 4, one high-performing configura-
tion is selected per family based on the patient-level Dice in Experiment 1, covering reconstruction-

lhttps://anomalib.readthedocs.io/en/v2.0.0/markdown/guides/how_to/evaluation/
evaluator.html

2https://anomalib.readthedocs.io/en/latest/markdown/guides/reference/metrics/index.
html
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based, knowledge-distillation, memory-bank, and flow-based methods. For each selected model,
training is repeated separately on the colormap and 2.5D datasets using the same training frame-
work as in Experiment 1. Evaluation follows the identical pipeline described in Section 5.6: raw
anomaly maps are post-processed in the same way, and Dice scores at pixel-, slice-, and patient-
level are reported to quantify the impact of the alternative input representations relative to the
replicated-channel baseline.

6.3 Experiment 3: Backbone Replacement

Experiment 3 investigates whether replacing an ImageNet-pretrained backbone with a RadImage-
Net-pretrained backbone improves anomaly detection performance on pelvic MR images. To this
end, we focus on FastFlow as a representative flow-based method with a clearly separated, frozen
feature extractor and trainable flow head, which makes backbone replacement straightforward
and computationally efficient.

In the configuration of Experiment 2, FastFlow uses a Wide ResNet-50 encoder pretrained on
ImageNet. For Experiment 3, this encoder is replaced by a ResNet-50 pretrained on Radlma-
geNet, while the network architecture and input formatting remain unchanged. As in standard
FastFlow setups, the backbone remains frozen and only the normalizing-flow head is optimized
during training. The dataset, input variants (replicated channels, bone colormap, and 2.5D con-
secutive slices), and patient-level train/validation/test split are identical to Experiments 1 and 2.
Evaluation follows the same post-processing pipeline and metrics described in Section 5.6, re-
porting Dice scores at pixel-, slice-, and patient-level. This controlled design isolates the effect of
medical-image pretraining in the backbone while keeping all other components of the anomaly
detection pipeline fixed.

6.4 Experiment 4: Multi-Center Generalizability

Experiment 4 evaluates whether the most promising anomaly detection configurations from Ex-
periment 2 maintain their performance in a multi-center setting. Specifically, for each anomaly de-
tection family (reconstruction-based, knowledge distillation, flow-based, and memory-bank), we
select the model-input-format combination that achieved the highest patient Dice scores on the
single-center dataset and apply these configurations to the multi-center pelvis dataset comprising
scans from centers A and C as described in Section 5.2. The training setup and evaluation pipeline
are kept identical to the previous experiments, and Dice scores at pixel-, slice-, and patient-level
are again reported as primary metrics. This setup allows a direct comparison of single-center ver-
sus multi-center performance for each selected configuration and isolates the impact of scanner
and protocol variability on the best-performing approaches.



Chapter 7

Results

7.1 Experiment 1: Replicated Channel Baseline

Table 7.1 summarizes the postprocessed performance of all evaluated models on the single-center
replicated-channel slices. Pixel-level metrics are computed from the segmentation masks, while
slice-level metrics are derived from slice-wise classification. PatchCore achieves the highest Dice
scores at both levels with a pixel-level Dice of 0.41 and slice-level Dice of 0.78, indicating the
strongest overall segmentation and classification performance in this setting. In contrast, CFlow
yields the lowest Dice scores and fails to produce meaningful pixel-level anomaly maps. The
remaining reconstruction-, distillation-, and memory-bank methods fall between these extremes,
with moderate localization quality and similar slice-level Dice values.

Table 7.1: EXPERIMENT 1 IMAGE- AND PIXEL-LEVEL METRICS ON REPLICATED CHANNELS. Post-
processed pixel-level and slice-level precision, recall, and Dice for all models on the single-center replicated-
channel slices. Pixel-level metrics are computed from the segmentation masks, slice-level metrics from
slice-wise classification. The best Dice values per level are highlighted.

Pixel-level Slice-level
Model Prec. Rec. Dice Prec. Rec. Dice

DRAEM 0.3522 0.4395 0.3911 | 0.2846 0.9855 0.4417
Dinomaly | 0.0231 0.7963 0.0450 | 0.2392 1 0.3860
RD4AD 0.0876 0.1354 0.1063 | 0.3629 0.9277 0.5217
STFPM 0.0597 0.6902 0.1098 | 0.2393 1 0.3862

CFlow 0 0 0 0.1769 0.1253 0.1467
FastFlow | 0.0404 0.0243 0.0303 | 0.3312 0.7422 0.4580
CFA 0.1145 0.7625 0.199 | 0.2402 1 0.3873

Patchcore | 0.3667 0.4544 0.4058 | 0.8769 0.7036 0.7807

Table 7.2 reports the patient-level performance for selected decision thresholds on the replicated-
channel slices. For each model, precision, recall, and Dice are listed across a small set of thresh-
olds to characterize operating-point behavior at the patient-level without fixing a single threshold
beforehand. In subsequent analyses, the best operating point is chosen as the threshold that max-
imizes patient-level Dice on the test set, providing an optimistic estimate of performance. Among
the reconstruction-based and memory-bank methods, PatchCore reaches the highest observed
patient-level Dice (0.90), followed by DRAEM and CFA, while RD4AD and STFPM show slightly
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Table 7.2: EXPERIMENT 1 PATIENT-LEVEL METRICS ON REPLICATED CHANNELS. Patient-level
precision, recall, and Dice on the single-center replicated-channel slices for different decision thresholds
after postprocessing. For each model, several operating points are shown without fixing a single threshold
a priori. The best Dice score for each model is in bold and the best overall Dice is highlighted.

Model | Threshold | Precision Recall | Dice
0 0.4667 1 0.6364

DRAEM 0.002 0.8000 0.8571 | 0.8276
0.0025 0.7692 0.7143 | 0.7407

0 0.4667 1 0.6364

Dinomaly 0.025 0.5217 0.8571 | 0.6486
0.030 0.5000 0.7857 | 0.6111

0 0.4667 1 0.6364

RD4AD 0.003 0.7333 0.7857 | 0.7586
0.0035 0.7143 0.7143 | 0.7143

0 0.4667 1 0.6364

STFPM 0.030 0.9000 0.6429 | 0.7500
0.035 0.8571 0.4286 | 0.5714

0 0.5429 1 0.7037

CFlow 0.001 0.5000 0.0526 | 0.0953
0.002 1.0000 0.0526 | 0.1000

0 0.5428 1 0.7037

FastFlow 0.001 0.5000 0.3158 | 0.3871
0.002 0.5000 0.2105 | 0.2963

0 0.4667 1 0.6364

CFA 0.015 0.8 0.8571 | 0.8276
0.02 0.8571 0.4286 | 0.5714

0 0.4667 1 0.6364

PatchCore 0.0001 0.8667 0.9286 | 0.8966
0.0005 1 0.7857 0.88

lower but still competitive best Dice values. In contrast, the flow-based models CFlow and Fast-
Flow deteriorate rapidly once the threshold is moved away from the trivial operating point at
Zero.

The quantitative differences in localization quality are reflected in the qualitative examples in
Figure 7.1. The OOD slice in 7.1(a) contains a large artifact area where PatchCore produces a com-
pact anomaly region that closely overlaps the ground-truth artifact mask. Several other models
either only partially cover the artifact or generate diffuse activations, with CFlow and FastFlow
failing to highlight a meaningful region. The OOD slice in 7.1(b) shows a smaller artifact area,
and all of the models seem to struggle more with this. While PatchCore produces an anomaly
mask covering the artifact area, many models do not generate an anomaly mask at all or a false
anomaly mask. For the in-distribution case in Figure 7.2, PatchCore, RD4AD, and FastFlow cor-
rectly do not produce an anomaly mask, whereas some reconstruction- and flow-based models
still predict spurious anomalous areas despite the absence of metal artifacts.



7.1 Experiment 1: Replicated Channel Baseline

GT DRAEM Dinomaly

(a) OOD volume 1PA118 slice 57.

GT DRAEM Dinomaly

RD4AD STFPM CFlow

FastFlow CFA PatchCore

(b) OOD volume 1PA147 slice 51.

Figure 7.1: EXPERIMENT 1 PREDICTED ANOMALY MASKS OF THE EVALUATED MODELS FOR
OOD cAsEs. Visual comparison of anomaly masks (red overlay) generated by the evaluated models against

the ground-truth (GT) artifact mask for two different OOD volumes.
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GT DRAEM Dinomaly

Figure 7.2: EXPERIMENT 1 PREDICTED ANOMALY MASKS OF THE EVALUATED MODELS FOR
IN-DISTRIBUTION CASE.. Anomaly masks (red overlay) generated by the evaluated models against the
ground-truth (GT) artifact mask for the OOD volume 1PA058 (slice 45).

(a) Ground-truth artifact volume. (b) PatchCore anomaly volume.

Figure 7.3: EXPERIMENT 1 VOLUMETRIC BEHAVIOR OF PATCHCORE. Three-dimensional visualiza-
tion of the ground-truth artifact volume and the corresponding PatchCore anomaly volume for the OOD
case 1PA118.

The volumetric comparison in Figure 7.3 shows that the ground truth artifact forms a coherent
three-dimensional region around the implant and that the PatchCore anomaly volume follows
this structure. This further supports PatchCore as the strongest contender in this baseline setting.

In pelvis MR, very small metal objects often create only tiny signal voids or subtle intensity
changes that resemble other low-signal or high-contrast structures, such as air pockets or bowel
gas. The examples in Figure 7.4 illustrate that even the strong models fail to detect such subtle
artifacts: none of the evaluated methods produces an anomaly mask on the relevant slices, despite
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Ground Truth Mask

(a) Visualization of the anomaly mask prediction for volume 1PA136 slice 110.

Ground Truth Mask

(b) Visualization of the anomaly mask prediction for volume 1PA152 slice 63.

Figure 7.4: EXPERIMENT 1 CHALLENGING SMALL-IMPLANT CASES. Examples of small implants with
subtle artifacts. The ground truth and anomaly masks are marked red on top of the MR slice. Both models
in (a) and (D) fail to provide a anomaly mask for this slice.
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Table 7.3: EXPERIMENT 1 PERFORMANCE BEFORE AND AFTER POSTPROCESSING. Comparison
of model performance on the single-center replicated-channel slices before and after the postprocessing
pipeline. AUROC is reported only for the raw anomaly scores (pixel- and slice-level) before postprocessing,
while Dice scores are shown at pixel-, slice-, and patient-level for both configurations. The best patient-level
Dice corresponds to the threshold that maximizes patient Dice on the test set.

AUROC Pixel Dice Slice Dice Best Patient Dice
Model Pixel / Image | Before After | Before After | Before  After
DRAEM 0.9618 / 0.8655 | 0.3504 1 0.3911 | 0.3860 1 0.4417 | 0.8387 | 0.8276
Dinomaly | 0.6269 / 0.3160 | 0.0071 1 0.0450 | 0.3860 =0.3860 | 0.6364 1 0.6486
RD4AD 0.9539 / 0.8002 | 0.0857 1 0.1063 | 0.5226 | 0.5217 | 0.7586 = 0.7586
STFPM 0.9632 / 0.7380 | 0.0907 1 0.1098 | 0.3861 1 0.3862 | 0.7143 1 0.7500
CFlow 0.5703 / 0.5279 | 0.0000 =0.0000 | 0.1657 | 0.1467 | 0.7037 = 0.7037
FastFlow 0.9154 / 0.6591 | 0.0271 1 0.0303 | 0.4723 | 0.4580 | 0.7037 = 0.7037
CFA 0.9692/0.7498 | 0.0799 1 0.199 | 0.4947 | 0.3873 | 0.7059 1 0.8276
PatchCore | 0.9298 / 0.9821 | 0.4052 1 0.4058 | 0.7807 =0.7807 | 0.8966 = 0.8966
DeepSVDD -/ 0.8075 - - 0.5982 - - -
CutPaste -/ 0.7498 - - 0.4947 - - -

the ground-truth indicating small artifact regions. This highlights that small-implant cases remain
outside the effective detection range of the current models and post-processing pipeline.

Table 7.3 compares model performance on the replicated-channel slices before and after the
postprocessing pipeline. AUROC is reported only for the raw anomaly scores before postpro-
cessing, while Dice is provided at pixel-, slice-, and patient-level for both configurations. STFPM
attains the highest pixel-level AUROC (0.96), whereas PatchCore achieves the highest slice-level
AUROC (0.98). CFlow and Dinomaly form the lower end of the spectrum with markedly reduced
AUROC at both pixel- and slice-level. Across models, postprocessing typically increases pixel-
level Dice by roughly 10-150% relative to the preprocessed values, while slice- and patient-level
Dice remain unchanged or change only modestly. CFA exhibits one of the strongest relative gains
in pixel-level Dice after postprocessing, whereas PatchCore and the flow-based models are largely
unaffected in terms of their best patient-level Dice.

DeepSVDD and CutPaste are only reported at slice-level in this comparison and do not pro-
vide pixel-wise localization maps in the current setup, which prevents the use of the segmentation-
oriented postprocessing and the computation of pixel- or patient-level Dice for these models.

7.2 Experiment 2: Impact of Input Data Represen-
tation

Table 7.4 summarizes the postprocessed performance of the best-performing models from Exper-
iment 1 when applied to the three alternative input formats in this experiment. For each combi-
nation of model and format, pixel-level Dice, slice-level Dice, and the best patient-level Dice over
evaluated thresholds are reported, allowing a direct comparison between replicated channels,
adjacent slices, and bone colormap inputs on the same test set.
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Table 7.4: EXPERIMENT 2 METRICS FOR DIFFERENT INPUT FORMATS. Postprocessed performarnce
of selected models for three input formats on the same test set: replicated channels, adjacent slices, and
bone colormap. For each model—format combination, pixel-level Dice, slice-level (image) Dice, and the best
patient-level Dice over evaluated thresholds are reported.

Model | Input format | Pixel Dice | Slice Dice | Best Patient Dice
Replicated channels 0.3911 0.4417 0.8276
DRAEM Adjacent slices 0.1157 0.3860 0.7097
Bone colormap 0.0803 0.3860 0.7222
Replicated channels 0.1063 0.5217 0.7586
RD4AD Adjacent slices 0.0882 0.5181 0.7586
Bone colormap 0.1432 0.4665 0.6471
Replicated channels 0.0303 0.4580 0.7307
FastFlow | Adjacent slices 0.0030 0.3965 0.7317
Bone colormap 0.0005 0.4519 0.6857
Replicated channels 0.4058 0.7807 0.8966
PatchCore | Adjacent slices 0.4050 0.7750 0.8800
Bone colormap 0.5097 0.7682 0.9630

GT Replicated Consecutive Bone Colormap

Figure 7.5: EXPERIMENT 2 PATCHCORE ANOMALY MASKS FOR DIFFERENT INPUT FORMATS. Pre-
dicted anomaly masks (red overlay) from the PatchCore model for three OOD volumes 1PA118 (slice 57),
1PA155 (slice 112), and 1PA169 (slice 65) using replicated channels, adjacent slices, and bone colormap
inputs.

Across formats, PatchCore remains the strongest method. Its slice-level Dice stays consistently
high around 0.78 for all three input formats, while pixel-level Dice increases from 0.41 for repli-
cated channels to 0.51 for the bone colormap, and the best patient-level Dice rises from 0.90 to
0.96, indicating that the colormap representation improves both localization and patient-level de-
cisions. These trends are illustrated in Figure 7.5. For representative OOD slices, the PatchCore
model with replicated channels produces a compact anomaly mask around the artifact, while the
colormap-based model covers the artifact region more completely. RD4AD also benefits from
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Table 7.5: EXPERIMENT 3 FASTFLOW BACKBONE COMPARISON. Postprocessed performance of Fast-
Flow with ImageNet and RadlmageNet backbones across three input formats. For each backbone—format
combination, pixel-level Dice, slice-level Dice, and the best patient-level Dice over evaluated thresholds are
reported.

Backbone | Input format | Pixel Dice | Slice Dice | Best Patient Dice
Replicated channels 0.0303 0.4580 0.7037

ImageNet Adjacent slices 0.0030 0.3965 0.7317
Bone colormap 0.0005 0.4519 0.6857
Replicated channels 0.0327 0.4500 0.7317

RadImageNet | Adjacent slices 0.0796 0.4319 0.7907
Bone colormap 0.0457 0.4404 0.7222

the bone colormap at the pixel-level but maintains broadly similar slice- and patient-level Dice
for replicated channels and adjacent slices. In contrast, DRAEM and FastFlow achieve their best
pixel-level Dice with replicated channels and show clearly weaker localization with adjacent slices
and colormap inputs, while their slice- and patient-level Dice vary only modestly between for-
mats and remain below those of RD4AD and PatchCore.

7.3 Experiment 3: Backbone Replacement

Table 7.5 compares the post-processed performance of FastFlow when using a standard ImageNet-
pretrained backbone versus a RadlmageNet-pretrained backbone across the three input formats
from Experiment 2. For each backbone—format combination, pixel-level Dice, slice-level Dice, and
the best patient-level Dice over evaluated thresholds are reported, enabling a direct assessment
of whether domain-specific pretraining improves FastFlow in this setting.

Overall, replacing ImageNet with RadImageNet slightly improves FastFlow but does not re-
solve its core limitations. Slice-level Dice remains in a similar range for both backbones, while
RadImageNet yields consistently higher pixel-level Dice, corresponding to relative gains on the
order of 50-90% across the three input formats, and modest increases in best patient-level Dice of
roughly 3-8% depending on the format. Nevertheless, the absolute Dice values stay clearly below
those of the strongest methods from Experiments 1 and 2. This is also reflected in the example in
Figure 7.6, where FastFlow’s anomaly maps remain fragmented and noisy compared to the more
compact and accurate masks produced by PatchCore (as seen in Figure 7.1).

Consecutive

Replicated

Bone Colormap

Figure 7.6: EXPERIMENT 3 FASTFLOW ANOMALY MASK PREDICTIONS WITH RADIMAGENET
BACKBONE. Predicted anomaly maps (red overlay) for the OOD volume 1PA118 (slice 57) using the
FastFlow model with the RadlmageNet backbone and the 3 different input formats.
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7.4 Experiment 4: Multi-Center Generalizability

Table 7.6 summarizes how the performance of the best-performing models changes when mov-
ing from the single-center to the multi-center replicated-channel datasets. For each model and
dataset, pixel-level Dice, slice-level Dice, and the best patient-level Dice over evaluated thresh-
olds are reported, allowing a direct assessment of robustness to increased acquisition variability.

Overall, all methods experience a performance drop on the multi-center data, but the mag-
nitude differs across models and metrics. Pixel- and patient-level Dice for DRAEM, RD4AD,
and FastFlow typically decrease by about 30-40%, with notable reductions in slice-level Dice as
well, indicating reduced robustness of these models under protocol and scanner heterogeneity.
PatchCore also degrades on the multi-center bone colormap data, but its relative drop is smaller
(around 5% at pixel-level and 20-25% at slice- and patient-level), and it continues to achieve the
highest Dice scores among the evaluated methods in this more challenging setting.

Table 7.6: EXPERIMENT 4 SINGLE- VS. MULTI-CENTER PERFORMANCE. Dice performance of the best-
performing model-format combinations when moving from a single-center dataset to a multi-center dataset.
For each model and dataset, pixel-level Dice, slice-level Dice, and the best patient-level Dice over evaluated
thresholds are reported.

Model | Dataset | Pixel Dice | Slice Dice | Best Patient Dice
DRAEM Single-center replicated 0.3911 0.4417 0.8276
Multi-center replicated 0.1832 0.2925 0.5926
RD4AD Single-center replicated 0.1063 0.5217 0.7586
Multi-center replicated 0.0318 0.4034 0.6452
FastFlow | Single-center replicated 0.0030 0.3965 0.7317
Multi-center replicated 0.0009 0.2868 0.5614
PatchCore | Single-center bone colormap 0.5097 0.7682 0.9643
Multi-center bone colormap 0.4856 0.7099 0.7742
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Discussion

8.1 Discussion of Experimental Findings

The baseline Experiment 1 on single-center replicated-channel slices suggests that methods ex-
ploiting local feature memories are better aligned with metal-implant artifacts than reconstruction-
or flow-based approaches. PatchCore’s patch-wise memory and nearest-neighbor scoring plausi-
bly favor compact, localized deviations, which match the way metal artifacts appear as structured,
confined regions and may explain its consistently higher Dice and more coherent masks. Patch-
Core also appears able to leverage a feature extractor pretrained on natural images (ImageNet)
and still transfer it reasonably well to pelvic MR, despite the domain mismatch. Recent work
has shown that PatchCore-style methods remain competitive when applied to medical imaging
benchmarks, supporting the hypothesis that memory-based patch features can tolerate a back-
bone trained on non-medical data and still generalize beyond the industrial texture settings for
which they were originally proposed ( , ; , )- Other methods, such
as the flow-based models, struggle more with this domain shift and show weak pixel-level per-
formance. This might reflect that likelihood modeling in a feature space pretrained on natural
images is brittle once the underlying MR feature distribution moves away from the source do-
main, in line with recent reports that many OOD detectors fail to generalize reliably in 3D medical
imaging settings ( , )- Reconstruction and teacher-student models sit between
these extremes. They often detect an anomaly on a slice, but either over-smooth subtle artifacts or
respond to normal high-contrast structures, leading to diffuse or fragmented masks. Pelvic MR
anatomy is highly variable, and normal structures such as bowel gas or bony interfaces can re-
semble metal-induced voids. In such settings, teacher-student models seem to struggle, because
the student is encouraged to mimic the teacher on appearances that sometimes look “artifact-like’
even when they are normal, which can blur the distinction between true metal artifacts and chal-
lenging but normal anatomy and contribute to coarser localization.

The results also underline that AUROC alone seems to be a poor proxy for clinical utility.
Several models achieve high AUROC but still produce misaligned or systematically too small or
too large masks, which reduces Dice and would complicate patient-level decisions in practice.
This pattern is consistent with broader concerns in medical imaging that strong classification
AUROC does not guarantee reliable localization or clinically meaningful performance (

7 )

The modest and method-dependent impact of the postprocessing pipeline suggests that it
can refine but not fundamentally repair anomaly maps. When a reasonable structure is present,
simple smoothing and component filtering improve pixel-level Dice slightly, but when maps are
noisy or nearly empty, the same pipeline cannot hallucinate a meaningful artifact region. Together
with the qualitative failures on small-implant cases, where all models miss subtle artifacts, this



62 Chapter 8. Discussion

indicates that the current combination of backbone, training objective, and generic postprocessing
is biased toward larger, more conspicuous artifacts.

Experiment 2 investigated how changes in input representation affected the performance of
the models. The results show that the input format interacts with the model families in subtle
ways, and the small numerical differences observed should be interpreted cautiously in light of
the general limitations. For PatchCore, the slight advantage of the bone colormap over replicated
channels is at least coherent with its design: a memory over precomputed feature patches should,
in principle, benefit from a richer channel structure that makes local patterns more separable
in feature space, without altering the underlying anatomy. For RD4AD, the mixed picture fits
the idea that a teacher trained on natural images may not fully exploit synthetic color in MR. For
reconstruction- and likelihood-based methods such as DRAEM and FastFlow, the absence of clear
benefits from 2.5D or colormap inputs may indicate that these architectures are more tightly cou-
pled to specific assumptions about intensity distributions and channel semantics, making them
less flexible to changes in representation. At the same time, many of the observed differences be-
tween formats are small and within the range that could plausibly arise from stochastic effects in
training. Overall, these results are consistent with prior work highlighting that the benefits of Im-
ageNet pretraining and the robustness of OOD methods in medical imaging are highly sensitive
to domain and representation mismatch ( , ; ,

Experiment 3 probed whether a medical-image—pretrained backbone can compensate for the
domain gap between natural images and pelvic MR in FastFlow. Replacing ImageNet with
RadImageNet consistently increases pixel-level Dice and improves patient-level Dice across all
three input formats, with the largest gain for the adjacent-slice setting, which is plausibly ex-
plained by the encoder having been pretrained on radiological images instead of natural pho-
tographs and therefore providing features that better match MR appearance. This pattern is co-
herent with broader evidence that feature-space anomaly detectors are sensitive to the choice
of pretrained backbone and tend to benefit when the pretraining task is better aligned with the
target domain ( , ). Slice-level Dice, however, remains largely unchanged, sug-
gesting that the per-slice decision is still predominantly governed by the normalizing-flow com-
ponent and is less sensitive to refinements in the encoder representation. Overall, the impact of
RadImageNet pretraining on FastFlow is therefore mixed. The backbone provides more informa-
tive features for voxelwise localization, but these gains do not consistently carry over to slice- or
patient-level metrics. This could be because FastFlow operates on already downsampled back-
bone features, so some of the added detail from a better encoder is discarded before reaching the
flow head. Limitations for this experiment are that RadImageNet is trained jointly on heteroge-
neous, multi-center CT, MR, and ultrasound data from multiple body regions, which narrows but
does not remove the domain gap to the much narrower setting of single-center pelvic MR images
in this experiment ( , ). Additionally, only the backbone in one flow-based architec-
ture is modified, so the findings should be viewed as model-specific for FastFlow rather than a
general verdict on RadImageNet, as other families, such as distillation or memory-bank methods,
may interact differently with medical pretraining and potentially benefit more or less.

Our multi-center analysis in Experiment 4 shows that performance generally degrades when
moving from a single-center to a multi-center setting, confirming that scanner- and protocol-
induced variability remains a key obstacle for robust deployment. The larger reductions at slice-
and patient-level metrics suggest that it becomes harder to turn local anomaly evidence into stable
per-scan decisions once acquisition heterogeneity increases. This observation is consistent with
broader evidence that deep learning models for MR imaging often suffer marked performance
drops under scanner domain shift and cross-site deployment, underscoring the need for explicit
strategies to handle MR heterogeneity ( , ; , ). Overall, the experi-
ment suggests that with the current multi-center sample size, none of the models achieves fully
robust multi-center generalization.
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Several limitations qualify these findings across all experiments. The analysis is restricted to a
small set of neural-network architectures from reconstruction, distillation, flow, and memory-bank
families, so the observed robustness patterns may not transfer to other designs or future meth-
ods. The available scanners and imaging protocols are determined by the SynthRAD2023 chal-
lenge data rather than by a prospectively designed sampling of vendors, anatomies, and sequence
types, which may underrepresent important sources of real-world variability. For Experiments
1-3, the use of a single-center pelvis cohort limits conclusions about generalization to other body
regions and scanners. In addition, the OOD phenomena studied here are dominated by a sin-
gle artifact type (metal implants), which constrains how far the results can be extrapolated to
other sources of OOD signals. Ground-truth masks are derived from 2D CT-based delineations
of metal implants rather than direct MR artifact contours, so MR artifact regions that extend be-
yond the implant volume may be partially unlabeled, leading to underestimation of localization
performance for models that correctly highlight those areas. Training hyperparameters such as
learning rate, number of epochs, and batch size were explored only in a limited fashion, so the re-
ported models may not represent the best achievable configurations for the chosen architectures.
In addition, patient-level decision thresholds were selected on the test set rather than fixed on a
separate validation set, which makes the corresponding Dice scores optimistic estimates and re-
duces their value as unbiased performance indicators. Moreover, no explicit MR harmonization
or intensity-normalization strategies were applied before training and evaluation, even though
such preprocessing could plausibly improve cross-center stability.

8.2 Future Work and Improvements

Building on the limitations and failure modes discussed above, several directions for improving
data curation, model design, and evaluation emerge. Closer collaboration with clinical experts to
create refined MR-based artifact masks could better capture subtle but clinically relevant artifact
regions, potentially focusing first on smaller regions of interest around implants where manual
labeling is tractable, although the feasibility of this improvement will depend strongly on avail-
able resources. Another direction would be to explore three-dimensional pre-processing and ar-
tifact detection, for example, by leveraging full volumes rather than single slices, to obtain more
consistent anomaly regions across neighboring slices and to better capture the true 3D extent of
metal-induced signal loss.

Beyond improved pre-processing and annotations, future work on the model side could ex-
plore architectures that better exploit three-dimensional context and larger training sets. 3D or
hybrid 2.5D anomaly-detection models that process full volumes or stacks of slices may capture
the spatial extent of metal artifacts more reliably and could reduce inconsistent predictions across
neighboring slices. In addition, training the most promising approaches, such as memory-bank
and distillation models, on larger and more diverse multi-center cohorts would help them learn
a broader in-distribution representation and improve robustness to scanner and protocol vari-
ability. Finally, combining medical-image pretraining (e.g., RadImageNet-style backbones) with
explicit harmonization or domain-adaptation strategies tailored to MR could further reduce the
domain gap between training and deployment settings and should be evaluated in prospective,
clinically realistic MR-only radiotherapy workflows.

Beyond the choice of model and the input preprocessing, the post-processing pipeline is an-
other component where there remains room for improvement.

In this work, we adopt a simple persistence rule to enforce cross-slice consistency in binary
prediction masks. Alternative strategies could be explored in future studies. For instance, con-
nected components across adjacent slices could be matched by comparing the Euclidean distances
between their centroids. Such an approach would require defining a distance threshold to deter-
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mine whether an anomaly persists across slices. While straightforward, this method presents
several challenges: irregular or small regions may exhibit large centroid shifts despite corre-
sponding to the same structure, and identifying a single threshold that generalizes across different
anatomies and spatial scales is non-trivial. Another option to explore is to require sufficient volu-
metric overlap of matched components like a Dice threshold. This approach is more shape-aware
but introduces new hyperparameters and is sensitive to boundary fluctuations after morphology.
Small but genuine anomalies may fail a strict overlap threshold, while permissive thresholds may
admit many false positives. These considerations motivated our choice of a different persistence
criterion, though centroid-based matching and volumetric overlap remain a potential direction
for future investigation.

In anomaly detection and medical imaging in particular the area under the ROC curve (AU-
ROC) is one of the most commonly reported summary metrics: models produce continuous
anomaly scores and the AUROC captures how well the true positive rate performs under a given
false positive rate for all thresholds. In our anomaly detection pipeline, however, the deployed
evaluation does not use raw anomaly scores: the continuous pixel scores are thresholded at a first
level 7 to obtain a binary prediction mask, and only then do we apply connected-component fil-
tering and morphological opening/closing. The reason is structural: these operators are defined
on sets of foreground pixels (binary images), where "objects" and "background" are not ambigu-
ous. This leads to concrete semantics: a region is flagged iff it survives thresholding and satisfies
spatial rules.

This practically yields us three benefits: (i) Object definition: connected-component labeling
requires a foreground/background predicate to identify objects under 8-neighbor connectivity.
(ii) Spatial priors: working in the binary domain lets us impose clear spatial rules. Morpholog-
ical opening removes isolated, very small detections; morphological closing bridges gaps that
are shorter than a chosen neighborhood size. A simple area threshold enforces a minimum re-
gion size. These steps reduce speckle-like false positives while preserving clinically meaningful
anomalies. (iii) radiology review: reviewers operate in terms of concrete anomalous regions, not
continuous score fields; binary masks map can therefore directly be using in their workflow.

In our setting, post-processing is applied at a the learned optimal threshold. While an AU-
ROC can still be approximated by sweeping over multiple input thresholds and rerunning the
full post-processing for each value. We do not report it here because computing an ROC curve
would require sweeping over a set of threshold and rerunning the full post-processing pipeline
for each threshold. This would make the AUROC depend on a chosen threshold grid and would
substantially increase computational cost, so we focus on fixed-threshold metrics on the post-
processed prediction masks.

Having defined how we evaluate post-processed slice predictions, the next question is how
to aggregate slice-level outputs into a single patient-level decision. In our work, we adopted a
simple aggregation method, however, there are further options that could be explored in future
works. One option is to classify a 3D volume using the estimated anomalous volume V,*. The 3D
volume is classified as anomalous if Vp+ > Vinin (mm?3). This enforces a minimum 3D volume for
an anomaly and which makes patient-level aggregation robust to isolated speckles, but choosing
a meaningful V,,;, is non-trivial. A related alternative is to introduce a global positive fraction

2. Ny,
F, = === classify if F, > ol (8.1)
P SN, yu Lty vo
This approach aggregates all predicted anomalous pixels across the scan and normalizes them
by the total number of pixels, which makes the decision less sensitive to different patient scan
sizes. A drawback, however, is that small but clinically relevant anomalies can be diluted in
large volumes. A conservative alternative is to classify a volume as anomalous if any of its slices
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contains predicted anomalous pixels:

ZP
_ iy Y M,.(p) > 0, 82)

Yp z=1p'€Qy .
0, otherwise.

Equivalently, y, = 1 if max, N,;, > 0 (or max. fp . > 0). The advantage of the any positive voxel
approach is that it reduces missed anomalies at a scan-level. However, it can also be triggered by
a single false-positive slice potentially making this measure overly sensitive.

Another alternative could have been to use Multi instance learning with attention aggregation.

( ) present a patient-level diagnoses framework for MR imaging where each exam
is treated as a bag containing many slice-level instances. Instead of evaluating slices indepen-
dently each MR scan is treated as a bag of slices and attention-based multiple instance learning is
used to aggregate slice information into a single patient-level prediction. This is commonly imple-
mented by a Dual-Encoder which extracts instance features, and a Multi instance learning (MIL)
classifier aggregates them at a bag level. A Siamese Teacher-Student learns attention weights that
highlight potentially diagnostically informative patterns and suppress noise.

In practice, radiologists go analyze a MR scan by giving more weight to slices with the most
diagnostic evidence. Attention-style MIL aggregation mirrors this workflow by learning which
instances matter most across an entire MR scan. This might lead to the most clinically relevant
patient-level decision.

However, ( ) operate in a fully supervised tumor-classification setting with
sufficient labels. Their pipeline requires supervised learning of both the instance coder and bag-
level aggregator and they themselves note data-scale constraints. Our current anomaly detection
pipelines isquite different: In constrast to supervised frameworks, our pipleine is fully unsuper-
vised. This is clinically relevant since high-quality radiology labels are time-consuming, costly
and often inconsistent across scanners and sequences. Furthermore, given the limited labels
available, methods that require supervised patient-level aggregation are impractical at present.
Lastly, the concept of Cross-/dimensional transfer could have been used for patient-level aggre-
gation. ( ) explore how to leverage 2D networks for volumetric (3D) med-
ical image segmentation by (i) weight transfer—embedding a pre-trained 2D encoder inside a
higher-dimensional U-Net (ii) dimensional transfer expanding 2D weights to initialize a 3D en-
coder (“Dimensionally-eXpanded” DX-Net) They define cross-dimensional transfer as expanding
2D weights to initalize 3D models. This is followed by the validate the idea across MR/CT/US
benchmarks (CAMUS, CHAOS, BraTS), reporting competitive Dice scores. In practice, 6their 3D
encoders are initialized from Imagenet-pretrained 2D EfficientNet weights (noisy Student) and
then supervised on segmentation labels to learn volumetric anatomy and pathology (

, ). Cross-/dimensional transfer offers a data-efficient way to capture 3D information
through slice context by expanding 2D backbones to initalize 3D models. This could improve
case-level robustness ( , ). However, this route assumes supervised train-
ing with voxel-level annotations and substantial compute resources. In contrsat our pipeline is
unsupervised and operates on post-processed prediction masks. Only few labels are available.
Training an end-to-end 3D segmentation is therefore not feasible at present. For now, we obtain
patient-level decisions via simple auditable aggregation of slices.
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Conclusion

This study addresses the challenge of detecting OOD cases in MR imaging for MR-to-sCT work-
flows, with a focus on a single, well-defined implant-metal OOD category. A ground truth
mask generation pipeline was constructed that leverages the high-density metal signal in CT
through adaptive thresholding, followed by mask refinement in the MR domain using MR-guided
flood fill and conditional morphological processing. Ten representative anomaly detection meth-
ods from five model families were then evaluated, following the taxonomy used in BMAD: re-
construction-based, one-class classification, knowledge distillation, memory-bank, and flow-based
approaches. All experiments used the same post-processing pipeline, which improved pixel-level
localization across methods. Four experiments examined baseline performance on single-center
data, the impact of input representations, domain-specific pretraining with RadlmageNet, and
multi-center generalizability.

On single-center data, PatchCore achieved the highest overall performance, with a pixel-level
Dice score of 0.41, a slice-level Dice score of 0.78, and a patient-level Dice score of 0.90 us-
ing replicated-channel input. Among input representations, bone colormap encoding improved
PatchCore, yielding a pixel-level Dice score of 0.51 and a patient-level Dice score of 0.96, the
best results across all experiments. Incorporating adjacent-slice context did not yield consistent
benefits and, in several models, reduced localization accuracy. Flow-based methods exhibited
unstable behavior. Replacing ImageNet with RadlmageNet pretraining led to relative gains of
approximately 50-90% in pixel-level Dice scores for FastFlow, but the corresponding improve-
ments in patient-level Dice remained modest, and FastFlow still did not close the performance
gap to the stronger methods. Multi-center evaluation indicated that all methods experienced per-
formance declines due to increased acquisition variability. PatchCore demonstrated the greatest
robustness, with only a 5% reduction at the pixel-level and 20-25% reductions at the slice- and
patient-levels, compared to 30-40% declines observed in other methods. However, all evaluated
methods failed to detect very small implants that produced only subtle signal voids, highlighting
a systematic limitation when artifact size falls below the effective detection threshold.

In summary, this study presents a systematic evaluation of anomaly detection methods for
implant-metal artifacts in pelvic MR imaging. Both pre- and post-processing pipelines and the
evaluation framework were designed to enable controlled and transparent comparisons under
practical constraints. The observed failure cases suggest that developing enhanced approaches to
detect subtle artifacts and achieve robust cross-center generalization remains an open challenge.
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Appendix A

Attachments

All following tables present the complete set of metrics computed for each experiment. Detailed
numerical results are placed here rather than in Chapter 7 to maintain readability of the main
text, while still providing transparency. Table A.1 reports pixel-, slice-, and patient-level anomaly
detection metrics for Experiment 1 before any post-processing is applied.

Table A.1: EXPERIMENT 1 RESULTS WITHOUT POST-PROCESSING. Pixel-, slice-, and patient-level
anomaly detection results for Experiment 1 without post-processing.

Level | Model | Thr. | AUROC | Dice | Bal. Acc. | Prec. | Rec.
Pixel DRAEM - 0.9618 | 0.3504 0.7059 - -
Pixel Dinomaly - 0.6269 | 0.0071 0.6267 - -
Pixel RD4AD - 0.9539 | 0.0857 0.5658 - -
Pixel STFPM - 0.9632 | 0.0907 0.8154 - -
Pixel CFlow - 0.5703 | 0.0000 0.4999 - -
Pixel FastFlow - 0.9154 | 0.0272 0.5107 - -
Pixel PatchCore - 0.9298 | 0.4052 0.7257 - -
Pixel CFA - 0.9692 | 0.0799 0.8600 - -
Slice DRAEM - 0.8655 | 0.3860 0.5000 - -
Slice Dinomaly - 0.3160 | 0.3860 0.5000 - -
Slice RD4AD - 0.8002 | 0.5226 0.7091 - -
Slice STFPM - 0.7380 | 0.3861 0.5000 - -
Slice CFlow - 0.5279 | 0.1658 0.4750 - -
Slice FastFlow - 0.6591 | 0.4723 0.6503 - -
Slice PatchCore - 0.9821 | 0.7807 0.8363 - -
Slice CFA - 0.7144 | 0.3860 0.5000 - -
Slice DeepSVDD - 0.8075 | 0.5982 - - -
Slice CutPaste - 0.7498 | 0.4947 - - -
Patient DRAEM 0 - | 0.6364 0.5000 | 0.4667 | 1.0000
Patient DRAEM 0.0015 - | 0.8387 0.8393 | 0.7647 | 0.9286
Patient DRAEM 0.002 - | 0.8276 0.8348 | 0.8000 | 0.8571
Patient DRAEM 0.0025 - | 0.8276 0.8348 | 0.8000 | 0.8571
Patient Dinomaly 0 - | 0.6364 0.5000 | 0.4667 | 1.0000
Patient Dinomaly 0.02 — | 0.6364 0.5000 | 0.4667 | 1.0000
Patient Dinomaly 0.025 - | 0.6364 0.5000 | 0.4667 | 1.0000
Patient Dinomaly 0.03 - | 0.6364 0.5000 | 0.4667 | 1.0000

Continued on next page
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Level | Model | Thr. | AUROC | Dice | Bal. Acc. | Prec. | Rec.
Patient RD4AD 0 — | 0.6364 0.5000 | 0.4667 | 1.0000
Patient RD4AD 0.002 -1 0.7273 0.7098 | 0.6316 | 0.8571
Patient RD4AD 0.003 - | 0.7586 0.7679 | 0.7333 | 0.7586
Patient RD4AD 0.0035 -1 0.7143 0.7321 | 0.7143 | 0.7143
Patient STFPM 0 - | 0.6364 0.5000 | 0.4667 | 1.0000
Patient STFPM 0.025 - | 0.7097 0.7054 | 0.6471 | 0.7857
Patient STFPM 0.03 -1 0.7143 0.7321 | 0.7143 | 0.7143
Patient STFPM 0.035 - | 0.6087 0.6875 | 0.7778 | 0.5000
Patient CFlow 0 - | 05714 0.5000 | 0.4000 | 1.0000
Patient CFlow 0.001 — | 0.0952 0.5263 | 0.5000 | 0.0526
Patient CFlow 0.002 — | 0.0000 0.4737 | 0.0000 | 0.0000
Patient CFlow 0.003 — | 0.0000 0.4737 | 0.0000 | 0.0000
Patient FastFlow 0 - | 0.5714 0.5000 | 0.4000 | 1.0000
Patient FastFlow 0.001 - | 0.4375 0.6281 | 0.5385 | 0.3684
Patient FastFlow 0.002 - | 0.3200 0.5746 | 0.6667 | 0.2105
Patient FastFlow 0.003 - | 0.0000 0.4737 | 0.0000 | 0.0000
Patient PatchCore 0 - | 0.6364 0.5000 | 0.4667 | 1.0000
Patient PatchCore 0.0001 - | 0.8966 0.9018 | 0.8667 | 0.9286
Patient PatchCore 0.0005 — | 0.8800 0.8929 | 1.0000 | 0.7857
Patient PatchCore 0.001 — | 0.6667 0.7500 | 1.0000 | 0.5000
Patient CFA 0 - | 0.6364 0.5000 | 0.4667 | 1.0000
Patient CFA 0.03 - | 0.6829 0.5938 | 0.5185 | 1.0000
Patient CFA 0.04 - | 0.7059 0.6786 | 0.6000 | 0.8571
Patient CFA 0.05 - | 04762 0.6161 | 0.7143 | 0.3571

Table A.2 reports pixel-, slice-, and patient-level AD metrics for Experiment 1 after the post-
processing step has been applied.

Table A.2: EXPERIMENT 1 RESULTS. Pixel-, slice-, and patient-level AD results for Experiment 1 after
post-processing.

Level | Model | Thr. | Dice | Bal. Acc. | Prec. | Rec.
Pixel DRAEM - 0.3911 0.7188 | 0.3522 | 0.4395
Pixel Dinomaly - 0.0450 0.8571 | 0.0231 | 0.7963
Pixel RD4AD - 0.1063 0.5659 | 0.0876 | 0.1354
Pixel STFPM - 0.1098 0.8318 | 0.0597 | 0.6902
Pixel CFlow - 0.0000 0.4999 | 0.0000 | 0.0000
Pixel FastFlow - 0.0303 0.5114 | 0.0404 | 0.0243
Pixel PatchCore - 0.4058 0.7262 | 0.3667 | 0.4544
Pixel CFA — 0.1990 0.8740 | 0.1145 | 0.7625
Slice DRAEM - 0.4417 0.6034 | 0.2846 | 0.9855
Slice Dinomaly - 0.3860 0.5000 | 0.2392 | 1.0000
Slice RD4AD — 0.5217 0.7078 | 0.3629 | 0.9277
Slice STFPM - 0.3862 0.5004 | 0.2393 | 1.0000
Slice CFlow — 0.1467 0.4710 | 0.1769 | 0.1253
Slice FastFlow — 0.4580 0.6355 | 0.3312 | 0.7422
Slice PatchCore - 0.7807 0.8363 | 0.8769 | 0.7036

Continued on next page
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Level | Model | Thr. | Dice | Bal. Acc. | Prec. | Rec.
Slice | CFA | - | 03873 | 05027 | 0.2402 | 1.0000
Patient | DRAEM 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient | DRAEM 0.0015 | 0.8000 0.8036 | 0.7500 | 0.8571
Patient | DRAEM 0.002 | 0.8276 0.8348 | 0.8000 | 0.8571
Patient | DRAEM 0.0025 | 0.7407 07634 | 0.7692 | 0.7143
Patient | Dinomaly 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient | Dinomaly 0.02 0.6316 0.5536 | 0.5000 | 0.8571
Patient Dinomaly 0.025 0.6486 0.5848 | 0.5217 | 0.8571
Patient | Dinomaly 0.03 0.6111 0.5491 | 0.5000 | 0.7857
Patient | RD4AD 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient | RD4AD 0.002 | 0.7500 0.7410 | 0.6667 | 0.8571
Patient | RD4AD 0.003 | 0.7586 0.7679 | 0.7333 | 0.7857
Patient | RD4AD 0.0035 | 0.7143 07321 | 0.7143 | 0.7143
Patient | STFPM 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient | STFPM 0.025 | 0.7407 07634 | 0.7692 | 0.7143
Patient | STFPM 0.03 0.7500 0.7902 | 0.9000 | 0.6429
Patient | STFPM 0.035 | 0.5714 0.6830 | 0.8571 | 0.4286
Patient | CFlow 0 0.7037 0.5000 | 0.5429 | 1.0000
Patient | CFlow 0.001 | 0.0952 0.5263 | 0.5000 | 0.0526
Patient | CFlow 0.002 | 0.1000 0.5263 | 1.0000 | 0.0526
Patient | CFlow 0.003 | 0.1000 0.5263 | 1.0000 | 0.0526
Patient | FastFlow 0 0.7037 0.5000 | 0.5429 | 1.0000
Patient | FastFlow 0.001 | 0.3871 0.6344 | 0.5000 | 0.3158
Patient | FastFlow 0.002 | 0.2963 0.5789 | 0.5000 | 0.2105
Patient | FastFlow 0.003 | 0.2500 0.5789 | 0.6000 | 0.1579
Patient | PatchCore | 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient | PatchCore | 0.0001 | 0.8966 0.9018 | 0.8667 | 0.9286
Patient | PatchCore | 0.0005 | 0.8800 0.8929 | 1.0000 | 0.7857
Patient | PatchCore | 0.001 | 0.6667 0.7500 | 1.0000 | 0.5000
Patient | CFA 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient | CFA 0.01 0.7429 0.7143 | 0.6190 | 0.9286
Patient | CFA 0.015 | 0.8276 0.8348 | 0.8000 | 0.8571
Patient | CFA 0.02 05714 0.6830 | 0.8571 | 0.4286

Table A.3 summarizes all metrics for Experiment 2, grouped by evaluation level and dataset
format (bone colormap vs. consecutive slices), after post-processing.

Table A.3: EXPERIMENT 2 RESULTS. Pixel-, slice-, and patient-level AD results for Experiment 2. Bone
stands for the bone colormap dataset format and con stands for the consecutive adjacent slices dataset

format.

Level ‘ Fmt. ‘ Model ‘ Thr. ‘ Dice ‘ Bal. Acc. ‘ Prec. ‘ Rec.
Pixel con DRAEM - 0.1157 0.9039 | 0.0621 | 0.8386
Pixel bone | DRAEM - 0.0803 0.8684 | 0.0423 | 0.7798
Pixel | con | RD4AD | - | 0.0882 |  0.5476 | 0.0803 | 0.0979

Continued on next page
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Level | Fmt. | Model | Thr. | Dice | Bal. Acc. | Prec. | Rec.
Pixel | bone | RD4AD | - | 01432 |  0.6443 | 0.0945 | 0.2955
Pixel con FastFlow - 0.0030 0.4999 | 0.0024 | 0.0041
Pixel bone FastFlow - 0.0005 0.4963 | 0.0003 | 0.0011
Pixel con PatchCore - 0.4050 0.7169 | 0.3784 | 0.4356
Pixel bone PatchCore - 0.5097 0.7850 | 0.4598 | 0.5717
Slice con DRAEM - 0.3860 0.5000 | 0.2392 | 1.0000
Slice bone DRAEM - 0.3860 0.5000 | 0.2392 | 1.0000
Slice con RD4AD - 0.5181 0.6998 | 0.3734 | 0.8458
Slice bone RD4AD - 0.4665 0.6410 | 0.3078 | 0.9639
Slice con FastFlow - 0.3965 0.5466 | 0.2620 | 0.8145
Slice bone FastFlow - 0.4519 0.6250 | 0.3093 | 0.8386
Slice con PatchCore - 0.7750 0.8336 | 0.8661 | 0.7012
Slice bone PatchCore - 0.7682 0.8245 | 0.8917 | 0.6747
Patient con DRAEM 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient con DRAEM 0.025 0.6471 0.6116 | 0.5500 | 0.7857
Patient con DRAEM 0.03 0.7097 0.7054 | 0.6471 | 0.7857
Patient con DRAEM 0.035 0.5926 0.6295 | 0.6154 | 0.5714
Patient bone DRAEM 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient bone DRAEM 0.03 0.7000 0.6250 | 0.5385 | 1.0000
Patient bone DRAEM 0.035 0.7222 0.6830 | 0.5909 | 0.9286
Patient bone DRAEM 0.04 0.6250 0.6071 | 0.5556 | 0.7143
Patient con RD4AD 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient con RD4AD 0.0015 0.7273 0.7098 | 0.6316 | 0.8571
Patient con RD4AD 0.002 0.7333 0.7366 | 0.6875 | 0.7857
Patient con RD4AD 0.0025 0.7586 0.7679 | 0.7333 | 0.7857
Patient bone RD4AD 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient bone RD4AD 0.0015 0.6316 0.5536 | 0.5000 | 0.8571
Patient bone RD4AD 0.002 0.6471 0.6116 | 0.5500 | 0.7857
Patient bone RD4AD 0.0025 0.5625 0.5402 | 0.5000 | 0.6429
Patient con FastFlow 0 0.7037 0.5000 | 0.5429 | 1.0000
Patient con FastFlow 0.001 0.4571 0.6754 | 0.5000 | 0.4211
Patient con FastFlow 0.002 0.4706 0.6929 | 0.5333 | 0.4211
Patient con FastFlow 0.003 0.3704 0.6316 | 0.6250 | 0.2632
Patient bone FastFlow 0 0.7037 0.5000 | 0.5429 | 1.0000
Patient bone FastFlow 0.001 0.1739 0.5526 | 0.5000 | 0.1053
Patient bone FastFlow 0.002 0.1905 0.5526 | 1.0000 | 0.1053
Patient bone FastFlow 0.003 0.1905 0.5526 | 1.0000 | 0.1053
Patient con PatchCore 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient con PatchCore 0.0002 0.8571 0.8661 | 0.8571 | 0.8571
Patient con PatchCore 0.0004 0.8800 0.8929 | 1.0000 | 0.7857
Patient con PatchCore 0.001 0.7826 0.8214 | 1.0000 | 0.6429
Patient bone PatchCore 0 0.6364 0.5000 | 0.4667 | 1.0000
Patient bone PatchCore 0.0001 0.9333 0.9375 | 0.8750 | 1.0000
Patient bone PatchCore 0.0002 0.9630 0.9643 | 1.0000 | 0.9286
Patient bone PatchCore 0.0005 0.8333 0.8571 | 1.0000 | 0.7143
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Table A.4 lists the metrics for Experiment 3, showing performance of the FastFlow model
utilizing the RadImageNet backbone across the replicated, bone colormap, and consecutive-slice
input formats at pixel-, slice-, and patient-level.

Table A.4: EXPERIMENT 3 RESULTS. Pixel-, slice-, and patient-level AD results for Experiment 3. Rep
stands for the baseline replicated-channel dataset format, bone stands for the bone colormap dataset format
and con stands for the consecutive adjacent slices dataset format.

Level ‘ Fmt. ‘ Model ‘ Thr. ‘ Dice ‘ Bal. Acc. ‘ Prec. ‘ Rec.
Pixel rep FastFlow 0 0.0327 0.5233 | 0.0239 | 0.0518
Pixel con FastFlow 0.001 0.0796 0.6407 | 0.0460 | 0.2964
Pixel bone FastFlow 0.002 0.0457 0.5447 | 0.0299 | 0.0970
Slice rep FastFlow 0 0.4500 0.6251 | 0.3169 | 0.7759
Slice con FastFlow 0.001 0.4319 0.5921 | 0.2821 | 0.9205
Slice bone FastFlow 0.002 0.4404 0.6130 | 0.3070 | 0.7783
Patient rep FastFlow 0 0.7037 0.5000 | 0.5429 | 1.0000
Patient rep FastFlow 0.001 0.3871 0.6344 | 0.5000 | 0.3158
Patient rep FastFlow 0.002 0.2963 0.5789 | 0.5000 | 0.2105
Patient rep FastFlow 0.003 0.2500 0.5789 | 0.6000 | 0.1579
Patient con FastFlow 0 0.7037 0.5000 | 0.5429 | 1.0000
Patient con FastFlow 0.001 0.4706 0.6929 | 0.5333 | 0.4211
Patient con FastFlow 0.002 0.4138 0.6579 | 0.6000 | 0.3158
Patient con FastFlow 0.003 0.4444 0.6579 | 0.7500 | 0.3158
Patient bone FastFlow 0 0.7037 0.5000 | 0.5429 | 1.0000
Patient bone FastFlow 0.001 0.2400 0.5789 | 0.5000 | 0.1579
Patient bone FastFlow 0.002 0.1818 0.5526 | 0.6667 | 0.1053
Patient bone FastFlow 0.003 0.1905 0.5526 | 1.0000 | 0.1053

Table A.5 reports the complete pixel-, slice-, and patient-level metrics for Experiment 4 using
the multi-center dataset, for all evaluated models.

Table A.5: EXPERIMENT 4 RESULTS. Pixel-, slice-, and patient-level AD results for Experiment 4. Rep
stands for the replicated-channel dataset format and bone stands for the bone colormap dataset format.

Level ‘ Fmt. ‘ Model ‘ Thr. ‘ Dice ‘ Bal. Acc. ‘ Prec. ‘ Rec.
Pixel rep DRAEM - 0.1832 0.7043 | 0.1176 | 0.4138
Pixel rep RD4AD - 0.0318 0.5139 | 0.0351 | 0.0291
Pixel rep FastFlow - 0.0001 0.4981 | 0.0006 | 0.0021
Pixel bone PatchCore - 0.4856 0.7899 | 0.4171 | 0.5811
Slice rep DRAEM - 0.2925 0.5213 | 0.1713 | 1.0000
Slice rep RD4AD - 0.4034 0.6736 | 0.2851 | 0.6882
Slice rep FastFlow - 0.2868 0.5143 | 0.1695 | 0.9301
Slice bone PatchCore - 0.7099 0.8202 | 0.7301 | 0.6909
Patient rep DRAEM 0 0.5614 0.5000 | 0.3902 | 1.0000
Patient rep DRAEM 0.0015 0.5818 0.5400 | 0.4103 | 1.0000
Patient rep DRAEM 0.002 0.5926 0.5600 | 0.4211 | 1.0000
Patient rep DRAEM 0.0025 0.5600 0.5375 | 0.4118 | 0.8750

Continued on next page
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Level | Fmt. | Model | Thr. | Dice | Bal. Acc. | Prec. | Rec.
Patient rep RD4AD 0 0.5614 0.5000 | 0.3903 | 1.0000
Patient rep RD4AD 0.001 0.5789 0.6238 | 0.5000 | 0.6875
Patient rep RD4AD 0.0015 0.6452 0.7125 | 0.6667 | 0.6250
Patient rep RD4AD 0.002 0.5714 0.6700 | 0.6667 | 0.5000
Patient rep FastFlow 0 0.5614 0.5 | 0.3901 | 1.0000
Patient rep FastFlow 0.001 0.58824 0.5686 | 0.4286 | 0.9375
Patient rep FastFlow 0.002 0.5532 0.54625 | 0.4194 | 0.8125
Patient rep FastFlow 0.003 0.5116 0.5238 | 0.4074 | 0.6875
Patient bone PatchCore 0 0.5614 0.5000 | 0.3902 | 1.0000
Patient bone PatchCore 0.0002 0.7568 0.7975 | 0.6667 | 0.8750
Patient bone PatchCore 0.0004 0.7742 0.8150 | 0.8000 | 0.7500
Patient bone PatchCore 0.0005 0.7586 0.8038 | 0.8462 | 0.6875
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