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Abstract

Deep learning is progressively explored for medical image analysis, offering the potential
to assist in detecting abnormalities. However, most approaches rely on supervised
learning, which requires large annotated data sets and is inherently limited to known
pathologies. Unsupervised anomaly detection provides an alternative by learning a dis-
tribution of healthy anatomy, allowing deviations from this distribution to be identified
as potential anomalies without requiring pathology-specific annotations. A common
strategy in brain MRI analysis is to use generative models to reconstruct healthy brain
anatomy from input images. Anomalies are then identified based on reconstruction
errors, i.e., regions where the model fails to reconstruct the input. A key challenge in
this process is ensuring that the model reconstructs only healthy anatomy rather than
replicating pathological structures. This balance depends on the choice and strength of
regularization techniques applied during the reconstruction process.
In this thesis, we incorporate additional contextual information into both the reconstruc-
tion and anomaly scoring processes. We adapt variational autoencoders and diffusion
models to improve reconstruction quality while mitigating the risk of replicating abnor-
mal structures. Furthermore, we refine anomaly scoring mechanisms to more reliably
differentiate pathological deviations from reconstruction artifacts.
We evaluate our approaches on diverse data sets covering various brain pathologies.
Our results demonstrate improvements in reconstruction quality and anomaly detection
performance, outperforming state-of-the-art methods. Furthermore, we show that our
approaches can be combined with supervised models, enabling effective detection of
known pathologies while maintaining the ability to generalize to previously unseen.
These advancements contribute towards clinically relevant anomaly detection for brain
MRI analysis.
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1 Introduction

Magnetic resonance imaging (MRI) is a non-invasive diagnostic tool widely used in
neurology. Its ability to capture detailed anatomical and pathological information makes
it valuable for detecting neurological disorders [1]. However, interpreting brain MRI
scans is a complex task that requires substantial expertise. Radiologists must assess
numerous anatomical structures and potential abnormalities in each scan. This process
is time-intensive and error-prone [2, 3, 4] as also indicated by high inter-rater variabilities
observed in clinical studies [5, 6].

Deep learning has emerged as a powerful tool for medical image analysis, offering
a way to assist radiologists in interpreting imaging data [7, 8]. It has been successfully
applied across a wide range of applications [9, 10, 11], with a level of precision comparable
to that of human experts [12, 13, 14]. Therefore, deep learning models show promise in
supporting radiologists in interpreting brain MRI scans. However, most methods rely
predominantly on supervised learning, which requires large annotated data sets that
are costly and time-consuming to obtain [15, 16]. More critically, supervised models are
constrained by their training data, limiting their ability to detect novel or rare pathologies
absent from the training distribution [17]. This limitation is especially problematic for
rare diseases, where data is often insufficient to build extensive data sets [18]. Moreover,
for clinical applications, it is imperative to detect any anomaly, including secondary or
incidental findings that may not be the primary focus of the examination but could
indicate serious pathologies [19].
Unsupervised anomaly detection (UAD) offers a promising alternative by reducing the
reliance on annotated data. Instead of directly mapping images to anomaly labels,
UAD models learn a reference distribution of healthy brain anatomy. Deviations from
this distribution are flagged as anomalies, enabling the detection of previously unseen
pathologies. A prevalent approach within UAD employs generative models (GM) trained
to reconstruct healthy brain MRI scans. At test time, it is assumed that the GM fails to
reconstruct abnormal structures unseen during training. Anomalies are then identified
by comparing the original image to its reconstruction (see Figure 1.1). This approach
has the potential to detect and localize a wide variety of anomalies without requiring
pathology-specific annotations.
Despite its promise, this reconstruction-based approach faces critical challenges. The
reconstruction process must achieve high accuracy for healthy structures while avoiding
the trivial replication of input images. To this end, regularization mechanisms such as
latent-space bottlenecks in autoencoders or denoising objectives in diffusion models are
employed. However, these regularization strategies introduce a trade-off, as illustrated
in Figure 1.2. Insufficient regularization can result in replicating both normal and
abnormal structures, hindering anomaly detection (see ’under-regularization’ in Figure
1.2). Conversely, excessive regularization may degrade reconstruction quality, introducing
artifacts that resemble anomalies (see ’over-regularization’ in Figure 1.2).
Moreover, even with optimal regularization, GMs may struggle to perfectly reconstruct
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1 Introduction

Fig. 1.1: Unsupervised anomaly detection using generative models. Left: The generative
model learns to reconstruct healthy brain MRI scans during training. Right:
The anomalies are identified as deviations from the learned distribution of
healthy anatomy at test time. The anomaly map highlights regions with the
highest reconstruction errors, indicating potential abnormalities.

healthy structures (’balanced regularization’ in Figure 1.2). As a result, robust post-
processing and anomaly scoring mechanisms are essential to distinguish genuine anomalies
from reconstruction artifacts.

In this thesis, we investigate whether incorporating supplementary contextual infor-
mation into the reconstruction process and anomaly scoring mechanism can address
the challenge of balancing regularization and reconstruction accuracy. We hypothesize
that contextual data, such as three-dimensional spatial information, surrounding regions
of erased patches, or abstract features derived from the input image, could provide
additional guidance during reconstruction. This information could enable more coherent
reconstructions of healthy structures while maintaining sufficient regularization to avoid
trivial solutions, such as merely replicating the input image.

Fig. 1.2: Trade-off between reconstruction quality and regularization. Left: ’Under-
Regularization’ can lead to the replication of both normal and abnormal
structures. Middle: ’Balanced Regularization’ enables high reconstruction
accuracy for healthy structures without replicating unhealthy ones. Right:
’Over-Regularization’ can degrade reconstruction quality, introducing artifacts
that resemble anomalies. The generative model used for visualizations is a
diffusion model, where varying noise levels are introduced during reconstruction
to simulate different degrees of regularization.
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For anomaly scoring, additional context could capture structural relationships from neigh-
boring regions or the variability of pixels across multiple reconstructions. We hypothesize
that integrating this context into anomaly scoring could help to distinguish genuine
anomalies from reconstruction artifacts, enhancing the segmentation performance. These
hypotheses lead to two principal research questions:

1. Reconstruction Quality Can incorporating supplementary contextual information
improve the accuracy of reconstructions without compromising regularization?

2. Anomaly Scoring Can incorporating supplementary contextual information en-
hance the segmentation of anomalies in reconstruction-based anomaly scoring?

In this thesis, we address these questions by introducing advanced GMs and novel
anomaly scoring mechanisms:
Advancing Generative Models: We introduce regularized three-dimensional Vari-
ational Autoencoders [20] and incorporate additional context into denoising diffusion
probabilistic models (DDPMs) [21, 22] to improve the coherence and accuracy of re-
constructions. These advancements address the challenge of balancing reconstruction
quality with regularization, providing robust backbones for reconstruction-based UAD
in brain MRI.
Novel Anomaly Scoring Mechanisms: We propose new methods for anomaly scoring,
including an ensemble approach using structural similarity across multiple scales [23]
and a Mahalanobis Distance-based approach that leverages the probabilistic nature of
DDPMs, accounting for the variability of multiple reconstructions [24]. Moreover, we
propose a framework that combines unsupervised GMs with supervised anomaly scoring
to improve the detection of known anomalies while enhancing generalization to unknown
ones [25].
Our findings indicate that the proposed mechanisms to integrate information from the
input image enable enhanced reconstruction quality while ensuring sufficient regulariza-
tion to prevent the replication of unhealthy structures. Furthermore, advanced anomaly
scoring techniques, which account for structural differences and the normal variability
of reconstructions, improve the segmentation performance. The proposed framework
combining GMs with supervised scoring highlights the potential of hybrid UAD methods
for clinical applications. Overall, our approaches significantly enhance reconstruction
quality and anomaly detection performance, advancing the state-of-the-art in UAD for
brain MRI.

This thesis is structured as follows: Chapter 2 provides an overview of the relevant back-
ground for this thesis. Chapter 3 describes the methodology of the proposed models and
scoring mechanisms, including the data sets, metrics, and experimental setups. Chapter 4
presents the results of our experiments, including an assessment of the proposed methods
on various data sets and a comparison with the state-of-the-art. Chapter 5 discusses the
findings in the context of existing literature, highlights the limitations of our methods
and UAD in general, and proposes directions for future research. Chapter 6 concludes
the thesis by summarizing key contributions, limitations, and outlook. Chapter 7 offers
a summary, and Chapter 8 provides the publications related to this thesis.
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2 Background

In this chapter, we introduce the basic concepts of MRI and its acquisition process.
Furthermore, we present the fundamental principles of machine learning, deep learning,
and GMs. Lastly, we introduce the concept of anomaly detection.

2.1 Magnetic Resonance Imaging
This section is based on the book of Weishaupt et al. [26].
The fundamental principle of MRI is based on measuring the magnetic properties of
hydrogen nuclei in the tissue of interest and their interaction with external magnetic fields.
The protons of the electrically neutral hydrogen atoms possess an angular momentum,
referred to as spin. Due to its rotating electric charge, the proton generates a magnetic
moment B, which can be aligned in the direction of an external magnetic field B0.
Meanwhile, nuclei undergo a precession process with a frequency proportional to the
external magnetic field B0. The precession frequency is called the Larmor frequency and
is calculated using the Larmor equation

ω0 = γ0 · B0. (2.1)

Here, γ0 is the gyromagnetic ratio of the hydrogen nuclei, which is a tissue-dependent
constant. When a strong external magnetic field, B0, is applied for a sufficient duration,
the spins attain a state of stability in the direction of the magnetic field, resulting in
parallel and antiparallel alignment. The difference in the number of spins in the parallel
and antiparallel alignment enables the generation of a longitudinal net magnetization
vector MZ in the direction of the magnetic field (See Figure 2.1). If an electromagnetic
wave with a frequency corresponding to the Larmor frequency is induced by a Radio
Frequency (RF) pulse, the spins are deflected, which causes the net magnetization
MZ to decrease. Concurrently, a transverse magnetization MXY builds up. The angle
of the spins relative to the magnetic field is referred to as the flip angle, which can
be controlled by modifying the duration and power of the RF pulse. The resulting
transversal magnetization MXY generates a signal that can be measured as oscillating
voltage by the receiver coils of the MRI scanner. Following the deactivation of the
RF pulse, two relaxation processes occur: the spin-lattice relaxation or T1-relaxation
and the spin-spin relaxation or T2-relaxation. Both relaxation mechanisms result in
the decay of the transverse magnetization MXY and the recovery of the longitudinal
magnetization MZ . The T1-relaxation describes the orientation of the spins along the
external magnetic field B0 due to the emission of energy to the surrounding environment.
The resulting increase of the longitudinal magnetization MZ is described by

MZ(t) = M0 · (1 − e− t
T 1 ), (2.2)

where T1 is a tissue-dependent time constant and M0 is the equilibrium magnetization.
The T2-relaxation describes the dephasing of spins resulting from their interaction with
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2 Background

Fig. 2.1: MRI physics and acquisition process, adapted from [26]. From left to right, the
alignment of the spins in the external magnetic field B0, the excitation of the
spins by a radio frequency pulse and the relaxation processes are illustrated.

one another and field inhomogeneities. The reduction in the transverse magnetization
MXY is described by

MXY (t) = M0 · e− t
T 2 , (2.3)

where T2 is also a tissue-dependent time constant. Notably, T1- and T2-relaxation are
independent of each other and can co-occur. In most cases, the decay of the transversal
magnetization MXY caused by the T2-relaxation is faster than the recovery of the
longitudinal magnetization MZ caused by the T1-relaxation.

MRI Acquisition

To obtain an interpretable MRI scan, it is necessary to encode the signal of the transversal
magnetization, as measured by the receiver coils, in a spatial format. This encoding is
accomplished by applying magnetic field gradients in the x, y, and z-directions. In the
z-direction, a gradient is applied to the external magnetic field B0 for slice selection. The
gradient causes the Larmor frequency to change locally along the z-direction, thereby
enabling the excitation of protons in selected slices of the scanned subject. Within
a given slice, the spatial encoding is achieved by applying additional magnetic field
gradients in the x and y directions. For the y direction, a phase-encoding gradient is
used for a limited duration, resulting in a phase shift of the spins in the y direction. For
the x direction, a static gradient is applied, leading to a frequency shift of the spins in
the x direction. The resulting measurements are organized in a matrix of data points,
each representing a unique combination of frequency and phase shift. This matrix is
called K-space, where frequency encoding is arranged along the horizontal axis and
phase encoding along the vertical axis. Once the K-space is sampled, an inverse Fourier
transform is applied to convert the encoded frequency and phase information into an
interpretable image.

MRI Contrast

While the proton density determines the maximum possible signal strength, tissue contrast
in MRI is influenced by the differences in T1 and T2 relaxation times. Consequently,
contrast enhancement can be achieved by using different acquisition sequences, including
T1-weighted and T2-weighted sequences. In T1-weighted MRI scans, the repetition
time, defined as the interval between two RF pulses, and the echo time, defined as
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2.2 Machine Learning

Fig. 2.2: MRI contrast types from the BRATS dataset [28]. From left to right, exemplary
T1-weighted, T2-weighted, contrast-enhanced T1-weighted, and FLAIR scans
are presented.

the time between the RF pulse and the signal acquisition, are selected to be relatively
short. Consequently, tissue types exhibiting a short T1-relaxation time demonstrate
increased signal intensity as the longitudinal magnetization MZ recovers faster. In
contrast, tissue types with a long T1-relaxation time exhibit decreased signal intensity
as the longitudinal magnetization MZ recovers slower. Examples of tissue types with
short and long T1-relaxation times are fat and water, respectively.
In contrast, T2-weighted MRI scans employ long repetition and echo times. Tissue
types exhibiting a long T2-relaxation time demonstrate increased signal intensity as the
transverse magnetization MXY decays more slowly. In contrast, tissue types with a short
T2-relaxation time exhibit decreased signal intensity as the transverse magnetization
MXY decays more rapidly. Exemplary tissue types with long and short T2-relaxation
times are water and fat, respectively.
In addition to T1- and T2-weighted MRI scans, other weighting sequences are available,
including FLuid-Attenuated Inversion Recovery (FLAIR) MRI scans. FLAIR MRI
scans suppress the signal of cerebrospinal fluid and can be beneficial to visualize subtle
pathological changes, e.g., induced by multiple sclerosis lesions [27]. Additionally, contrast
agents such as gadolinium can enhance the contrast of specific tissues in MRI scans.
Figure 2.2 shows an example of a T1-weighted, a contrast-enhanced T1-weighted, a
T2-weighted and a FLAIR-weighted MRI scan of an exemplary brain scan.

2.2 Machine Learning

In this section, we provide a brief introduction to machine learning, primarily based on
the book of Goodfellow et al. [29].
Machine learning is a subfield of artificial intelligence that focuses on developing algo-
rithms capable of making predictions or decisions based on data. The field is frequently
divided into three categories: supervised, unsupervised, and reinforcement learning. To
maintain the focus of this thesis, we limit our discussion to supervised and unsupervised
learning.

2.2.1 Supervised Learning

In supervised learning, training is performed with a labeled dataset D = {(xi, yi)}N
i=1,

which comprises N input-output pairs, represented as xi and yi. The objective is to
learn the parameters θ of a function fθ, which maps the input data (also called features)
xi to the output (also called targets) yi. The mapping function ŷi = fθ(xi) can then be
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2 Background

employed to make predictions on new, previously unseen features. The training process
involves adjusting the parameters θ to minimize the discrepancy between the predicted
output ŷi and the actual output yi. Common supervised learning tasks are regression
and classification. In regression, the label y ∈ R is a continuous value, and the loss
function is typically the Mean Squared Error (MSE, l2-error) or Mean Absolute Error
(MAE, l1-error). In the context of classification, the output is a discrete value yi ∈ RC ,
where C is the number of classes. The loss function is typically the cross-entropy loss, a
measure of discrepancy between the predicted probability distribution and the actual
distribution of the classes.

2.2.2 Unsupervised Learning

In unsupervised learning, the training process is performed on an unlabeled dataset
D = {(xi)}N

i=1 of N input data points xi. The objective is to model the underlying
structure of the training data set D. In many cases, a latent representation of the
data is learned that captures essential information. This representation can then be
employed for further analysis or to make predictions on new, previously unseen data. A
prominent approach is data compression via dimensionality reduction. The objective
is to reduce the number of features while preserving the most important information
of the data. Common dimensionality reduction algorithms are autoencoders that can
be seen as a non-linear generalization of principal component analysis [30, 31]. Other
algorithms include t-distributed stochastic neighbor embedding [32] and uniform manifold
approximation and projection [33].

2.2.3 Artificial Neural Networks

Artificial Neural Networks (ANNs) are widely adopted machine learning models inspired
by the cortical neural networks of the human brain. ANNs typically consist of multiple
layers of Artificial Neurons (ANs) connected by weighted edges. In the following, we
introduce the basic concepts of ANNs, based on the book of Hagan et al. [34].

Artificial Neuron

An AN is the basic building block of ANNs. It receives n inputs x ∈ Rn and computes a
single output y ∈ R by weighting the inputs with weights w ∈ Rn and calculating the
weighted sum of the inputs. After adding a bias term b ∈ R, the weighted sum is passed
through an activation function fact. In vector form, the output y of an AN is given by

y = fact(wTx + b), (2.4)

where wT is the transpose of the weight vector w. To learn non-linear mappings, the
activation function fact is often chosen to be non-linear. A common activation function
is the Rectified Linear Unit (ReLU) function [35], defined as fReLU (x) = max(0, x).

Multilayer Perceptron

A Multilayer Perceptron (MLP) consisting of multiple ANs is illustrated in Figure 2.3.
An MLP consists of an input layer, one or multiple hidden layers, and an output layer.
The input layer receives n inputs x ∈ Rn and passes them to the hidden layers. Each
hidden layer consists of multiple ANs that compute the weighted sum of the inputs,
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2.3 Deep Learning

(a) Artificial Neuron. (b) Multilayer Perceptron.

Fig. 2.3: Artificial neuron (left) and multilayer perceptron (right), adapted from [34]. The
artificial neuron receives n inputs and computes one output y. The multilayer
perceptron consists of multiple layers of artificial neurons. The input layer
receives n inputs x and passes them to the hidden layers. The output layer
computes k outputs y.

add a bias term, and pass the result through an activation function. The output layer
computes the final output of the MLP. Compared to the single output in ANs, MLPs
can have k outputs y ∈ Rk. For an MLP with L layers, the output y is computed by

y = fl(fl−1(. . . f1(W1x + b1) . . . + bl−1) + bl), (2.5)

where Wl is the weight matrix of layer l and bl is the corresponding bias vector. Each
weight matrix Wl ∈ Rdl×dl−1 connects the dl−1 neurons of the previous layer to the dl

neurons of the current layer.

2.3 Deep Learning
Deep learning represents a subfield of machine learning focused on developing deep neural
networks comprising multiple hidden layers. In the following, we introduce basic deep
learning concepts, concentrating on convolutional neural networks and their applications
in image processing.

2.3.1 Convolutional Neural Networks

MLPs that consist of multiple hidden layers are referred to as deep neural networks.
While these networks can be applied to various tasks, they are not well-suited for handling
grid-like data, such as images. In MLPs, each input feature is connected to every AN
in the subsequent layer. These connections result in an exponential increase in the
number of parameters as the number of input features increases. Furthermore, MLPs
necessitate the flattening of input data, which results in the loss of spatial information.
Convolutional Neural Networks (CNN) overcome these constraints, enabling the efficient
processing of images while preserving spatial patterns.
The subsequent introduction of CNNs is based on the book of Goodfellow et al. [29].
CNNs consist of multiple layer types, including convolutional, pooling and fully connected
layers. Convolutional layers are employed to extract features, whereas pooling layers are
used to reduce the spatial dimensions of the data, thereby facilitating the construction of
abstract features. The Fully Connected (FC) layers are MLPs that are utilized to make
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(a) Convolution Block (b) Pooling Block

(c) Convolutional Neural Network (CNN)

Fig. 2.4: Illustration of the convolution and pooling blocks (top) of a simple CNN
architecture (bottom). The activation functions and normalization layers are
included in the convolution block, and the batch dimension is omitted for
simplicity.

predictions based on the extracted, lower-dimensional features. Figure 2.4 illustrates a
CNN and its building blocks.
For 2D data, the convolutional layers comprise d learnable filters of a specific size, typi-
cally smaller than the input dimensions. These filters, which are of the form D × K × K,
slide over the input data with a step size or stride s, computing the dot product of the
filter weights and the respective region of the input data. The output of each filter is a
spatial feature map F comprising the filter activations.
The number of filters d determines the number of distinct features extracted from the
input data. A stride s greater than one reduces the spatial dimensions of the output
volume. Conversely, a padding p of the input data with zeros can preserve the spatial
dimensions of the output volume. Typically, each convolutional layer is followed by a
non-linear activation function, such as the ReLU function. Furthermore, the addition of
normalization layers, such as batch normalization [36], or LayerNorm [37], can be added
to the network.
A typical CNN architecture comprises multiple convolutional and pooling layers, which
extract features from the input data. Lastly, one or multiple FC layers are used to
make predictions based on the extracted features. The number of ANs in the FC layers
must be selected based on the target task. Several state-of-the-art CNN architectures
have been developed, enabling stable training and robust feature extraction capabilities.
Prominent examples are AlexNet [38], VGG [39], GoogLeNet [40], ResNet [41], DenseNet
[42], EfficientNet [43], RegNet [44], and ConvNext [45].
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Furthermore, CNNs can be employed for image segmentation tasks, wherein the objective
is to assign a class label to each pixel of an image. To achieve a pixel-level prediction,
the output layer of the CNN must have the exact dimensions as the input image. This is
typically accomplished by transposed convolutional layers or upsampling layers to obtain
feature maps of the desired spatial dimensions. A widespread architecture for medical
image segmentation tasks is the Unet architecture [46], which consists of symmetrically
mirrored down- and upsampling CNNs, also referred to as encoder and decoder, respec-
tively. Skip connections facilitate information flow between the encoder and decoder at
intermediate processing stages.

2.3.2 Training Deep Learning Models

The core of training deep learning models is the optimization algorithm used to adjust
the model parameters, namely the weights and biases of the network, to minimize a
predefined loss function L.
The optimization algorithm or optimizer is typically a gradient-based algorithm that
computes the gradient of the loss function with respect to the models’ parameters θ

∇θL =
(

∂L
∂θ1

, . . . ,
∂L
∂θn

)
. (2.6)

The gradients ∇θL are used to update the parameters θ

θt+1 = θt − α∇θL. (2.7)

The learning rate α represents a crucial hyperparameter, defining the step size for each
parameter update. A high learning rate can result in overshooting the minimum of the
loss function, while a low learning rate can result in slow convergence of the optimization
algorithm. To compute the gradients of the loss function, the backpropagation algorithm
is used [47]. The backpropagation algorithm computes the gradients of the loss function
with respect to the parameters of the network by applying the chain rule of calculus.
The optimization algorithm is typically executed for multiple epochs, wherein an epoch
is defined as a single pass through the training data. Training is terminated when a
specified stopping criterion is met, such as reaching a predefined number of epochs or a
minimum or saturating loss value on the validation data. As fitting all the training data
into the memory is often impossible, the training data is typically divided into mini-
batches. The optimization algorithm then computes the gradients of the loss function
for each mini-batch and updates the parameters θ based on the average gradients of
the mini-batches. This process is referred to as stochastic gradient descent. Several
optimization algorithms have been developed to enhance the optimization process. In
most of these extensions, historical values of the gradients are employed to adjust the
learning rate [48], or first and second-order moments of the gradients are used to adapt
the learning rate [49, 50].

2.4 Generative Models
The objective of GMs is to learn the underlying data distribution of the training data and
to generate new data samples following the training distribution. Exemplary GMs include
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Generative Adversarial Networks (GANs) [51], normalizing flows [52], autoregressive
models such as PixelRNN [53] and variational autoencoders [49] or DDPMs [54, 55].
GMs have a wide range of applications, including image or text generation [51, 49, 53],
text-to-image synthesis [56], image-to-image translation [57], data augmentation [58],
super-resolution [59], and unsupervised anomaly detection [60, 61, 62]. In the following,
we introduce the fundamental concepts of autoencoders, variational autoencoders and
diffusion models, based on [29] and [63]. While autoencoders are not generally considered
GMs, they are introduced here as they form the basis for their variational counterparts.

2.4.1 Autoencoders

Autoencoders (AE) are a class of neural networks that follow an encoder-decoder
architecture. The AE framework is illustrated in Figure 2.5.
An encoder is trained to map an input data sample x ∈ RH×W with height H and width
W to a latent representation z = fenc

ϕ (x) ∈ Rd. Typically, the latent dimension d is
chosen to be lower than the input dimensionality. The latent representation z is then
passed to a decoder, which aims to reconstruct the input data sample x̂ = gdec

θ (z) =
gdec

θ (fenc
ϕ (x)). The function fenc

ϕ represents the encoder with parameters ϕ, and the
function gdec

θ represents the decoder with parameters θ. During training, the parameters
ϕ and θ are adjusted to minimize the difference between the input data sample x and
the reconstruction x̂. This leads to the loss function LRec:

arg min
ϕ,θ

LRec(x, gdec
θ (fenc

ϕ (x))). (2.8)

Common choices for LRec are the MSE or mean absolute error MAE. The encoder and
decoder are typically implemented as CNNs for grid-like data, such as images, using
transposed convolutions [64] or upsampling layers in the decoder path. The latent
representation z is typically chosen to be of lower dimensionality than the input data
and is called the bottleneck of the AE. The AE learns a compressed representation of the
input data that captures the most important information required for the reconstruction.
Additional regularization strategies such as denoising objectives can prevent overfitting
and improve the robustness of the latent representations [65, 66, 67, 68].

Fig. 2.5: Left: The autoencoder encodes the input data into a latent representation z,
and a decoder reconstructs the input data from the latent representation. Right:
The variational autoencoder encodes the input data into the mean µϕ(x) and
the variance σ2

ϕ(x) of the approximate posterior distribution qϕ(z|x). The latent
variable z is then sampled from this distribution, and a decoder reconstructs
the input data from the sampled latent representation.
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2.4.2 Variational Autoencoders

Variational AEs (VAE) [49] model the distribution of observed data p(x) to generate new
data samples. The observed data is often assumed to be generated by latent variables
z that capture its underlying abstract features. The VAE framework is illustrated in
Figure 2.5. Formally, the observed data x and its latent variables z can be described
by the joint distribution p(x, z). The likelihood of the observed data p(x) can then be
expressed as:

p(x) =
∫

p(x, z) dz (2.9)

However, this marginalization is intractable for real-world data. Instead, the true
posterior distribution p(z|x) is approximated with a variational distribution qϕ(z|x),
parameterized by ϕ. This approximation allows optimizing a lower bound on the log-
likelihood of the data, called the Evidence Lower Bound (ELBO). The derivation of the
ELBO is based on Jensen’s inequality and further reformulations, as shown in [49]. It
can then be expressed as:

log p(x) ≥ Eqϕ(z|x) [log pθ(x|z)] − DKL(qϕ(z|x)∥p(z)) (2.10)

The first term, Eqϕ(z|x) [log pθ(x|z)] encourages accurate reconstructions of the input
data given the sampled latent representation. Assuming a Gaussian distribution, this
reconstruction term can be realized as the negative squared reconstruction error between
the original input x and its reconstruction x̂. The second term, DKL(qϕ(z|x)∥p(z)), is
the Kullback-Leibler divergence between the learned approximate posterior distribution
qϕ(z|x) and the prior distribution p(z). This term regularizes the learned latent distri-
bution by encouraging it to stay close to a predefined prior, which is often chosen to be
a standard normal distribution, p(z) = N (0, I) as this enables an analytical solution.
Unlike standard AEs, which encode the input directly into a fixed latent vector, VAEs
encode the input into two parameters: the mean µϕ(x) and the variance σ2

ϕ(x) of the
multivariate Gaussian distribution qϕ(z|x) (the approximate posterior). The latent
variable z is then sampled from this distribution as:

z ∼ qϕ(z|x) = N (z;µϕ(x),σ2
ϕ(x) · I) (2.11)

In practice, a reparameterization trick is applied, enabling the backpropagation of the
gradients. Instead of directly sampling z, the latent variables are parametrized as:

z = µϕ(x) + σϕ(x) ⊙ ϵ, ϵ ∼ N (0, I), (2.12)

where ⊙ denotes the element-wise multiplication. This reparameterization expresses z as
a differentiable function of x and auxiliary noise ϵ. The decoder pθ(x|z) is then used to
reconstruct x from the latent variable z. The final VAE objective can be expressed as:

arg min
ϕ,θ

(LRec(x, pθ(x|qϕ(z|x))) + DKL(qϕ(z|x)∥p(z))) (2.13)

Minimizing this objective allows the VAE to learn both a latent representation of the
data and the generative process for sampling new data points from the learned latent
space.
The VAE framework can be extended to Gaussian Mixture VAEs to model more complex
data distributions [69].
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2.4.3 Diffusion Models

Instead of encoding the input to a low-dimensional latent space, in DDPMs, the input is
transformed into a Gaussian distribution through a sequence of noise-adding steps. The
core idea is to learn how to reverse this noising process to generate realistic samples from
pure noise. The training process of a DDPM is illustrated in Figure 2.7. The DDPM
framework consists of two primary components: the forward process and the reverse
process.

Forward Process

The forward process gradually adds Gaussian noise to an input data sample x0 ∈ RH×W

with height H and width W over a series of T steps. At each time step t, noise is added
to transform the original sample x0 into a noisy sample xt, increasing the amount of
noise progressively.
Formally, the forward process can be described as:

xt ∼ q(xt|x0) = N (xt;
√

ᾱtx0, (1 − ᾱt)I) (2.14)

where ᾱt = ∏t
s=1(1 − βt) represents the cumulative noise schedule, and βt defines the

noise level at each step. The noise schedule is predefined, and βt is usually set such that
xT ∼ N (0, I) at the final step, meaning the sample becomes pure noise.

Reverse Process

In the reverse process, the goal is to recover the original noise-free sample xrec
0 from a

noisy observation xT . The reverse process is defined as:

xrec
0 ∼ pθ(xT )

T∏
t=1

pθ(xt−1|xt), where pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t))

Here, µθ(xt, t) and Σθ(xt, t) represent the mean and variance of the Gaussian distribution
used to model the transition from xt to xt−1. Often, only the mean µθ(xt, t) is learned
during training, while the variance Σθ(xt, t) is fixed to a predefined value based on the
noise schedule:

Σ(t) = 1 − αt−1
1 − αt

βtI

For grid-like data such as images, the neural network used to model µθ is commonly
implemented as a Unet. By iteratively applying these denoising steps, the model learns
to generate new samples from noise. The forward and reverse process of a DDPM is
illustrated in Figure 2.6.

Training Objective

Deriving the full training objective for DDPMs involves a series of reformulations and
assumptions, which are beyond the scope of this dissertation. For a detailed derivation,
we refer to [55, 63].
In essence, the training objective for DDPMs is to learn the reverse process by predicting
the noise added to the sample during the forward process. At each time step t, the model
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2.4 Generative Models

Fig. 2.6: Left: Forward process of a diffusion model. The input data sample x0 is
progressively transformed to noised over a series of t = 500 steps. Right:
Reverse process of a diffusion model. A Unet is employed to recover the original
noise-free sample x0 from the noisy observation xt. Note that the Unet is
conditioned by the time step t, which is omitted in this drawing for simplicity.

predicts the noise ϵθ(xt, t) that was added to xt. The loss function used to train DDPMs
is the mean squared error between the true noise ϵ and the predicted noise ϵθ(xt, t):

LDM = ∥ϵ − ϵθ(xt, t)∥2 (2.15)

where ϵ ∼ N (0, I) is the noise sampled from a standard normal distribution, and xt

is the noisy version of x0 at time step t. During training, the time step t is typically
sampled uniformly from {1, 2, ..., T}. Notably, rather than learning separate networks for
each of the T transitions, a single network is trained to predict the transitions, with its
predictions conditioned on the respective timestep t. Alternatively, instead of training
the Unet to predict the noise that has been added, it can be trained to predict the
denoised image directly. In this thesis, we adopt the latter approach, which is also
reflected in the following explanation of the sampling process.

Sampling

The sampling process of a DDPM is illustrated in Figure 2.7. Once the model has been
trained, the forward and reverse processes are used to generate new data by gradually
denoising pure noise xT ∼ N (0, I). At each step, noise is removed from xt while
reintroducing a smaller amount of noise to xt−1 until x0 is reached. In contrast to image
synthesis, reconstruction-based UAD requires reconstructing a given image rather than
generating entirely new samples. To achieve this, the input image is often partially

Fig. 2.7: Left: Training process. The forward and reverse process are applied to learn the
transition from the original sample x0 to the noisy sample xt and back. Right:
Sampling process. The reverse and forward process are applied iteratively to
generate new samples, starting with pure noise xT . The output of the reverse
process at time step t is denoted by xt

0.
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replaced with noise, and the sampling process begins from a partially noised input xt

instead of pure noise xT . The reverse process is a computationally expensive operation as
it involves T , or t iterations for synthesis and reconstruction, respectively. To accelerate
this sampling process, various efficient sampling techniques have been proposed [70, 71].
Alternatively, when starting from a partially noised image xt, the reverse process can be
performed in a single step, which has been shown to enhance both anomaly detection
performance and computational efficiency [72].

2.5 Anomaly Detection
Anomaly detection (AD) is a machine learning task that aims to detect and localize
anomalies in data. AD can be applied to a wide range of problems [73], including fraud
detection [74, 75, 76], genetics [77, 78], and industrial quality control [79, 80, 81, 82].
This concept is of particular value in medical imaging, as anomalies frequently indicate
the presence of pathologies. In this section, we present a formal definition of AD based
on the work of [83] and introduce AD approaches in the domain of brain MRI.

Anomalies can be defined as deviations from a baseline normality concept, which is
determined by the available data and the context of the task. Importantly, anomalies
do not necessarily represent pathological changes but can manifest, e.g., as artifacts
introduced during image acquisition.
Formally, given a data space X ⊆ RD, the concept of normality can be defined as
distribution D+ on the data space X . If a data sample x ∈ X , or a set of data samples,
does not lie in the distribution D+, the sample is considered an anomaly. Given the
probability density function d+(x) of D+, the set of anomalies can then be defined as

A = {x ∈ X | d+(x) < ϵ}, (2.16)

where ϵ is a threshold that defines the boundary between normal and anomalous data
samples.
The goal of an AD model is then to score potential anomalies x̃ ∈ X based on the
learned normal data distribution. Therefore, the objective of AD models is to estimate
the low-density regions in the data space X under D+. Formally, this can be expressed
as density level set estimation whereby the objective is to find the density level set Cα of
the normal data distribution D+ that contains a fraction α of the normal data samples.
The density level set Cα can be defined as

Cα = {x ∈ X | d+(x) ≥ ϵα}, (2.17)

where ϵα is the threshold that defines the boundary of the density level set Cα. Given
the concentration assumption [84] holds, some level α exists such that the density level
set Cα exists and can be bounded. For such a given set Cα, a threshold anomaly detector
cα : X → {0, 1} could be defined as

cα(x) =
{

1 if x ∈ Cα,

−1 otherwise.
(2.18)

The normal data distribution D+ is often unknown and must be estimated from the
available data. In medical imaging, D+ is often defined by the data obtained from
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healthy patients. Anomalies are then considered to be deviations from this distribution.
The majority of AD approaches are performed in an unsupervised setting, where only
unlabeled data samples {(xi)}N

i=1 ∈ X are available. Although the data distribution D+

may be contaminated with anomalies, resulting in a mixture with contamination rate
η > 0, unsupervised methods often assume no anomalies are present (η = 0).
Additionally, AD can be applied in semi supervised settings, wherein a subset {(x̃i, ỹi)}M

i=1 ∈
X × Y of the data samples {(xi)}N

i=1 ∈ X , contains additional information Y that differ-
entiates anomalies (ỹi = 1) from normal data samples (ỹi = 0). This labeling facilitates
the calibration of models or the detection of specific anomalies. Less commonly, AD is
applied in the completely supervised setting, which entails a binary classification task
necessitating labeled data (x̃i, ỹi)N

i=1 ∈ X × Y. Since anomalies are often rare and not
well-defined in advance, unsupervised AD or UAD is the most common approach.

2.5.1 Approaches to Unsupervised Anomaly Detection

As previously outlined, an effective methodology for UAD entails estimating the density
function, which serves as a foundation for identifying anomalies.
Formally, given a new data sample x′, the anomaly score s(x′) is given by the density
function d̂(x′; x1 . . . xn). By applying d̂(x′; x1 . . . xn) in Equation 2.17, we can estimate
the density level set Cα. This level set can then be used in Equation 2.18 to detect
anomalies. Density estimation can be achieved by using parametric density estimation
methods, such as Gaussian Mixture Models [85], Kernel Density Estimation [86, 87],
or VAEs [49]. However, particularly when pixel-wise predictions are required, the
high-dimensional data space can make density estimation challenging [88]. Moreover,
estimating the full density function is not always necessary. In some cases, identifying
the low-density regions within the data space X is sufficient for UAD [89, 90]. Therefore,
an alternative approach is to use one-class classification methods [91, 89], which learn a
decision boundary around the data distribution D+ and classify data samples that lie
outside the decision boundary as anomalies. Formally, one-class classifiers aim to find a
decision function fOC such that

fOC(x′) =
{

1 if x′ ∈ D+,

−1 otherwise.
(2.19)

While this approach only provides a binary decision for each data sample, a continuous
anomaly score s(x′) can be derived by measuring the distance to the decision boundary
[92]. Typically, one-class classification is applied in some feature or kernel space, where
the data samples are mapped to a higher-dimensional feature space, and a decision
boundary is learned in this space. Common examples of one-class classification methods
applied in a feature space are Support Vector Data Description (SVDD) [90] or one-class
Support Vector Machines (SVM) [89]. Learning the feature space using a deep learning
model is also possible, leading to deep SVDD [93] or deep one-class SVMs [94].
Another approach to UAD involves reconstruction-based methods. In this context, a GM
fGM : X → X is trained to minimize the reconstruction error Lrec between input data
samples x1, . . . , xn ∈ D+ and their reconstructions x̂1 = fGM (x1), . . . , x̂n = fGM (xn) ∈
D̃+. When applied to new data, reconstruction errors can then indicate anomalies.
Formally, the anomaly score for a new data sample x′ is given by the reconstruction error
s(x′, x̂′) = Lrec(x′, x̂′). A new sample x′ is considered an anomaly if the reconstruction
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error exceeds a threshold ϵ. Thus, the criterion is

c(x′) =
{

1 if s(x′, x̂) ≤ ϵ,

−1 otherwise.
(2.20)

The threshold ϵ defines the boundary between data samples that may be considered
normal or anomalous. In this approach, rather than estimating the density d̂(x′) of
individual samples, the GM fGM is employed to transform any sample x′ ∈ X to a
reconstruction x̂ = fGM (x′) in the data space D̃+ and the anomaly score s(x) is obtained
directly from the reconstruction error Lrec(x, fGM (x)). Common GMs for reconstruction-
based UAD are AEs, VAEs [62] or GANs [60]. While certain GMs, such as VAEs, are
capable of approximating the density function d̂(x; x1 . . . xn), empirical evidence suggests
that the reconstruction error Lrec is often a more reliable indicator for anomalies than
the estimated density function [95].

2.5.2 Unsupervised Anomaly Detection in Brain MRI

Considering the application of anomaly detection in brain MRI, the high dimensionality
of the data space makes direct density estimation challenging. Consequently, MRI scans
are typically reduced to a lower-dimensional feature space prior to the application of
anomaly detection methods. Throughout this thesis, we refer to this approach as feature-
based approach. The most common strategy to obtain meaningful features from brain
MRI is to use the latent representation of AEs. In this feature space, primarily one-class
classification methods have been applied to detect anomalies [96, 97]. Furthermore,
throughout the progress of this thesis, approaches that rely on density estimation [98, 99]
or discrepancies between latent representations have been proposed [82, 100, 101].
Reconstruction-based anomaly detection has been shown to be particularly effective
for high-dimensional brain MRI scans. In contrast to the feature-based approach,
reconstruction-based anomaly detection directly employs the reconstruction error of
the GM as the anomaly score. Thereby, anomalies can be detected on a pixel-wise or
voxel-wise level, allowing for a fine-grained localization of anomalies in the brain MRI
scans. Several studies have explored reconstruction-based anomaly detection in brain
MRI using AEs [102, 103, 104, 105, 106, 62], VAEs [107, 108, 109, 61, 110] and GANs
[111, 112, 113, 114, 4]. More recently, denoising AEs have been applied in this context
[115] and DDPMs emerged as a powerful class of GMs for UAD [116, 117]. Additionally,
self supervised learning with synthetic anomalies has been proposed as another approach
to UAD in brain MRI [118, 119, 120, 121]. A detailed discussion of the related work in
the field of UAD in brain MRI is provided in Chapter 5.
In this thesis, we focus on applying reconstruction-based anomaly detection to brain
MRI. Specifically, we investigate using VAEs and DDPMs as GMs and propose novel
adaptations that integrate additional contextual information into the reconstruction
process and anomaly scoring mechanism.
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In this chapter, we present the details of our experimental setup. We begin with an
overview of the used data sets, followed by a description of the applied pre-processing and
post-processing steps. We then introduce the metrics and baselines that are evaluated.
Finally, we present the motivation and the details of our proposed approaches.

3.1 Data Sets

For training, data sets consisting of only healthy samples are used, while evaluation is
performed on data sets containing various pathologies along with their corresponding
annotations. For training, we utilize the following data sets:

MixedNormals Data Set The MixedNormals (MN) data set is a proprietary data
set provided by Jung Diagnostics GmbH and consists of 1971 T1-weighted brain MRI
scans. At the time of data acquisition, none of the patients had a documented history
of neurological or psychiatric conditions. For all patients, a local radiologist conducted
a visual assessment and confirmed that all volumetric images showed no abnormalities
beyond age-related variations. The MN data set comprises scans obtained with different
acquisition devices from distinct vendors, encompassing varying acquisition parameters.
We separate a test set of 10 % of the data set for evaluation. The remaining data is used
for training and validation.

IXI Data Set The Information eXtraction from Images (IXI) data set [122] is publicly
accessible and comprises 562 healthy brain MRI scans. We separate a healthy test set
consisting of 160 samples. The remaining data is partitioned into five training sets
(N=358) and validation sets (N=44) for cross-validation. The scans are acquired by
three different scanner models with varying acquisition parameters and contrast settings,
including T1-weighted and T2-weighted scans.

For evaluation, we use the following data sets:

BRATS Data Set The BRATS data set is a publicly accessible data set for the
multimodal BRAin Tumour Segmentation (BRATS) Challenge [9, 123, 28]. The data
set is updated on an annual basis, resulting in the release of multiple versions. The 2019
Version comprises 335 annotated brain MRI scans, whereas the 2021 Version comprises
1250 annotated brain MRI scans. For all data sets, voxel-level annotation masks are
provided by radiologists as categorical masks. Two distinct types of tumors are present
in the BRATS data sets, namely glioblastoma and lower-grade glioma. For each subject,
T1, T1 contrast-enhanced, T2 and FLAIR weighted scans are available.
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Fig. 3.1: Overview of the data sets used in the experiments. Top: Center slices of
exemplary raw MRI scans before pre-processing, resampled to a uniform voxel
grid. Bottom: Center slices of the corresponding pre-processed MRI scans.

MSLUB Data Set The Multiple Sclerosis data set from the University Hospital of
Ljubljana (MSLUB) [124] is publicly accessible and comprises 30 multimodal scans of
subjects diagnosed with Multiple Sclerosis (MS) and the corresponding annotations. T1,
T2 and FLAIR weighted scans are available for each subject.

ATLAS Data Sets The ATLAS data set [125] is a publicly accessible data set for the
detection and segmentation of stroke lesions. Two versions of the data set are available,
both containing T1-weighted MRI scans. The first version (v1) comprises 304 annotated
samples with stroke lesions, while the second version (v2) consists of 655 annotated
samples. The stroke lesions are annotated by experts and binary segmentation masks
are provided. The samples predominantly exhibit embolic strokes in the cortical and
subcortical regions of the left and right hemispheres.

WMH Data Set The White Matter Hyperintensity (WMH) data set [126] encom-
passes 60 MRI scans from patients with WMH. Segmentation masks are derived from
consensus agreements between two expert radiologists. T1 and FLAIR weighted scans
are available for each subject.

3.1.1 Pre-Processing

We apply the following pre-processing steps to bring the data sets into a common format.
We pre-process all scans by resampling them to an isotropic resolution of 1 × 1 × 1 mm
and registering them to the SRI24-Atlas template [127]. The brain region is extracted
using a Unet [128], after which the images are cropped to the size of the brain region.
To correct for intensity inhomogeneities, N4 bias field correction [129] is applied. The
images are then cropped or padded to a fixed size of 192 × 192 × 160 voxels. Intensity
values are normalized to the range [0, 1], based on the 99% percentiles of the intensity
distribution. Next, the dimensions of the images are reduced by a factor of two to
96 × 96 × 80 voxels. Finally, 15 top and bottom slices are cropped, resulting in a final
image size of 96 × 96 × 50 voxels.
Pre-processing is performed using the ANTS [130] and TorchIO [131] libraries. Figure
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3.1 shows a visualization of the pre-processed images. The pre-processing steps are
applied to all data sets used in the experiments except for our initial study [20] where
we follow the pre-processing steps of [62] and further reduce the dimension of the images
to 64 × 64 × 64.

3.1.2 Post-Processing

We apply the following post-processing steps to the anomaly maps to evaluate the
proposed approaches and the baselines. We apply a median filter with a kernel size
of K = 5 × 5 × 5 to smooth the residual map. Following this, we perform brain mask
erosion for three iterations, primarily aimed at filtering out residuals caused by poor
reconstructions at sharp edges near the brain mask [62]. The residual map is then
binarized using a greedy threshold search [109]. After binarization, connected component
filtering is applied to remove areas with fewer than seven voxels.

3.2 Evaluation

We conduct various experiments and evaluate different metrics to assess our proposed
approaches.

Reconstruction Metrics

To assess the reconstruction quality, we employ the validation or test set of the healthy IXI
or MN data sets and calculate similarity metrics between the input and the reconstruction.
We consider the Structural Similarity Index Measure (SSIM) [132], the Peak Signal to
Noise Ratio (PSNR) and the Learned Perceptual Image Patch Similarity (LPIPS) [133] as
metrics to evaluate the reconstruction quality. Moreover, we consider the reconstruction
error (l1-error). Given that the GMs are trained to reconstruct healthy anatomy, it is
essential to consider the l1-error of healthy and unhealthy anatomy separately. Therefore,
for the unhealthy evaluation data sets, we calculate the l1-error for healthy and unhealthy
anatomy, as indicated by the annotation masks and introduce an l1-ratio as follows:

l1-ratio = l1unhealthy

l1healthy
.

A higher value for the l1-ratio indicates that the model successfully reconstructs the
healthy anatomy without replicating the unhealthy parts of the input. A lower value
indicates that the model fails to reconstruct the healthy anatomy or replicates the
unhealthy parts of the input.

Segmentation Metrics

To assess the segmentation performance, we report the Dice score [134, 135] (DICE).
The Dice score is a widely used metric for segmentation tasks, providing a measure of
the overlap between the predicted and the ground truth segmentation. The Dice score
requires binary masks as input, where the predicted anomaly map is binarized using a
threshold. We consider two versions of the Dice score. First, an unhealthy validation set
is employed to identify the optimal threshold, which is subsequently applied to the test
set. This version is designated as DICE. Secondly, we calculate an optimal Dice score by
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searching for the threshold that maximizes the Dice score for the test data. This version
is designated as ⌈DICE⌉. The thresholds are estimated by a greedy search, following the
method described in [109]. Since the threshold search is performed on the validation
or test data, the resulting Dice scores represent the upper bounds for the segmentation
performance.
To obtain a threshold-independent metric, we calculate and report the Area Under
Precision-Recall Curve (AUPRC). The AUPRC quantifies the precision-recall trade-off
and is particularly useful for imbalanced data sets. The AUPRC is calculated by sorting
the anomaly scores in descending order and calculating the precision and recall for each
threshold. The AUPRC is then obtained by integrating the precision-recall curve.

Statistical Testing

To assess the statistical significance of performance differences between models, we
employ a permutation test from the MLXtend library [136]. Specifically, we conduct
10,000 permutations at a significance level of α = 5%. In each permutation, the mean
difference between the scores of the two models is computed. The p-value is then
determined by counting the times the permuted mean differences are greater than or
equal to the observed sample difference, normalized by the total number of permutations.

3.3 Baselines

We evaluate our proposed approaches in comparison with established baselines for UAD
in brain MRI. These include feature-modeling methods, reconstruction-based approaches,
and training strategies that utilize synthetic anomalies.

Feature-modeling Methods

We evaluate the following feature-modeling methods that rely on feature discrepancies
for anomaly scoring:
Feature Autoencoder (FAE) [101]: In this method, the input image is first trans-
formed into a feature space using a pre-trained CNN. Then, an AE is employed to
reconstruct the extracted features at multiple resolutions. The features and their cor-
responding reconstructions are then resized to match the original image size, and the
SSIM between the pairs is used as the anomaly score.
Reverse Distillation (RD) [82]: Reverse Distillation (RD) combines an AE architec-
ture with a student-teacher knowledge distillation approach. Given a teacher encoder
pre-trained on mixed data, a student decoder is trained to reconstruct the representations
produced by the teacher encoder for healthy samples. The upsampled cosine distance
between the feature maps of the teacher encoder and student decoder is used as the
anomaly score.
Encoder Decoder Consistency (EDC) [100]: The EDC method utilizes the contrast
between encoder and decoder features in AEs. Unlike conventional feature-based meth-
ods that use frozen pre-trained encoders from natural image data sets, EDC optimizes
the encoder and decoder end-to-end within the medical imaging domain, integrating
contrastive learning. Anomaly scores are computed using the upsampled cosine similarity
between encoder and decoder feature representations.
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Reconstruction-based Approaches

We evaluate the following reconstruction-based approaches:
Autoencoder (AE) [62]: The AE is a simple baseline that uses a convolutional AE to
reconstruct the input image. The anomaly score is the pixel-wise l1-error between the
input and the reconstruction.
Variational Autoencoder (VAE) [62]: The VAE is an extension of the AE that learns
a probabilistic latent space representation from which the input data is reconstructed.
The anomaly score is the pixel-wise l1-error between the input and the reconstruction.
Sequential VAE (SVAE) [137] The SVAE is a variant of the VAE that aims to capture
inter-slice dependencies within an MRI volume. SVAEs consist of a 2D encoder that
extracts features for each input slice. The features are then processed as a sequence
by a transformer network to model and capture the dependencies across slices. After
the sequence processing, the features are transformed into the image space by a 2D
decoder. Thereby, 3D information is captured in the latent space. The anomaly score is
the pixel-wise l1-error between the input and the reconstruction.
Denoising Autoencoder (DAE) [115]: The DAE is a variant of the AE that is trained
to reconstruct the input from corrupted versions of the input. In this implementation, a
Unet is used as the AE architecture and upscaled Gaussian noise is added to the input.
The anomaly score is the pixel-wise l1-error between the input and the reconstruction.
Notably, during evaluation, no noise is applied to the input.
Reverse Anomalies (RA) [138]: The RA method uses a soft intro VAE [139] with
a multi-scale embedding loss to compare input and reconstruction features at multiple
encoder stages. This combination aims to improve the generation of healthy anatomy
and to enhance the coherence between input and reconstruction. The l1-error is then
combined with the upsampled pixel-wise LPIPS for anomaly scoring.
PHANES [140]: PHANES is a hybrid approach that integrates a GAN with RA for
inpainting tasks. The method involves generating binary masks given the residual map
of the RA method and using them for GAN-based inpainting. The l1-error is then
combined with the upsampled pixel-wise LPIPS for anomaly scoring.
AnoDDPM [116]: AnoDDPM is a diffusion-based approach where the Gaussian noise
added during the forward process is replaced by structured Simplex noise. Furthermore,
instead of starting the sampling from pure noise, the sampling starts with a partially
noised image. Notably, we use the denoising Unet to generate a reconstruction from a
given image xttest in a single step, setting ttest = T

2 = 500. The anomaly score is l1-error
between the input and the reconstruction.

Synthetic Anomalies

We evaluate the following methods that utilize synthetic anomalies for training:
Foreign Patch Interpolation (FPI) [120]: In FPI, foreign image patches are blended
into an image to generate artificial anomalies. The patch regions are extracted from two
independent samples at the same location and replaced with an interpolation between
both patches. A Unet-like architecture is trained to predict the location and interpolation
factor of the patch. The predictions of the Unet are then used as the anomaly score.
DRAEM-Net [141]: DRAEM-Net employs a dual-network architecture comprising a
generator and a segmentation network. The generator is trained to remove synthetic
anomalies, providing a pseudo-healthy reconstruction. The segmentation network is then
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used to segment the synthetic anomalies, given the concatenation of abnormal input
and pseudo-healthy reconstruction. The predictions of the Unet are then used as the
anomaly score.

Learning-free Baseline

We additionally evaluate a learning-free baseline that does not require the training of
deep learning models.
Intensity-based Thresholding (Thresh) [142]: This method is based on simple
thresholding. Histogram Equalization is applied to the input image, and a threshold is
determined by an optimization process on the validation set. The anomaly score is then
directly derived from the binarized image.

3.4 Proposed Approaches

In this section, we introduce our proposed approaches and outline their motivation. For
all approaches, a detailed description of the methodology is provided in the corresponding
publications, attached in Chapter 8.

3.4.1 3D VAEs with Spatial Erasing

This approach is based on our study 3-Dimensional Deep Learning with Spatial Erasing
for Unsupervised Anomaly Segmentation in Brain MRI [20], attached in Chapter 8.1.
VAEs are predominantly used GMs for reconstruction-based UAD in brain MRI. However,
while the strong regularization of VAEs prevents the replication of unhealthy structures,
their reconstructions often lack fine anatomical detail and are blurry [143, 62, 144]. While
several methods have been proposed to enhance the quality of VAE reconstructions and
anomaly scoring [108, 109, 61], most of the proposed methods neglect the 3D information
of MRI data. To address this shortcoming, we investigate using 3D VAEs to incorporate
additional context in the form of volumetric information. We hypothesize that 3D spatial
information will improve UAD performance due to increased reconstruction fidelity.
Given the larger parameter space in 3D models, we also introduce spatial erasing to
mitigate the risk of overfitting and to enforce the utilization of 3D context.

Approach

Our overall approach [20] is shown in Figure 3.2. We extend the baseline 2D VAE
by applying 3D operations, such as 3D convolutions, 3D normalization or 3D pooling.
Furthermore, we extend existing 2D erasing techniques from cutout [145] and context
autoencoders [68, 109] to 3D MRI scans, proposing several erasing strategies:
Single Patch/Cube Erasing: One patch or cube is randomly erased, ranging from
1% to 25% pixels or voxels of the input image.
Multiple-Patch/Cube Erasing: Multiple randomly positioned patches or cubes are
erased, totaling 1% to 25% of the input size.
Half-Slice/Volume Erasing: One side of the brain is randomly erased in a 2D slice or
across multiple consecutive 3D slices.
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Fig. 3.2: Our proposed erasing approach, adapted from [20]. During training, the input
image is erased by a patch or cube, and the VAE is trained to reconstruct
the original image. At test time, no erasing is applied, and the residual map
between input and reconstruction is used as the anomaly score.

During training, we apply erasing strategies with a binary mask Me, where ones indicate
the erased region and zeros indicate the preserved background creating an erased input
x̃ = x ⊙ ¬Me. The loss function in Equation 2.13 then becomes:

arg min
ϕ,θ

(LRec(x, pθ(x|qϕ(z|x̃))) + DKL(qϕ(z|x̃)∥p(z)))

Optionally, erased regions are replaced with Gaussian noise instead of zeros. At test
time, we use the residual map based on the l1-error between the input and reconstruction
to calculate anomaly scores.

3.4.2 Patched Diffusion Models

This approach is based on our study Patched Diffusion Models for Unsupervised Anomaly
Detection in Brain MRI [21], attached in Chapter 8.2.
The blurriness of VAE reconstructions can be largely attributed to the loss of spatial
information within the fully connected, dense latent space. Studies have shown that
spatial latent representations (i.e., two-dimensional feature maps) can substantially
enhance reconstruction quality [62, 146]. However, the dense latent spaces in classical
VAEs present an important bottleneck and thus regularization that prevents the model
from simply copying the input [62]. Therefore, the utilization of spatial latent spaces or
skip connections necessitates the incorporation of additional regularization.
DDPMs address this issue by introducing noise into the input image and reconstructing
it with a Unet-based architecture, demonstrating robust outcomes in image synthesis
[55] and UAD [116]. Nevertheless, the accurate reconstruction of fine-grained details
of the brain from a noisy image remains a challenge. In particular, besides the loss of
structural information, applying noise to the entire input image can result in the loss of
contrast and intensity information. This loss of information can lead to inconsistencies
in the reconstructed image.
To address these limitations, we propose patched Denoising Diffusion Probabilistic
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Models (pDDPM), which aim to use the global context of the clean target image in the
denoising process. Specifically, the forward process is applied only to a predefined patch
within the input image, while the remaining image is unaltered. The backward process is
then applied to the entire image to recover the noised patch. We hypothesize that using
the unaltered surrounding context during denoising improves reconstruction quality and
coherence of input and reconstructions, enabling more accurate anomaly scoring.

-

-

Fig. 3.3: Overview of our pDDPM, adapted from [21]. During training (top), a single
patch is sampled from the input image, subjected to noise in the forward process,
and denoised in the backward process. During evaluation (bottom), multiple
patches are subjected to noise and the reconstructed patches are stitched
together to form a complete reconstruction. The l1-error is then computed as
the anomaly map.

Approach

The pDDPM, illustrated in Figure 3.3, builds upon the AnoDDPM [116], using simplex
noise instead of Gaussian noise.
Given an input image x ∈ RH×W with height H and width W , we partition x into
K patch regions pk ∈ Rh×w with h < H and w < W . During training, patches
are sampled either at random positions or from a fixed grid. For the grid, K patch
regions are evenly spaced across x, with the number of possible patches calculated as
K = ⌈W −w

w ⌉ + ⌈H−h
h ⌉ + 2, where ⌈.⌉ denotes the ceiling function. We then uniformly

sample an index k from this grid.
Given a selected patch region pk, we apply the forward process to introduce noise to this
region as follows: starting with the original image x and a noise level t, we obtain the
partially noised image xt following Equation 2.14. Using a binary mask Mp ∈ RH×W ,
where ones indicate the patch region and zeros indicate the background, we define the
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partly noised image:
x̃t = xt ⊙ Mp + x ⊙ ¬Mp.

Here, ⊙ represents element-wise multiplication. The partly noised image x̃t is then
passed through the denoising Unet, which predicts the original content within the patch,
leading to x̃rec. To concentrate the loss on the patch-specific denoising task, we optionally
adapt the reconstruction loss Lrec to a patch-wise loss Lp focused only on the patch
region:

Lp = |(x − x̃rec) ⊙ Mp| .

At test time, we sequentially apply the forward and backward processes to all K patches
in the input image using a sliding window approach, allowing each patch to be estimated
with spatial context from surrounding patches. The whole image is then reconstructed
by stitching together the individual denoised patches, averaging in overlapping regions to
smooth transitions. For each patch, we use the denoising Unet to generate a reconstruction
from xttest in a single step, as this has shown to improve performance while reducing
processing time. Initially, we evaluate the model using a single noise level, set to
ttest = T

2 = 500, and subsequently conduct ablation studies to assess the impact of
different noise levels. Finally, the residual map between the input and the reconstructed
image serves as the anomaly score.

3.4.3 Context-Conditioned Diffusion Models

This approach is based on our study Guided Reconstruction with Conditioned Diffusion
Models for Unsupervised Anomaly Detection in Brain MRIs [22], attached in Chapter
8.3.
As demonstrated in our study [21], the patching strategy in pDDPMs can enhance
the reconstruction quality. However, the patching approach increases computational
complexity and processing time, as each image is processed in multiple iterations.
Furthermore, the patching technique may result in the introduction of artifacts in regions
of overlap and necessitates tuning an additional hyperparameter, namely the patch size.
To address these limitations, we propose context-conditioned DDPMs (cDDPMs). Our
approach introduces a conditioning mechanism that provides the denoising process with
additional context from the input image for guidance. An additional encoder network
provides an abstract representation, or context vector, to condition the denoising process.
Consequently, image context can be integrated into the denoising process without the
need for a costly patching strategy.
We hypothesize that this conditioning mechanism improves alignment in local intensity
distributions between input and reconstruction, resulting in enhanced reconstruction
quality and segmentation performance. Additionally, the conditioning mechanism, which
is adaptive to the input image, could enhance the model’s generalization and domain
adaptation capabilities.

Approach

The cDDPM architecture is illustrated in Figure 3.4. Given an input image x, we
apply the DDPM forward process from Equation 2.14 to obtain a noised version xt. In
addition, we derive a context vector c by encoding x through a ResNet-based encoder
network, c = Fenc(x), where c ∈ Rd and d is the dimension of the context vector. We
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Fig. 3.4: Overview of our cDDPM, adapted from [22]. The timestep embedding ct is
concatenated with the projected encoder representation c of the input image,
forming the conditioning vector c′. This vector is then used to scale and shift
the feature maps within the residual blocks of the denoising Unet. Each residual
block consists of two convolution layers (Conv1, Conv2), group normalization
(Norm), and Sigmoid Linear Units (SiLU). During evaluation, the residual map
is used for anomaly detection.

then utilize the context vector c to condition the denoising process. To incorporate c
within the denoising Unet, we modify the timestep conditioning by concatenating c with
the embedded timestep conditioning vector ct ∈ Rd, resulting in a combined conditioning
vector c′ ∈ R2·d. This vector c′ is then used to adjust feature maps at each level of the
Unet through a feature-wise scaling and shifting operation inspired by [147]. Specifically,
an MLP generates two vectors, γ and β, from c′, with γ,β ∈ RCi , where Ci is the
number of channels at Unet level i. The feature maps fi at each level are transformed
as:

f ′
i = fi · (γ + 1) + β.

This transformation allows adaptive adjustment of feature maps based on the context
vector c at each Unet level. Optionally, we pre-train the encoder network in a self-
supervised manner using CNN-based masked image modeling [148].
At test time, the context vector c is derived from the input image and used to guide
the denoising process. Similar to pDDPMs, we use the denoising Unet to generate a
reconstruction from xttest with ttest = T

2 = 500 in a single step. Additionally, we perform
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an ablation study to assess the impact of different noise levels. Furthermore, we evaluate
an ensemble approach using multiple noise levels ttest = [250, 500, 750], where the final
reconstruction is obtained by averaging the individual reconstructions from each noise
level. The residual map between the input and the reconstructed image serves as the
anomaly score.

3.4.4 Structural Similarity Index as Anomaly Score

This approach is based on our study Diffusion Models with Ensembled Structure-based
Anomaly Scoring for Unsupervised Anomaly Detection [23], attached in Chapter 8.4.
Our previous studies demonstrated that both the type and architecture of the GM play
a crucial role in UAD, as models with strong reconstruction capabilities can provide
more accurate anomaly scoring. However, the selection of the discrepancy measure
between input and reconstruction also directly impacts the accuracy of the segmentation.
Commonly used metrics such as the l1-error or the l2-error focus on intensity-based
discrepancies, which may fail to capture structural differences, as indicated by [80, 149].
This limitation may lead to missing subtle anomalies and overpenalizing errors from
minor reconstruction imperfections.
We investigate using the SSIM as an alternative anomaly score. The SSIM incorporates
structural, contrast, and luminance information based on local patch comparison rather
than pixel-wise intensity comparison. The SSIM has demonstrated potential as an
anomaly scoring method in reconstruction-based UAD [80, 142, 144]. However, while in
[80], the evaluation is restricted to the domain of industrial defect detection, in the study
[142], the SSIM is applied within the feature space of AEs and in [144] no comparison to
other metrics, such as the l1-error, is presented. Furthermore, the application of SSIM
in the context of DDPMs remains unexplored.
A pivotal element in the SSIM is the kernel dimension kssim, which defines the size of the
compared local patches. Most existing approaches select a fixed kernel size based on the
anticipated anomaly sizes, which may not be optimal for all pathologies. To address this
issue, we propose an adaptive method (SSIM-ens) that computes a weighted average of
SSIM scores across multiple kernel sizes. We hypothesize that this approach can reduce
the dependency on a specific kernel size, enhancing robustness to different pathology
types.

Approach

The SSIM between two images x and y is calculated by comparing local means, variances,
and covariances [132]. These local statistics are computed by shifting a Gaussian
kernel with spread σ across the images, where the kernel dimension is derived as
kssim = int(3.5 · σ + 0.5) · 2 + 1, with int truncating the result to an integer.
SSIM scores are sensitive to the choice of σ, with larger values expanding the neighborhood
of pixels considered and smaller values limiting it. To reduce dependency on a single
scale, we propose SSIM-ens. This ensemble-based method averages SSIM scores across a
range of σ values to provide a more robust anomaly score.
For a given input image x and its reconstruction xrec, the SSIM-ens anomaly score is
computed as a weighted average over different σ values {σ1, σ2, . . . , σn}:

SSIM-ens(x,xrec) = 1 −
n∑

i=1
wi · SSIMσi(x,xrec),
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where
wi = e−SSIMσi (x,xrec)∑n

j=1 e−SSIMσj (x,xrec) .

Here, SSIMσi denotes the SSIM score calculated with σi, and wi is a normalized expo-
nential weight inversely related to SSIMσi , emphasizing regions with larger discrepancies.
This ensemble method aims to improve robustness across varying pathology scales and
types by combining multi-window SSIM scores. The SSIM-ens is then used as the final
anomaly score.

3.4.5 Leveraging the Mahalanobis Distance to refine Anomaly Scoring

This approach is based on our study Leveraging the Mahalanobis Distance to enhance
Unsupervised Brain MRI Anomaly Detection [24], attached in Chapter 8.5.
While SSIM can enhance anomaly scoring by capturing structural similarities, it is limited
to assessing only the neighboring pixel context of individual inputs and reconstructions.
Probabilistic models, however, enable the generation of multiple reconstructions, allowing
us to model distributions that may provide additional contextual information. However,
this information is seldom utilized in anomaly scoring, as the majority of existing methods
either consider only a single reconstruction or average multiple reconstructions to derive
the anomaly map [103, 62]. This approach ignores the contextual information that may
be obtained from different reconstructions. Moreover, in studies that analyze multiple
reconstructions, typically, only the variance across the reconstructions is considered,
disregarding inter-pixel covariance [150, 151]. Therefore, we propose the Mahalanobis
distance (MHD) [152] to capture the variability of pixel intensities within a pseudo-
healthy distribution of multiple reconstructions to assess the deviation of individual
pixels from a healthy reference distribution.
In our approach, we generate a pseudo-healthy distribution by reconstructing the same
input image multiple times. The MHD is then computed pixel-wise between the input
image and this distribution.
We hypothesize that using the MHD can enhance anomaly detection by differentiating
genuine anomalies from common variations in pseudo-healthy reconstructions. Addi-
tionally, by capturing global spatial information, including potential symmetries across
individual brain scans, the MHD could extend beyond the local neighborhood limitations
of SSIM, leading to more accurate and robust anomaly segmentation.

Approach

Figure 3.5 illustrates the MHD anomaly scoring framework. To compute the MHD, we
first generate a set of N pseudo-healthy reconstructions {xrec1 ,xrec2 , . . . ,xrecN } for a
given input image x using a cDDPM. We then calculate the mean reconstruction:

µ = 1
N

N∑
i=1

xreci

and the covariance matrix:

Σfull = 1
N − 1

N∑
i=1

(xreci − µ)(xreci − µ)⊤ ∈ RH·W ×H·W ,
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Fig. 3.5: Overview of or MHD-based anomaly scoring. First, a set of pseudo-healthy
reconstructions is generated using a cDDPM. The mean reconstruction µ and
the covariance matrix Σfull are calculated across the reconstructions. The MHD
is then computed pixel-wise between the input image x and the pseudo-healthy
distribution. The final anomaly score is derived by element-wise multiplication
of the SSIM and the MHD.

which captures the pixel-wise variance and covariance across the reconstructions.
The MHD between the input image x and the pseudo-healthy distribution is computed
as:

MHDfull(x) =
√

(x − µ)⊤Σ−1
full(x − µ).

This distance is calculated for each pixel, resulting in a pixel-wise anomaly score.
Additionally, to analyze the effect of the covariances on the anomaly score, we also
calculate the MHD using only the diagonal of the covariance matrix:

MHDdiag(x) =
√

(x − µ)⊤Σ−1
diag(x − µ).

Here, Σdiag is a diagonal matrix whose diagonal elements correspond to those of Σfull
with all off-diagonal elements set to zero.
To refine the anomaly map, we combine the MHD with the SSIM by calculating the
SSIM between x and the mean reconstruction µ and applying an element-wise product:

S = MHD(x) ⊙ (1 − SSIM(x,µ)).

Notably, we compare different anomaly scores. Smean denotes the averaging of multiple
reconstructions to derive the anomaly map solely based on the SSIM. SMHD

diag and SMHD
full

denote the use of the MHD either with a diagonal covariance matrix or with a full
covariance matrix, respectively.

3.4.6 Supervised Anomaly Detection with Diffusion Models

This approach is based on our study Combining Reconstruction-based Unsupervised
Anomaly Detection with Supervised Segmentation for Brain MRIs [25], attached in
Chapter 8.6.
Reconstruction-based UAD methods can generalize to unseen pathologies but often
produce noisy anomaly maps due to reconstruction artifacts. In contrast, supervised seg-
mentation models can provide precise anomaly maps but require voxel-wise annotations
and are limited to pathologies seen during training.
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Fig. 3.6: Overview of our SADM framework, adapted from [25]. The framework consists
of two branches: a DDPM for pseudo-healthy reconstructions and a supervised
Unet for segmentation. In stage I, The DDPM is trained to reconstruct healthy
brain scans. In stage II, discrepancies between the input and reconstruction are
provided to the Unet to predict the segmentation map. The final anomaly score
combines the unsupervised SSIM with the supervised segmentation prediction.

To combine the strengths of both approaches, we propose a two-branch framework that
integrates the general anomaly detection capabilities of reconstruction-based methods
with the precision of supervised segmentation. First, we train a GM to reconstruct
healthy images, producing pseudo-healthy reconstructions for input images with potential
anomalies. Subsequently, we train a supervised segmentation model with the goal of
identifying anomalies focusing on deviations between the input and its reconstruction.
At test time, we combine the anomaly maps produced by the reconstruction branch
with the segmentation predictions from the supervised branch, resulting in a combined
anomaly score.
We hypothesize that this framework improves segmentation accuracy for known patholo-
gies while maintaining generalizability to novel anomalies. Furthermore, additional
information is fed to the supervised segmentation model by focusing on the residual
of input and pseudo-healthy reconstruction. This additional information potentially
enhances the generalization beyond the anomalies used in the training data.

Approach

An illustration of the proposed approach is illustrated in Figure 3.6. Our Supervised
Anomaly Detection with Diffusion Models (SADM) framework integrates two primary
branches: a DDPM for pseudo-healthy reconstructions (reconstruction branch) and a
supervised Unet for segmentation (segmentation branch). The SADM training process
consists of two sequential stages:
Stage I: Unsupervised Reconstruction: In the first stage, the DDPM is trained
to reconstruct healthy brain scans following a reconstruction-based UAD strategy. The
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DDPM is optimized to minimize the reconstruction error LRec = |x − xrec| , where
xrec = F DDPM

θ (x) denotes the pseudo-healthy reconstruction of the input scan x. In our
experiments, we use our cDDPM for F DDPM

θ .
Stage II: Supervised Segmentation: In the second stage, the pseudo-healthy
reconstructions from stage I are used to support anomaly segmentation. For an abnormal
input scan ẋ with ground truth annotation ẏ, we generate a pseudo-healthy reconstruction
ẋrec = F DDPM

θ (ẋ). The difference (ẋ − ẋrec) and the original input ẋ are provided to a
Unet to predict the segmentation map:

ˆ̇y = F seg
ϕ (ẋ − ẋrec, ẋ).

Both ẋ − ẋrec and ẋ, are encoded by the encoder of the Unet. Subsequently, the
resulting feature maps are concatenated at each layer and fed to the Unet decoder. The
Unet is trained by minimizing the cross-entropy loss for segmentation LSeg = CE(ˆ̇y, ẏ).
During this stage, the DDPM parameters θ are frozen. For anomaly detection, both
branches of the SADM framework are utilized. Given a potentially abnormal input ẋ,
the DDPM generates a pseudo-healthy reconstruction ẋrec = F DDPM

θ (ẋ). The supervised
segmentation network then predicts the anomaly map ˆ̇y = F seg

ϕ (ẋ−ẋrec, ẋ). Additionally,
we compute the pixel-wise SSIM between the input and reconstruction for unsupervised
anomaly scoring:

x̃ = 1 − SSIM(ẋ, ẋrec).

The final Anomaly Score (AS) combines the unsupervised anomaly map with the
supervised segmentation prediction:

AS = x̃ + ˆ̇y.

This combined approach aims to leverage the broad but general anomaly detection
capability of the unsupervised anomaly map along with the precise segmentation of
known anomalies provided by the supervised network.
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Tab. 4.1: Results for 2D and 3D VAEs combined with spatial erasing strategies, adapted
from [20]. DICE (µ ± σ) represents the mean and standard deviation of the
DICE scores across subjects. The AUPRC is computed by concatenating
predictions and annotations across the entire test set. The highest values are
highlighted in bold, and all metrics are reported as percentages.

BRATS (T2) ATLAS (T1)
Input & Erasing DICE AUPRC DICE AUPRC

2D-None 25.30 ± 12.37 21.19 11.23 ± 13.66 16.86
3D-None 26.93 ± 12.40 24.69 14.42 ± 16.06 23.74
2D-Patch-0 26.52 ± 13.42 22.53 12.23 ± 13.67 18.65
2D-Patch-n 26.58 ± 13.27 22.54 12.36 ± 14.61 18.20
3D-Cube-0 27.90 ± 13.57 26.18 15.59 ± 17.02 23.47
3D-Cube-n 28.80 ± 13.74 27.85 15.53 ± 17.30 25.11
2D-Multi-Patch-0 26.44 ± 12.89 22.54 11.82 ± 14.29 18.72
2D-Multi-Patch-n 27.24 ± 13.14 22.81 12.88 ± 15.21 19.49
3D-Multi-Cube-0 27.67 ± 13.22 25.82 15.23 ± 16.64 24.51
3D-Multi-Cube-n 28.33 ± 13.42 26.18 14.99 ± 17.31 25.13
2D-Half-Slice-0 25.44 ± 12.42 21.77 11.05 ± 13.70 18.60
2D-Half-Slice-n 26.45 ± 13.22 22.84 12.13 ± 14.79 20.37
3D-Half-Volume-0 27.51 ± 13.17 25.47 15.21 ± 17.00 23.14
3D-Half-Volume-n 27.92 ± 13.24 26.07 15.27 ± 17.21 25.58

In this chapter, we summarize the results of our proposed methods and experiments.
For additional results, ablation studies and visualizations, we refer to the corresponding
publications, attached in Chapter 8.

4.1 3D VAEs for UAD in Brain MRI
We present the results of our paper, 3-Dimensional Deep Learning with Spatial Erasing
for Unsupervised Anomaly Segmentation in Brain MRI [20], attached in Chapter 8.1.
All models are trained on T1-weighted scans from the MN data set and evaluated on the
BRATS 2019 and ATLAS v1 data sets. For evaluation, we report the mean and standard
deviation of the DICE score across subjects, with thresholds optimized on a held-out
validation set. Additionally, we calculate the AUPRC by concatenating predictions and
annotations across the entire test set to provide a threshold-independent metric.
We compare 2D and 3D VAEs and evaluate different erasing strategies. These strategies
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Fig. 4.1: l1-error for reconstructions of healthy and unhealthy brain regions for 2D and
3D VAEs with different erasing strategies. Healthy and unhealthy regions are
defined by the ground truth annotations from the BRATS data set.

include patch, multi-patch, and half-slice for 2D models, and cube, multi-cube, and half-
volume for 3D models. Each erasing strategy is tested by replacing the erased regions
with zeros (*-0) and noise (*-n). The results are summarized in Table 4.1.
Our findings show that 3D VAEs consistently outperform their 2D counterparts, in terms
of DICE and AUPRC. Furthermore, we observe improved performance when applying
erasing. While there is no clear superiority of one erasing strategy over the others, the
Cube and Half-Volume methods for 3D models demonstrate robust performance. Across
the different inpainting strategies (noise or zeros), similar performance is reported with
a slight benefit for noise.
In Figure 4.1, we present a comparison of the l1-error between healthy and unhealthy
regions. Healthy regions exhibit lower l1-error values compared to unhealthy brain
structures. Particularly for erasing strategies, the errors are substantially higher in
unhealthy regions while only marginally increased in healthy regions.
Overall, 3D processing can improve the segmentation performance and reconstruction
accuracy. However, with VAEs, the reconstructions remain blurry and generic, and the
segmentation performance is moderate, as also illustrated in Figure 4.3.

4.2 Diffusion Models for UAD in Brain MRI
We summarize the results of our papers Patched Diffusion Models for Unsupervised
Anomaly Detection in Brain MRI [21] and Guided Reconstruction with Conditioned
Diffusion Models for Unsupervised Anomaly Detection in Brain MRIs [22], attached in
Chapter 8.2 and 8.3. All models are trained on T1- and T2-weighted scans from the
IXI data set and evaluated on BRATS 2021 (T2), MSLUB (T2), ATLAS v2 (T1), and
WMH (T1) data sets. The metrics are averaged across five cross-validation folds. The
segmentation performance is evaluated using the Dice score (⌈DICE⌉). The reconstruction
quality is assessed using SSIM, LPIPS, PSNR, and l1-error on healthy data. Furthermore,
the ratio of the l1-error on unhealthy and healthy data is considered (l1-ratio).
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4.2 Diffusion Models for UAD in Brain MRI

Tab. 4.2: Comparison of the reconstruction quality of the different models for the healthy
IXI data set, adapted from [22]. The highest values are shown in bold, where
underlines denote statistical significance (p < 0.05). For all metrics, the mean
± standard deviation across the different folds are reported. The arrows ↑ and
↓ indicate that higher and lower values are favorable, respectively.

Model SSIM ↑ PSNR ↑ LPIPS (e-3) ↓ l1-error (e-3) ↓

VAE [62] 74.98 ± 0.54 23.38 ± 0.14 4.03 ± 0.50 32.32 ± 0.64
SVAE [137] 77.87 ± 0.15 23.94 ± 0.06 3.31 ± 0.24 29.08 ± 0.16
AE [62] 76.11 ± 0.27 23.41 ± 0.14 3.19 ± 0.54 31.67 ± 0.41
RA [138] 75.46 ± 0.35 23.92 ± 0.23 2.18 ± 0.41 34.36 ± 1.43
PHANES [140] 69.04 ± 1.23 21.39 ± 0.32 1.08 ± 0.09 38.7 ± 1.74
DAE [115] 98.69 ± 0.15 36.69 ± 0.38 0.14 ± 0.01 8.14 ± 0.17

AnoDDPM [116] 93.96 ± 0.37 31.79 ± 0.26 0.49 ± 0.14 14.29 ± 0.32
pDDPM [21] 96.62 ± 0.25 34.58 ± 0.39 0.09 ± 0.04 9.70 ± 0.43
cDDPM [22] 96.80 ± 0.19 34.87 ± 0.23 0.11 ± 0.05 9.68 ± 0.16

Reconstruction Quality In the previous section, we demonstrated that 3D VAEs
outperform their 2D counterparts in reconstruction quality, achieving an 8.8 % reduction
in reconstruction error for healthy brain regions, as illustrated in Figure 4.1. Consider-
ing DDPM-based approaches, already the baseline DDPM (AnoDDPM) significantly
outperforms 2D VAEs, achieving a remarkable 126.2% reduction in l1-error (p < 0.05),
according to Table 4.2. Moreover, our proposed extensions, namely pDDPM and cDDPM,
further enhance performance, outperforming AnoDDPM in reconstruction quality with
statistically significant improvements (p < 0.05). Our results highlight that models using
Unet-like architectures with denoising tasks for regularization, such as DDPMs or DAEs,
consistently demonstrate significantly higher reconstruction quality than dense AEs or
VAEs. To evaluate the reconstruction capabilities considering pathological structures,
we examine the unhealthy-to-healthy error ratio (l1-ratio) on the unhealthy test sets, as
presented in Table 4.3. A higher l1-ratio is preferable, as it indicates the model’s capacity
to reconstruct healthy anatomy without replicating unhealthy regions. A lower l1-ratio
indicates that the model tends to replicate unhealthy structures in the reconstruction or
fails to reconstruct healthy anatomy. Although DAEs achieve the lowest l1-error among
all models, their l1-ratio is moderate, particularly for the MSLUB and ATLAS data
sets. These results demonstrate that DAEs tend to replicate unhealthy structures. In
contrast, cDDPMs achieve the highest l1-ratio across most data sets, with the exception
of the WMH data set, where AnoDDPM demonstrates competitive performance.

Segmentation Performance As illustrated in Table 4.4, DDPM-based approaches
yield significant improvements in segmentation performance. The AnoDDPM baseline
exhibits a Dice score enhancement of up to 51.8% compared to VAEs. The proposed
pDDPM demonstrates further performance improvements, considering T2-weighted data.
Moreover, our cDDPM model exhibits superior segmentation performance across most
data sets. The performance of cDDPMs is further enhanced by pre-training the encoder
(SSL checkmark) and by ensembling reconstructions from different values of ttest (ENS
checkmark).
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Tab. 4.3: Comparison of the l1-ratio for healthy and unhealthy brain regions, adapted
from [22]. The highest values are shown in bold. For all metrics, the mean ±
standard deviation across the different folds are reported. The arrows ↑ and ↓
indicate that higher and lower values are favorable, respectively.

BRATS (T2) MSLUB (T2) ATLAS (T1) WMH (T1)
Model l1-ratio ↑ l1-ratio ↑ l1-ratio ↑ l1-ratio ↑

VAE [62] 3.52 ± 0.08 2.92 ± 0.06 4.43 ± 0.03 2.36 ± 0.04
SVAE [137] 3.90 ± 0.05 3.13 ± 0.05 3.38 ± 0.11 2.07 ± 0.01
AE [62] 3.84 ± 0.17 3.26 ± 0.18 4.40 ± 0.07 2.36 ± 0.04
RA [138] 3.10 ± 0.16 2.56 ± 0.11 3.93 ± 0.25 2.42 ± 0.19
PHANES [140] 3.54 ± 0.13 2.73 ± 0.07 4.01 ± 0.07 2.20 ± 0.05
DAE [115] 7.17 ± 0.63 2.69 ± 0.15 4.51 ± 0.15 2.99 ± 0.14
AnoDDPM [116] 6.16 ± 0.53 3.37 ± 0.24 5.00 ± 0.23 3.16 ± 0.15
pDDPM [21] 7.16 ± 0.15 4.34 ± 0.13 5.58 ± 0.28 3.00 ± 0.16
cDDPM [22] 7.43 ± 0.17 4.49 ± 0.18 5.69 ± 0.27 3.12 ± 0.08

As illustrated in Figure 4.2, the performance of all DDPM-based models is sensitive to
the degree of noise introduced during the forward process. The pDDPM and cDDPM
models demonstrate improvements in segmentation performance over AnoDDPM across
varying noise levels ttest, except for the WMH data set, where improvements are observed
only at high noise levels ttest > 500. Additionally, ensembling different noise levels for the
cDDPM leads to consistently high performance across all data sets, thereby mitigating
the impact of selecting individual noise levels.
Besides improved performance metrics, compared to pDDPMs, cDDPMs eliminate the
need to select a specific patch size, thereby enhancing generalization. Moreover, cDDPMs
exhibit a reduction in inference time of approximately 37% compared to pDDPMs, with
only a slight increase of roughly 2% compared to AnoDDPM. These results were obtained
on an NVIDIA RTX 3090 GPU.
Figure 4.3 presents a qualitative analysis of exemplary reconstructions and anomaly maps
for VAE, AnoDDPM, pDDPM and cDDPM models. VAEs fail to accurately reconstruct
the input image, leading to poor segmentation performance. The AnoDDPM shows
improved reconstruction quality. However, the intensity distribution of the input image
is not captured accurately, leading to false positive predictions across the entire anomaly
map. In contrast, pDDPM and cDDPM, in addition to accurate reconstructions, better
capture the input image’s intensity distribution, as shown in the provided histograms.
The anomaly maps generated by the cDDPM provide the strongest contrast between
healthy and unhealthy regions, reducing false positive predictions in the final thresholded
segmentation.
Among the non-DDPM baselines presented in Table 4.4, models such as FAE, PII, and
DAE exhibit comparable performance compared to DDPM-based methods, considering
the BRATS data set. However, their performance is inconsistent across other data sets.
Similarly, the RD, PHANES, and EDC models demonstrate competitive performance on
the ATLAS data set but fail to generalize across other data sets. The threshold-based
method, Thresh, demonstrates limited performance across all data sets. These results
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Tab. 4.4: Comparison of the segmentation performance regarding ⌈DICE⌉, adapted from
[22]. The highest values are shown in bold, where underlines denote statistical
significance (p < 0.05). For all metrics, the mean ± standard deviation across
the different folds are reported. A checkmark at SSL denotes that a pre-trained
encoder is used. A checkmark at ENS denotes the ensembling of different
values for ttest ∈ [250, 500, 750]. Otherwise, a fixed value of ttest = 500 is used
for DDPM-based models.

Modification BRATS (T2) ATLAS (T1) MSLUB (T2) WMH (T1)
Model ENS SSL ⌈DICE⌉ ⌈DICE⌉ ⌈DICE⌉ ⌈DICE⌉

Thresh [142] 30.26 4.66 7.65 10.32
VAE [62] 33.12 ± 1.12 15.63 ± 0.73 8.10 ± 0.18 7.60 ± 0.28
SVAE [137] 36.43 ± 0.36 10.32 ± 0.53 8.55 ± 0.11 7.18 ± 0.07
AE [62] 36.04 ± 1.73 14.04 ± 0.60 9.65 ± 0.97 7.34 ± 0.08
DAE [115] 48.82 ± 3.68 15.95 ± 0.69 7.57 ± 0.61 12.02 ± 1.01
RA [138] 16.75 ± 0.51 12.21 ± 0.98 3.96 ± 0.03 6.04 ± 0.45
PHANES [140] 28.42 ± 0.91 17.62 ± 0.41 6.11 ± 0.27 7.55 ± 0.17
RD [82] 32.57 ± 0.15 19.69 ± 0.26 6.48 ± 0.20 7.48 ± 0.10
FAE [101] 44.59 ± 2.19 17.76 ± 0.16 6.85 ± 0.65 8.81 ± 0.38
EDC [100] 36.66 ± 3.03 18.67 ± 1.02 7.23 ± 0.29 8.62 ± 0.47
PII [119] 40.83 ± 2.18 9.73 ± 1.89 9.46 ± 0.43 6.59 ± 1.87
AnoDDPM [116] 49.43 ± 1.94 17.57 ± 1.05 9.63 ± 1.33 11.56 ± 0.93
AnoDDPM [116] ✓ 50.27 ± 2.67 20.18 ± 0.58 9.71 ± 1.29 12.06 ± 0.97
pDDPM [21] 53.25 ± 0.50 19.20 ± 0.45 12.40 ± 0.36 10.14 ± 0.50
pDDPM [21] ✓ 53.61 ± 0.51 19.92 ± 0.24 12.83 ± 0.40 10.13 ± 0.53
cDDPM [22] 54.49 ± 1.63 22.6 ± 1.67 12.79 ± 1.08 11.21 ± 0.54
cDDPM [22] ✓ 55.67 ± 1.05 22.66 ± 1.20 13.52 ± 0.91 11.15 ± 0.8
cDDPM [22] ✓ ✓ 56.30 ± 1.25 24.22 ± 1.10 14.04 ± 1.16 11.59 ± 0.93

demonstrate the challenging task of generalization for UAD methods and highlight the
generalization capabilities of our cDDPM model, which consistently outperforms baseline
methods and shows robustness across diverse data sets.

4.3 Enhancing Anomaly Scoring for UAD in Brain MRI
This section presents a summary of our papers Diffusion Models with Ensembled Structure-
based Anomaly Scoring for Unsupervised Anomaly Detection [23] and Leveraging the
Mahalanobis Distance to enhance Unsupervised Brain MRI Anomaly Detection [24],
attached in Chapter 8.4 and 8.5.
Initially, we investigate the use of SSIM in conjunction with cDDPMs, with a particular
focus on how the σ parameter of SSIM influences segmentation performance. The σ
parameter represents the standard deviation of the Gaussian kernel, which determines the
window size for computing local statistics of the SSIM. While in our original paper, we
focus on AnoDDPM, in Table 4.5 and Figure 4.4, we extend the investigation to cDDPMs
to enable a direct comparison. The models are trained on the BRATS 2021 (T2), MSLUB
(T2), ATLAS v2 (T1), and WMH (T1) data sets. The segmentation performance is
evaluated using the Dice score (⌈DICE⌉), averaged across five cross-validation folds.
As illustrated in Figure 4.4, the σ parameter influences segmentation performance,
showing diverging trends across the compared data sets. As a result, determining the
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Fig. 4.2: Segmentation performance for different noise levels ttest, adapted from [22].
Top row: MSLUB (left) and BRATS (right) data sets. Bottom row: ATLAS
(left) and WMH (right) data sets. The superscript ens denotes the ensembling
of reconstructions from different noise levels ttest ∈ [250, 500, 750].

optimal value of σ is challenging, as it varies across different data sets. For instance, in
the MSLUB data set, a value of σ = 0.3 yields optimal performance, whereas for the
BRATS data set, σ = 1.6 is more suitable. SSIM-ens provides robust and consistent
performance across different data sets by taking weighted averages of the anomaly scores
across a range of σ values. While it does not always surpass the performance of the
optimal σbest value, its adaptive ensemble approach mitigates the need for manual σ
selection, offering a more generalized and stable performance across data sets comprising
different pathologies.
Table 4.5 demonstrates that using SSIM-ens as an anomaly score for cDDPMs im-
proves segmentation performance compared to the l1-error and the SSIM with σ = 1.
Moreover, the results emphasize the influence of anomaly scoring strategies on segmen-
tation performance. Transitioning from AnoDDPM to cDDPM leads to an average
performance improvement of 24%, while replacing the l1-error with SSIM-ens further
enhances performance by an average of 16%. These findings highlight the importance of
selecting appropriate anomaly scoring strategies for UAD in brain MRI, particularly in
reconstruction-based approaches.

Building on these results, we investigate the use of the MHD to improve anomaly
scoring further. In contrast to the original paper, where no post-processing was applied,
we present the results with post-processing to enable a direct comparison. We consider
cDDPMs to generate the pseudo-healthy distributions for the MHD calculation. To
achieve an optimal balance between performance and inference time, we generate N = 10
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reconstructions for each input image and employ the SSIM with σ = 1.0 as the anomaly
score.
According to the results in Table 4.5, averaging multiple reconstructions of cDDPMs
(Smean) already enhances segmentation performance across the majority of data sets
compared to the use of a single reconstruction. Furthermore, the application of the MHD
with a full covariance matrix (SMHD

full ) consistently exhibits enhanced performance across
all data sets. In contrast, the application of the MHD with a diagonal covariance matrix
(SMHD

diag ) does not improve the segmentation performance compared to averaging (Smean).
This observation indicates that the full covariance matrix is important to enhance the
segmentation performance. Figure 4.5 (a) compares the anomaly maps derived from
Smean, the isolated MHDdiag and MHDfull. Compared to Smean, both MHD variants
can effectively reduce false positive predictions. Additionally, incorporating the full
covariance matrix preserves anomaly edges better than the diagonal covariance approach.
The multiplication of Smean with MHDfull results in the most accurate anomaly map,
reducing false positives and enhancing the segmentation performance. Figure 4.5 (b)
illustrates the correlation of a single pixel (indicated by the green arrow) with all other
pixels in the image. Such dependencies can only be captured by the full covariance

Fig. 4.3: Exemplary reconstructions and anomaly maps for 2D VAE, AnoDDPM, pDDPM
and cDDPM models, adapted from [22]. The input and the corresponding
ground truth annotation are provided in the first row. For each case, the
reconstruction, the anomaly map and the histograms of intensity values in input
and reconstruction are shown. Note that for histogram calculation, only healthy
areas are considered. For visualization purposes, we provide segmentation maps
next to the anomaly maps. We derive the binarization threshold by optimizing
it for the best possible Dice score.
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Tab. 4.5: Segmentation performance regarding ⌈DICE⌉. The highest values are shown
in bold, where underlines denote statistical significance (p < 0.05). Smean

denotes the averaging of multiple reconstructions to derive the anomaly map.
SMHD

diag and SMHD
full denote the use of the MHD either with a diagonal covariance

matrix or with a full covariance matrix, respectively.

Model BRATS (T2) ATLAS (T1) MSLUB (T2) WMH (T1)
⌈DICE⌉ ⌈DICE⌉ ⌈DICE⌉ ⌈DICE⌉

cDDPM (l1) 56.30 ± 1.25 24.22 ± 1.10 14.04 ± 1.16 11.59 ± 0.93
cDDPM (SSIM) 65.78 ± 0.58 23.88 ± 1.23 13.34 ± 0.46 16.91 ± 0.87
cDDPM (SSIM-ens) 67.30 ± 0.49 25.07 ± 1.29 13.93 ± 0.43 16.55 ± 0.88
cDDPM Smean 68.19 ± 0.35 24.16 ± 1.37 13.29 ± 0.61 17.18 ± 1.25
cDDPM SMHD

diag 68.57 ± 0.35 24.15 ± 1.44 13.64 ± 0.62 17.53 ± 1.51
cDDPM SMHD

full 70.55 ± 0.28 27.73 ± 1.67 15.55 ± 0.83 17.79 ± 1.70

matrix and are disregarded by the diagonal covariance matrix, resulting in the loss of
information.
In summary, the anomaly scoring method substantially impacts the performance of the
evaluated GMs. Our results demonstrate that using the SSIM as an anomaly score can
enhance the segmentation performance of cDDPMs. Moreover, complementing the SSIM
with the MHD can significantly improve the segmentation performance of cDDPMs.

4.4 Supervised Anomaly Detection with Diffusion Models

We present the results of our paper Combining Reconstruction-based Unsupervised
Anomaly Detection with Supervised Segmentation for Brain MRIs [25], attached in
Chapter 8.6. Compared to previous approaches, the training process is divided into
distinct stages for SADM, as illustrated in Figure 3.6. All training stages and evaluations
are conducted using T1-weighted MRI scans. In stage I, the GMs are trained using the
IXI data set. In Stage II, a strategy to generate pairs of synthetic anomalies and ground
truth annotation presented in [141] is employed based on the IXI data set. The resulting

Fig. 4.4: Comparison of the segmentation performance for varying σ values. Optimal
performance is denoted by (σbest). The center lines delineate the mean perfor-
mance, while the surrounding shaded regions depict the standard deviation
across five folds. Dashed lines indicate the performance of SSIM-ens.
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(a) (b)

Fig. 4.5: Qualitative results of the Mahalanobis distance, adapted from [24]. (a): Top
row: input, reconstruction, Smean, MHDdiag, MHDfull and (SMHD

full ) are shown
for an exemplary image taken from the BRATS data set. Bottom row: The
ground truth (green) and binarized segmentation maps (white) are shown. Note
that the threshold for the segmentation maps is derived by optimizing the Dice
score based on the ground truth. (b): The correlation of one pixel (green arrow)
with all other pixels, derived from Σfull, is visualized as a heatmap.

data set is referred to as DRAEM. Furthermore, small subsets comprising approximately
10% of the BRATS 2021 and ATLAS v2 data sets are utilized in the context of semi
supervised learning. For evaluation, we utilize the remaining samples of the BRATS
and ATLAS data sets, respectively. Furthermore, we utilize the augmented IXI test set
(DRAEM) to assess the segmentation performance concerning synthetic anomalies. The
results are presented in Table 4.6.
Different variants of SADM are evaluated. In SADMres, the residual of the input and
the reconstruction, along with the input, is fed to the Unet. In contrast, only the input
is used in SADM. Moreover, we examine the Unet and Unetres variants. In contrast to
SADM, only the Unet prediction is utilized in these models, while the anomaly map
produced by the unsupervised reconstruction branch is disregarded.
Initially, we consider the typical UAD scenario, where only data with healthy labels
is available. In this case, synthetic anomalies are employed to generate a supervised
signal for the segmentation branch in SADM. Our framework is then compared to several
UAD baselines in this setting. The results are presented in blocks I and II of Table 4.6.
Across the compared UAD baselines in block I, cDDPMs show the highest segmentation
performance for real pathologies. Hence, we consider them as a reconstruction model
for the SADM framework. Next, we consider self supervised training with the synthetic
anomalies in DRAEM (block II). In this setting, SADMres outperforms cDDPMs with
performance improvements of 3.4 % and 12.3 % for the BRATS and ATLAS data sets,
respectively. Furthermore, SADMres demonstrates a substantial improvement of 542.5
% in segmentation performance for synthetic anomalies in the DRAEM data set. Next,
we investigate using our framework in a semi supervised setting. Instead of generating
synthetic anomalies, we assume that a small amount of annotated data is available and
consider subsets of the BRATS and ATLAS data sets for training. We limit training to a
single data set at a time to assess the model’s ability to generalize to unseen pathologies.
The results for this semi supervised setting are presented in block III of Table 4.6. Using
a limited set of annotated data leads to notable improvements in the segmentation
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Tab. 4.6: Segmentation performance for supervised anomaly detection with diffusion
models, adapted from [25]. Block I: Unsupervised approaches, trained with
healthy data. Block II: Self-supervised approaches, trained with synthetic
anomalies. Block III: Semi supervised approaches, trained with real patholo-
gies. Dhealthy and Dunhealthy represent the type of data used during training.

Training Data Test Data

Model Dhealthy Dunhealthy BRATS (real) ATLAS (real) DRAEM (synthetic)

I.
U

ns
up

er
vi

se
d

AE [62] IXI None 39.16 ± 0.64 14.14 ± 0.28 9.91 ± 0.04
VAE [62] IXI None 39.25 ± 0.50 14.52 ± 0.37 9.83 ± 0.14
DAE [115] IXI None 55.93 ± 0.66 19.95 ± 0.96 12.50 ± 0.31
FAE [101] IXI None 43.04 ± 0.49 17.59 ± 0.15 19.60 ± 0.49
RD [82] IXI None 32.90 ± 0.65 19.45 ± 0.25 19.55 ± 0.60
AnoDDPM [116] IXI None 48.65 ± 0.90 17.86 ± 0.87 10.37 ± 0.23
pDDPM [21] IXI None 55.93 ± 0.28 21.79 ± 0.40 14.59 ± 0.47
cDDPM [22] IXI None 58.55 ± 0.78 24.74 ± 1.15 11.94 ± 0.52

II
.S

el
f-S

up
er

vi
se

d PII [119] None PII 30.38 ± 2.46 9.81 ± 1.93 23.44 ± 1.61
DRAEM-Net [141] None DRAEM 24.78 ± 4.21 12.65 ± 1.90 79.77 ± 2.37
Unet None DRAEM 40.75 ± 3.30 16.91 ± 0.38 76.03 ± 1.21
Unetres IXI DRAEM 45.80 ± 3.22 18.44 ± 0.47 77.43 ± 1.16
SADM IXI DRAEM 50.81 ± 0.57 23.82 ± 0.32 73.77 ± 2.50
SADMres [25] IXI DRAEM 60.53 ± 0.54 27.78 ± 0.14 76.72 ± 1.30

II
I.

Se
m

iS
up

er
vi

se
d

Unet None BRATS 64.81 ± 0.21 11.82 ± 0.60 24.83 ± 1.10
Unetres IXI BRATS 67.01 ± 0.70 17.33 ± 1.31 19.93 ± 2.40
SADM IXI BRATS 69.01 ± 0.21 25.25 ± 0.58 14.93 ± 0.51
SADMres [25] IXI BRATS 69.68 ± 0.48 26.77 ± 0.65 17.11 ± 1.78
Unet None ATLAS 35.13 ± 2.97 46.30 ± 0.72 29.11 ± 1.02
Unetres IXI ATLAS 36.82 ± 4.18 47.36 ± 0.80 22.07 ± 2.20
SADM IXI ATLAS 58.52 ± 0.60 46.40 ± 0.17 16.10 ± 1.10
SADMres [25] IXI ATLAS 58.85 ± 0.44 47.64 ± 1.40 17.77 ± 1.82

performance of all models when evaluating data sets within the same domain. However,
the segmentation performance of the Unet and Unetres is poor for data sets containing
pathologies not encountered during training. In contrast, SADM and SADMres enhance
the segmentation performance on in-domain data while maintaining or improving the
performance of unsupervised cDDPMs for unseen pathologies. These results demonstrate
the potential of our framework to enhance segmentation performance on in-domain
data while maintaining or even improving the performance of unsupervised cDDPMs
for unseen pathologies. A qualitative comparison of the unsupervised and supervised
predictions, as well as the final anomaly scores for SADMres, is provided in [25] and
Chapter 8.6.
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Machine learning, particularly deep learning, has shown considerable potential in medical
image analysis, providing tools to assist radiologists in diagnosing a wide range of diseases
[153, 154, 155, 156]. Most of these approaches rely on supervised learning, which requires
large, annotated data sets. However, besides the challenges of acquiring such data sets,
supervised models are inherently limited to detecting pathologies present in the training
data, making them less effective at detecting unexpected or previously unseen conditions.
UAD offers an alternative by learning the distribution of healthy anatomy and identifying
deviations as potential anomalies. Among the different UAD approaches, reconstruction-
based methods using GMs are particularly suitable, as they inherently provide pixel-level
predictions and can generalize to a wide range of anomalies. However, a key challenge
remains to achieve high reconstruction quality for healthy regions while ensuring that
anomalies are not reproduced. Without proper constraints, GMs may learn to replicate
both normal and abnormal structures, compromising their ability to distinguish anomalies
from healthy tissue. To address this challenge, it is essential to enhance the reconstruction
capabilities of GMs while regularizing the reconstruction process. The regularization
ensures that the model captures the underlying structure of the data without simply
copying the input image. In the following section, we review existing approaches to
reconstruction-based UAD, discuss their limitations, and position our contributions
within this context.

5.1 Advancements in Generative Models

The focus of reconstruction-based UAD has predominantly been on 2D slice-wise process-
ing, where models reconstruct individual slices independently rather than considering the
full 3D structure of brain MRI scans. A comparative study conducted in 2020 indicated
that AEs and, in particular, VAEs are promising GMs for UAD [62]. However, both
suffer from blurry reconstructions, limiting the detection of subtle anomalies, particularly
those that manifest as minor intensity deviations [138, 149, 144].
To mitigate this, researchers have explored hierarchical AEs with Laplacian pyramids to
improve reconstruction fidelity [104], along with various latent space optimizations such
as adversarial training and disentangled representations [105, 102, 157]. Enhancements
in VAEs include context-encoding methods [109] and age-conditioned models [158], while
their probabilistic nature has been leveraged for transfer learning [110] and uncertainty
estimation [150, 151, 159]. Additionally, vector-quantized VAEs have been combined with
density estimation [160, 161]. Alongside these developments, GAN-based approaches
have been explored, offering sharper reconstructions [111, 112, 113, 4, 140].
While these approaches improved reconstruction quality and detection performance, they
share a fundamental limitation: processing adjacent slices in isolation ignores potentially
valuable 3D information, which hinders the GM to capture the spatial relationships
across slices. Therefore, we hypothesized that incorporating 3D information into the re-
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construction process would enhance the GM’s capacity to capture underlying anatomical
structures, improving reconstruction quality and segmentation performance.

3D VAEs and Spatial Erasing

In light of this, our work [20] investigated using 3D VAEs for UAD in brain MRI. As
presented in Section 4.1, 3D VAEs exhibited superior performance compared to their
2D counterparts, demonstrating enhanced reconstruction accuracy (Figure 4.1) and
improved segmentation performance (Table 4.1). Our results suggest that incorporating
additional spatial dimensions enables the model to better capture the underlying structure
of the data, enhancing reconstruction quality. This finding aligns with most studies
investigating 3D models for UAD [107, 146, 137]. However, a recent study on VQVAEs
with transformers found no consistent improvement across all data sets when transitioning
to 3D models [162]. These results indicate that the advantages of 3D models may depend
on the specific model architecture and the characteristics of the data. One potential
explanation for why 3D models may not always lead to improvements is their increased
number of trainable parameters, which can contribute to overfitting. To address this,
we adapted spatial erasing strategies to 3D data to improve the generalization and to
counteract overfitting. The results of our experiments show that spatial erasing can
enhance the segmentation performance for both 2D and 3D VAEs. Additionally, the
results in Figure 4.1 indicate that the spatial erasing has a regularizing effect. While
the erasing strategies slightly reduce the reconstruction quality for healthy regions, they
lead to a more pronounced degradation in unhealthy regions, which in turn increases the
contrast in the anomaly maps, enhancing segmentation.
Our results demonstrate that 3D VAEs with spatial erasing can improve segmentation
performance. However, the overall performance remains moderate, achieving maximum
Dice scores of 28.8% and 15.6% for the BRATS 2019 and the ATLAS v1 data sets,
respectively. While VAEs with a dense latent space effectively capture the overall
distribution of the training data without replicating the input, the absence of spatial
information in the latent representation constrains reconstruction quality, ultimately
limiting segmentation performance. Therefore, a common approach in the literature has
been to enhance the information flow between the input and its reconstruction within
AEs or VAEs. Using a spatial latent space [111] has been demonstrated to enhance
reconstruction quality. However, this approach may also result in the model replicating
the input image, contrary to the UAD principle [62, 146]. To prevent the models from
merely replicating the input image, regularization techniques such as dropout [103] or
denoising tasks [115, 163] have been explored. Furthermore, DDPMs that directly embed
a denoising objective have emerged as promising GM for UAD [116, 162].
In contrast to the complete replacement of image components with noise, as seen in
previous studies [68, 109, 20], in DDPMs, the noise is gradually introduced to the input
image. During training, a denoising network is tasked with estimating and removing
the added noise. Although DDPMs were primarily designed for image synthesis, they
have been demonstrated to be effective for UAD in brain MRI [116, 162]. Typically,
the sampling process of DDPMs is adapted to the reconstruction task by starting with
partially noised images rather than pure noise. Furthermore, the study of [116] showed
that using simplex noise instead of Gaussian noise can improve the UAD performance.
Our experiments, as detailed in Section 4.2, substantiate that DDPMs outperform AEs
and VAEs in terms of reconstruction quality (Table 4.2) and segmentation performance
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(Table 4.4) by a margin. Nevertheless, our findings suggest that with the baseline DDPM
(AnoDDPM), reconstructions remain imperfect, as demonstrated in 4.3. These results
indicate that the noise introduced during the forward process of DDPMs leads to a loss
of information, which is required to reconstruct the input image accurately.

Patched Diffusion Models

To improve the reconstruction quality, we proposed a patching strategy for DDPMs.
Instead of introducing noise to the entire input image, we implemented the noise process
solely within a designated patch, leveraging the global context of the unaltered patch
surroundings during the denoising process. As demonstrated in Section 4.2, pDDPMs
exhibit superior performance in reconstruction quality compared to AnoDDPM (Table
4.2). This superior performance suggests that the additional context provided by the
patch surroundings can be effectively used by the denoising Unet, resulting in enhanced
coherence between the input and the reconstruction. Moreover, the supplementary
investigation of varying noise levels in Figure 4.2 demonstrates that pDDPMs can main-
tain high segmentation performance at higher noise levels compared to AnoDDPM,
which apply noise to the entire image. This improved robustness suggests that our
patching strategy allows us to achieve a better balance between reconstruction quality
and regularization, which ultimately enhances the anomaly detection performance for the
BRATS and MSLUB data sets. However, the segmentation performance of pDDPMs is
dependent on the patch size. While our initial values performed well across the evaluated
data sets, the additional hyperparameter may complicate finding an optimal solution
across all possible anomalies. Furthermore, limitations are seen in the increased compute
time due to patching and potential artifacts due to the stitching of reconstructed patches.
Similar approaches to our patching strategy have been explored in recent studies. For
instance, [164] implemented the patching within the frequency domain. Additionally,
[165] investigated a selective noising strategy. In this approach, a two-stage strategy was
proposed, whereby noise is selectively applied to the input image in the second stage
based on a coarse residual map generated by RA [138] in the initial stage. However, this
strategy remains dependent on the noise level at the initial stage, and the necessary
post-processing steps introduce additional hyperparameters. Additionally, as with the
limitations of our proposed pDDPMs, the two-stage nature of the approach results in
higher complexity and necessitates additional computational resources.

Context-Conditioned Diffusion Models

To overcome the limitations of multiple reconstruction stages and patching artifacts,
we proposed an efficient context-conditioning strategy for DDPMs. Accordingly, we
directly integrated the context of the input image into the denoising process. An image
encoder was employed to derive the additional context, generating an abstract feature
representation of the input image. This feature representation was used to adjust the
coarse shape and intensity distribution of the reconstruction, facilitating the generation
of reconstructions that adapt locally to the input characteristics. A crucial outcome of
Table 4.3 is the indication that the supplementary context in cDDPMs does not facilitate
the replication of unhealthy structures, resulting in an increased l1-ratio. With these
advancements, our cDDPMs outperform state-of-the-art baselines, including AnoDDPM
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and pDDPMs, in terms of segmentation performance (Table 4.4) and reconstruction
quality (Table 4.3) across the majority of data sets, while maintaining computational
efficiency. Moreover, in alignment with the results of [166] our findings suggest that
employing an ensembled reconstruction derived from a range of noise levels can enhance
the reconstruction quality and segmentation performance of cDDPMs, reducing the
reliance on the noise level hyperparameter. Additionally, our conditioning mechanism
demonstrates enhanced domain adaptation capabilities for real and simulated intensity
profiles, as we show in [22].
While our work aimed to improve reconstruction by conditioning on an abstract image
representation, other studies have focused on refining the reverse diffusion process directly
using the input image. THOR [167], which selectively reconstructs abnormal regions
by iteratively reintegrating presumably healthy anatomy during denoising, aimed to
reduce false positives and improve localization. In parallel, other studies have focused
on improving computational efficiency. The study of [168] proposed a latent Bernoulli
diffusion model, which compresses images into a binary latent space, reducing memory
and computational costs while maintaining performance.

Our findings illustrate the inherent trade-off between reconstruction quality and regu-
larization when employing GMs for reconstruction-based UAD. Dense AEs and VAEs
inherently provide robust regularization due to their bottleneck structures. However,
this often results in a compromise in reconstruction quality. Conversely, using a spatial
latent space without sufficient regularization may result in the model merely replicating
the input image. DDPMs offer a promising approach to balance reconstruction quality
and regularization. However, the trade-off is now represented by the noise level. Adding
too much noise can result in the loss of image information, which ultimately limits
reconstruction quality and segmentation performance. On the other hand, insufficient
added noise can lead to the model copying the input image, which hinders effective
anomaly detection.
Addressing our first research question, we found that incorporating additional context,
whether through 3D modeling, patching strategies or feature conditioning, can improve
reconstruction accuracy and anomaly detection performance.
Nevertheless, it is difficult to simultaneously enhance the reconstruction quality and
anomaly detection performance, as the necessary regularization results in imperfect
reconstructions. This results in the introduction of minor reconstruction artifacts, which
can be misinterpreted as anomalies, leading to the generation of false positives in the
final segmentation. Hence, in addition to enhancing the reconstruction quality of the
GMs, the anomaly scoring mechanism represents a crucial component for optimizing
the performance of reconstruction-based UAD methods in brain MRI. Therefore, in
the following section, we discuss our findings and advancements in anomaly scoring
mechanisms to further improve the performance of UAD in brain MRI.

5.2 Advancements in Anomaly Scoring

In the majority of reconstruction-based UAD methods, the anomaly score is calculated
based on the pixel-wise difference between the input image and its reconstruction. The
most commonly employed metrics for this purpose are the MAE or MSE. However, these
metrics only consider the intensity values of individual pixels without accounting for the
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relationships between neighboring pixels. Consequently, these metrics rather highlight
anomalies that manifest as intensity differences than structural changes [142, 149].
Furthermore, small reconstruction errors or noise in the reconstructions can be over-
penalized. In industrial defect detection, the SSIM, which additionally accounts for
structural changes, has been demonstrated to outperform solely intensity-based scoring
functions [81]. Subsequently, this has also been demonstrated for AEs and VAEs in
brain MRI [101, 144].

Ensembled SSIM for Anomaly Scoring

Given the substantial advancements achieved by DDPMs, we investigated possible
synergies of SSIM with the robust reconstruction capabilities of DDPMs. Our results
presented in 4.3 indicate that using SSIM to capture contextual information at the local
neighborhood level can enhance the detection of anomalies, resulting in a substantial
performance improvement. However, a closer investigation indicated that the SSIM is
sensitive to the window size that determines the size of the considered neighborhoods. A
larger window size captures more global structural information but may lose fine-grained
details. In comparison, a smaller window size preserves local details but may miss the
broader context of the image. This trade-off presents a challenge for the UAD task,
as this task necessitates the detection of any anomaly, irrespective of its dimensions.
Therefore, a single window size may not capture the full spectrum of possible pathologies.
To enhance generalization, we proposed an extension of SSIM-based anomaly scoring
by using an exponentially weighted ensemble of SSIM scores. We adaptively combined
different window sizes to become more robust to different anomaly sizes and shapes.
Our experiments demonstrate that while the ensembled SSIM does not consistently
outperform the SSIM with individually tuned window sizes, it offers a more robust
anomaly scoring mechanism that reduces the necessity for hyperparameter tuning.
Other studies have proposed using a KLD-based anomaly score or the use of activation
maps like GradCAM [169] to refine anomaly scoring [108, 170]. However, Lagogiannis et
al. [144] reported that the activation map approach exhibited poor generalization across
different data sets, underscoring the importance of generalizability, a key advantage of
the SSIM-ens score proposed in our study.

Mahalanobis Distance for Anomaly Scoring

So far, utilizing the SSIM, the contextual information came from the spatial surroundings
of the compared pixels. However, DDPMs are not limited to reconstructing a single image;
they can also sample a distribution of multiple reconstructions for a given input, providing
additional context. We hypothesized that considering the distribution of reconstructions
may be valuable in distinguishing anomalies from reconstruction artifacts. In the field
of UAD, this concept has been investigated by performing probabilistic sampling with
VAEs [62] and dropout-based Monte Carlo sampling with AEs [103]. However, these
studies primarily concentrated on the mean of the generated reconstructions, which
did not exhibit enhanced performance. Other approaches have employed VAEs or
AEs with uncertainty estimation to normalize anomaly maps by estimating pixel-wise
variance [150, 151, 159]. Although improving segmentation performance, these methods
did not account for covariance across pixels. However, the inter-pixel covariance can
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provide meaningful information, including global relationships across pixels, such as
symmetries. Consequently, our study aimed to focus on these inter-pixel dependencies
and variations across multiple pseudo-healthy reconstructions and to incorporate them
into the anomaly scoring process. To this end, we proposed a novel anomaly scoring
mechanism emphasizing the context of multiple reconstructions for each input. Our
approach was to employ the MHD to quantify the discrepancy between input pixels
and the distribution of pixels observed in healthy reconstructions. The results of our
experiments, as detailed in Table 4.5, demonstrate that refining the SSIM using the
MHD can enhance the segmentation performance. This enhancement suggests that
incorporating the normal variability of the reconstructions can result in more reliable
anomaly scores. Furthermore, according to our results, solely focusing on the variance
across reconstructions and neglecting the inter-pixel covariance did not result in enhanced
segmentation performance compared to the simple averaging approach. It is worth noting
that the MHD has been used for outlier detection in brain MRI scans. However, its
typical application has been at the sample level within some aggregated feature space
[171, 172]. Moreover, Saase et al. applied the MHD in the pixel space using a healthy
data set as a reference distribution, suggesting that simple statistical methods can
compete with deep learning models [173]. However, our additional results in [24] indicate
that relying solely on general population-based distributions can result in a discrepancy
between individual test cases and the reference distribution, leading to poor segmentation
performance. Accordingly, by employing the MHD in the pixel space of a generated
distribution, we can provide a more robust anomaly scoring mechanism that can adapt
to the specific characteristics of the individual subject, effectively capturing outliers.
Furthermore, our approach is applicable to any probabilistic GM that can generate
multiple reconstructions, providing a flexible and effective anomaly scoring mechanism
for UAD in brain MRI.

Supervised Anomaly Scoring

So far, our approaches have followed the assumption that we do not have access to any
labeled data, a common assumption in most brain MRI studies. Nevertheless, in practice,
a small amount of labeled data is often available, which could be employed to enhance
the anomaly scoring mechanism. Other studies have explored the application of weakly
supervised anomaly detection [174, 175, 176]. Here, DDPMs were trained to remove spe-
cific pathologies based on image-level labels, generating pseudo-healthy counterfactuals
for precise anomaly scoring. However, the effectiveness of this approach is constrained
by the availability of labeled pathologies. Additionally, if no real labels exist, synthetic
training data can be employed to simulate known anomalies for anomaly detection.
However, directly training a supervised Unet to segment synthetic anomalies can result
in overfitting and may not generalize effectively to real-world data or unseen pathologies,
as also evidenced by the findings in [159, 144, 25, 22]. Therefore, in DISYRE [177, 178],
synthetic anomalies are integrated into the diffusion process using Cold Diffusion [179].
Instead of Gaussian noise, synthetic anomalies are progressively introduced during the
forward process, and a Unet learns to remove them in the reverse process while preserving
healthy structures. Similarly, the study [180] proposed a conditioning-based approach
where synthetic anomalies are added to healthy images and used as conditioning inputs
during denoising. While these methods have shown promise compared to AE-based
approaches, they were not compared to DDPM-based methods. Furthermore, their
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reliance on synthetic anomalies raises concerns about generalization, particularly as the
models are optimized for removing specific anomaly types.
Therefore, our objective was to identify an effective strategy for using supervision while
maintaining the generalization capabilities of unsupervised methods. Accordingly, we
proposed a framework to combine reconstruction-based UAD methods with a supervised
scoring mechanism, which can be trained on a limited amount of real pathologies or syn-
thetic anomalies while still being able to detect unseen anomalies. The results in Section
4.4 indicate that integrating supervision into the unsupervised pipeline can substantially
enhance UAD performance. Additionally, training a supervised network to localize
anomalies based on the discrepancy between the input image and a pseudo-healthy
reconstruction can improve the segmentation performance and generalization capabilities
of the supervised model. These findings suggests that providing information about the
expected appearance of a healthy brain MRI may help the supervised model generalize
more effectively to previously unseen pathologies. However, these experiments were
conducted on a small subset of labeled pathologies. Therefore, further studies are needed
to determine whether the proposed framework can consistently improve segmentation
tasks, particularly when the supervised models are trained with larger data sets.
A similar framework was proposed in [141], wherein a generator network was trained to
directly remove synthetic anomalies. However, our results indicate that this approach can
only remove the anomalies seen during training and does not generalize well to unseen,
real pathologies. In contrast, our approach can leverage the generalization capabilities
of fully unsupervised methods that learn to reconstruct healthy anatomy, as opposed
to the removal of specific anomalies. Furthermore, in comparison to the weakly super-
vised approaches presented in [174, 175, 176], our approach is capable of generalizing
to unseen pathologies and can be integrated with any reconstruction-based UAD method.

In summary, our results demonstrate the importance of the anomaly scoring mech-
anism in enhancing the performance of reconstruction-based UAD methods in brain MRI.
By leveraging spatial relationships, variability across reconstructions, and supervision,
we developed robust scoring mechanisms that improve segmentation performance across
diverse data sets. Therefore, in response to our second research question, we conclude
that integrating additional context into anomaly scoring can enhance the segmentation
performance.

5.3 Limitations and Implications for further Research
While our proposed methods improve the state-of-the-art of UAD in brain MRI, several
limitations remain, which are discussed in the following sections.

Data set Dependency

Data is imperative for a comprehensive evaluation and development of novel approaches.
However, existing data sets present significant challenges, particularly when evaluating
UAD approaches. Typically, publicly available data sets focus on specific pathologies,
while other anomalies or imaging artifacts might be present in the data without being
annotated. For instance, the study of [165] highlights that substantial hypo-intense
imaging artifacts exist in the ATLAS data set that are not considered anomalies by the
provided annotations. However, as these artifacts deviate from the healthy distribution,
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they may be flagged as anomalies by UAD methods, leading to false positives when
compared to the provided annotations. This bias can skew model evaluations and may
underestimate the capabilities of UAD methods compared to supervised approaches
optimized for specific pathologies. Moreover, most data sets only include annotations
for pathological conditions, with changes in healthy anatomy, such as those caused by
space-occupying lesions, being overlooked. These changes can also result in the generation
of false positive results in the segmentation process, as a successful UAD system might
interpret these changes as anomalies. Future work should focus on developing more
comprehensive evaluation data sets that include a diverse range of pathologies, anomalies,
anatomical variations, and imaging artifacts.
Furthermore, apart from evaluating the segmentation performance of reconstruction-
based models, it is important to assess their reconstruction quality of healthy and
abnormal regions separately. A GM that only generates blurry shapes of the brain
anatomy can achieve a high segmentation performance for hyper-intense anomalies but
will struggle to detect subtle or structural anomalies, as shown in [142]. Therefore, a
comprehensive evaluation of the reconstruction quality is essential to guarantee that the
GMs can accurately capture the underlying structure of the data.
Although UAD methods reduce the necessity for annotated pathologies, they remain
dependent on the accuracy of the healthy labels present within the data sets used for
training. It has been demonstrated that even minor labeling inconsistencies, which
result in anomalous data within the training set, can dramatically impair the efficacy of
UAD methods [181, 162]. It is, therefore, essential that data sets used for training UAD
models are carefully curated to ensure that they accurately represent the desired normal
distribution. Additionally, approaches that are robust to impure training data [181] or
leverage completely unlabeled data sets [159, 182] are seen as promising directions to
improve the generalization capabilities of UAD models.

Bias and Generalization

An important aspect of UAD is the ability to detect a wide range of anomalies, regardless
of their size, shape or appearance. However, while our methods achieve Dice scores of
up to 70.6% for tumor segmentation in the BRATS data set, their performance for the
detection of smaller, subtler anomalies is limited, with Dice scores of 24.2% for ATLAS
and 11.6% for WMH data sets, respectively. These results are consistent across the
evaluated UAD methods and highlight that UAD methods currently are not independent
of the target pathology, and it remains challenging to reliably detect all types of anomalies
with equal precision, regardless of their size or shape. This dependency can be introduced
through post-processing, where, for example, the window size of a median filter may
affect detection performance. Additionally, the threshold used to binarize anomaly maps
for segmentation is typically determined on a calibration set, limiting the generalizability
of UAD methods.
Beyond post-processing and thresholding, the GMs themselves may introduce biases
toward detecting certain types of anomalies. For instance, the performance of DDPMs
is influenced by parameters like the noise level or the type of noise used during the
forward process. While simplex noise consistently outperformed Gaussian noise in our
experiments, its specific structures may bias the detection capabilities toward particular
anomaly morphologies. Furthermore, the optimal noise level can vary across different
pathologies, as demonstrated in Figure 4.2. Additionally, hyperparameters, such as the

52



5.3 Limitations and Implications for further Research

patch size in pDDPMs, can introduce biases. Smaller patch sizes favor detecting smaller
pathologies and vice versa, making the choice of the patch size data set-dependent. These
dependencies and biases highlight a general challenge of UAD methods, as they may not
generalize well across different data sets or pathologies. To address these issues, future
research should focus on developing more robust GMs and post-processing strategies,
for instance by utilizing adaptive ensembling strategies for multiple median filters with
different kernel sizes or GMs with different noise types and levels. Threshold selection
could be improved by basing it on percentiles of the healthy distribution [183, 170, 184],
or by incorporating uncertainty estimates from probabilistic GMs to adapt thresholds to
the characteristics of the data.

Reconstruction Quality

A key challenge of reconstruction-based UAD methods is the accurate reconstruction
of healthy structures. While our methods demonstrate strong reconstruction accuracy,
instances remain where pathological regions are not fully replaced with healthy structures.
The pathology structure is occasionally recreated with different intensities, violating
the underlying assumption of reconstruction-based UAD methods. Conversely, recon-
struction errors can introduce artifacts that can be misinterpreted as anomalies. While
sophisticated anomaly scoring strategies can mitigate these errors, these limitations
highlight the ongoing need for refinement in the reconstruction process. Future work
should focus on improving the capacity of GMs to consistently reconstruct healthy
anatomy, minimizing both the replication of pathological structures and the introduction
of reconstruction artifacts. Promising directions include reconstruction-based models
in combination with density estimation [160, 162, 117] or strategies where the recon-
struction process is dependent on an adaptive masking strategy [165, 167]. Furthermore,
additional metrics are required to quantify the "healing process" and assess reconstruction
for healthy and unhealthy regions separately [185].

Scalability and Computational Constraints

Our experiments demonstrated that 3D approaches, such as 3D VAEs, can improve
reconstruction quality and segmentation performance compared to their 2D counterparts.
However, extending this to DDPMs for full-resolution volumes poses practical challenges
due to the substantial computational demands and memory requirements. Even for 3D
VAEs, working on large-resolution volumes requires significant memory. Hence, current
GPU hardware may not support training 3D DDPMs at high resolutions, making it
necessary to explore patching strategies or alternative architectures. This limitation
has resulted in the predominance of slice-wise 2D processing, which neglects the spatial
relationships between slices and may potentially limit the detection performance for
certain pathologies. To address these challenges, alternative approaches such as latent
diffusion models [186], which reduce computational complexity while preserving critical
spatial information, have been adapted for UAD in brain MRI [162, 187]. Additionally,
using wavelet diffusion models [188] for UAD in brain MRI or adopting sequential
modeling of 2D slices [137] to DDPMs could provide efficient alternatives for processing
3D data.
A similar computational constraint arises when applying the MHD for anomaly scoring.
The calculation of the MHD is computationally expensive, as it requires the inversion
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of the covariance matrix. Consequently, without modifications, the proposed MHD
approach may not be applicable to high-resolution 3D data. A potential solution is to
subsample the covariance matrix, as not all elements may be necessary for robust anomaly
scoring. Additionally, the MHD could be approximated using a low-rank decomposition
to reduce computational complexity.

Future Directions and Clinical Applications

Addressing the outlined limitations requires further advancements in model architectures,
anomaly scoring mechanisms, and the development of comprehensive benchmark data
sets specifically tailored to the evaluation of UAD methods. One promising direction
is refining the reconstruction process, for instance, through adaptive regularization
strategies or density estimation, to enhance the separation of normal and abnormal
structures. Additionally, improving efficiency and incorporating information from labeled
data sets in semi supervised settings could help translate UAD research into clinical
practice.
With these advancements, UAD methods have the potential to become valuable tools in
clinical workflows, enabling the detection of unexpected or previously unseen anomalies.
While supervised models excel at narrowly defined tasks where sufficient annotated
data is available, they remain fundamentally constrained by their training data and
can not generalize beyond predefined pathologies. Therefore, UAD research should aim
to complement supervised methods, extending to cases where labeled data is scarce or
unavailable.
A particularly impactful application of UAD lies in screening tasks, where the goal is
not to detect a specific condition but to identify a wide spectrum of findings, including
incidental and unanticipated pathologies. Moreover, for large-scale population studies,
such as the Hamburg City Health Study [189], UAD could significantly reduce manual
workload by automatically identifying deviations from normative distributions. Beyond
diagnostics, UAD could contribute to quality control in medical imaging pipelines [166],
identifying inconsistencies or artifacts that may compromise downstream analyses if left
undetected. Additionally, it may aid in the discovery of novel biomarkers [190]. Another
promising avenue is its potential role in medical education. By generating pseudo-healthy
counterparts of pathological images, UAD could offer students and early-career radiolo-
gists a patient-specific healthy atlas, allowing for direct comparison and enhancing the
understanding of the underlying anatomy and pathology.

In summary, while UAD is not a replacement for supervised diagnostic models, in
the future, it could provide a powerful complementary tool for medical image analysis.
Integrating UAD in future diagnostic systems could move beyond rigid supervised frame-
works toward general diagnostic support, enabling new possibilities for early diagnosis
and patient care.
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6 Conclusion

Supervised deep learning has shown remarkable performance in medical image analysis.
However, the reliance on annotated data limits its applicability, particularly for detecting
rare, unexpected or previously unseen pathologies. UAD provides a more generalizable
alternative by learning a reference distribution of healthy anatomy and identifying
deviations as anomalies, making it especially valuable for detecting unexpected or rare
pathologies. This thesis focused on advancing reconstruction-based UAD methods for
brain MRI by introducing novel GMs and anomaly scoring mechanisms.
A key challenge in reconstruction-based UAD is balancing reconstruction quality and
regularization. VAEs tend toward over-regularization due to their dense latent space,
producing blurry reconstructions and limiting segmentation performance. Incorporating
3D context and spatial erasing improved the VAE performance. However, the gains were
moderate, and the blurry reconstructions remained. DDPMs offered a better balance,
leveraging a spatial latent space in combination with a denoising objective to achieve
high-quality reconstructions, outperforming VAEs by a margin. However, challenges
remained, and we observed intensity shifts and artifacts in the reconstructions of DDPMs.
To address these limitations, we developed patched DDPMs and context-conditioned
DDPMs, which integrate additional information from the input image to enhance re-
construction quality and reduce artifacts. Furthermore, advanced anomaly scoring
mechanisms, such as an ensemble-based SSIM and a Mahalanobis distance-based ap-
proach, improved the distinction between genuine anomalies and reconstruction artifacts.
Lastly, our proposed hybrid framework, SADM, demonstrated the potential to combine
the generalization of unsupervised methods with the precision of supervised techniques.
Despite these contributions, challenges remain. Existing methods are highly sensitive to
data set quality. Even minor labeling inconsistencies can negatively impact performance.
Furthermore, pathology-specific biases persist, and the computational demands of 3D
models limit their scalability to high-resolution volumes. Beyond these methodological
challenges, the lack of standardized evaluation data sets and metrics hinders cross-study
comparisons, making it difficult to assess progress in the field.
Future research should focus on developing efficient methods that are robust to labeling
inconsistencies and generalize across diverse pathologies. A promising direction is seen in
the probabilistic nature of DDPMs, which allows for the efficient integration of density
estimation in reconstruction-based approaches. Furthermore, hybrid models such as our
SADM offer the potential to combine the strong performance of supervised methods
with the generalization ability of unsupervised approaches. Finally, standardized data
sets, benchmarks, and clinical studies tailored to UAD in brain MRI will be essential for
developing reliable and clinically applicable solutions.
With our proposed approaches, we have contributed to UAD research in brain MRI,
establishing a solid foundation for future studies and advancing the development of
clinically applicable methods. These contributions mark important steps toward the
clinical adoption of UAD.
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7 Summary

Magnetic resonance imaging (MRI) is a non-invasive diagnostic tool that is valuable
for detecting neurological disorders. However, interpreting brain MRI scans is time-
consuming, requires extensive expertise, and can be prone to errors. While deep learning
models can support radiologists in diagnosis, most methods rely on supervised learning,
which demands large-scale labeled data sets. This reliance limits their ability to detect
rare, unexpected, or previously unseen conditions.
Unsupervised Anomaly Detection (UAD) presents an alternative by learning a reference
distribution of healthy brain anatomy and identifying deviations as anomalies. In
reconstruction-based UAD, Generative Models (GMs) are trained to reconstruct healthy
brain MRI scans, assuming abnormalities will not be accurately reproduced after training.
Anomaly maps are then generated based on the discrepancy between the input image and
reconstruction. A key challenge in this approach is generating accurate reconstructions
that preserve essential features without simply replicating the input images.
This thesis proposes the use of additional context in the reconstruction process of
GMs and introduces novel anomaly scoring mechanisms to enhance the segmentation
performance. The proposed models include 3D variational autoencoders with spatial
erasing to use the inherently available 3D information of brain MRI scans. Furthermore,
patched and context-conditioned diffusion models are proposed to leverage additional
contextual information of the input image. For anomaly scoring, ensembles of structural
similarity metrics and the Mahalanobis distance are employed to refine anomaly scoring.
Additionally, a framework is proposed that integrates supervised anomaly scoring into
the UAD pipeline.
Experiments demonstrate that context-aware reconstruction and anomaly scoring improve
the segmentation performance. Moreover, the proposed hybrid UAD framework effectively
combines the generalization capabilities of unsupervised approaches with the precise
predictions of supervised methods. Despite these advancements, challenges remain.
Sensitivity to data set quality affects performance, high-resolution 3D models require
extensive computational resources, and the lack of standardized evaluation benchmarks
complicates cross-study comparisons. Future research should focus on efficient, scalable
models that are robust to labeling errors. Moreover, leveraging the probabilistic nature
of diffusion models and integrating UAD and supervised methods in hybrid frameworks is
promising. Lastly, establishing standardized data sets and clinical evaluation benchmarks
will be essential for further progress.
This thesis advances UAD in brain MRI by introducing improvements to GMs and
novel anomaly scoring mechanisms. The proposed methods build a solid foundation for
the research field of UAD and contribute toward the application of UAD systems in
real-world medical applications.
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8 Publications

8.1 Three-dimensional deep learning with spatial erasing
for unsupervised anomaly segmentation in brain MRI
[20]

This article is licensed under a Creative Commons Attribution (CC BY) 4.0
License, which permits unrestricted use, distribution, and reproduction, provided the
original work is properly cited.
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Abstract
Purpose Brain Magnetic Resonance Images (MRIs) are essential for the diagnosis of neurological diseases. Recently, deep
learning methods for unsupervised anomaly detection (UAD) have been proposed for the analysis of brain MRI. These
methods rely on healthy brain MRIs and eliminate the requirement of pixel-wise annotated data compared to supervised deep
learning. While a wide range of methods for UAD have been proposed, these methods are mostly 2D and only learn from
MRI slices, disregarding that brain lesions are inherently 3D and the spatial context of MRI volumes remains unexploited.
Methods We investigate whether using increased spatial context by using MRI volumes combined with spatial erasing leads
to improved unsupervised anomaly segmentation performance compared to learning from slices. We evaluate and compare
2D variational autoencoder (VAE) to their 3D counterpart, propose 3D input erasing, and systemically study the impact of
the data set size on the performance.
Results Using two publicly available segmentation data sets for evaluation, 3D VAEs outperform their 2D counterpart,
highlighting the advantage of volumetric context. Also, our 3D erasing methods allow for further performance improvements.
Our best performing 3D VAE with input erasing leads to an average DICE score of 31.40% compared to 25.76% for the 2D
VAE.
Conclusions We propose 3D deep learning methods for UAD in brain MRI combined with 3D erasing and demonstrate that
3D methods clearly outperform their 2D counterpart for anomaly segmentation. Also, our spatial erasing method allows for
further performance improvements and reduces the requirement for large data sets.

Keywords Anomaly · Segmentation · Unsupervised · Brain MRI · 3D autoencoder

Introduction

Brain Magnetic Resonance Images (MRIs) allow for three-
dimensional (3D) imaging of the brain and are widely
used in research and clinical practice for the diagnosis
and treatment of neurological diseases. While promising
technology advancements of the imaging quality enable an
ever-increasing amount of conditions that become detectable
[21], reading and interpreting MRI remains a challenging
task. First, brain lesion detection and delineation requires
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expert knowledge and is a tedious time-consuming process,
affected by human errors [6]. Second, MRI is increasingly
used and hence an ever-increasing amount of images need
to be studied, while only a limited number of experts are
available [7]. This leads to the urgent need for automatic
detection and segmentation of lesions to assist radiologists
during clinical practice.

Recently, supervised deep learning methods have shown
promising results for this task, while the success of these
methods depends heavily on large data sets with high-quality
annotations [14]. Note that supervised methods only gener-
alize well to cases that are sufficiently represented in the
training data. However, diverse and large annotated data sets
are costly to obtain, and often only a few limited cases are
available for rare diseases [4].

In contrast to that, human experts can be trained with
few healthy cases to generalize, and afterward they are able
to detect even arbitrary anomalies without being trained to
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Fig. 1 Our approach for unsupervised anomaly segmentation using 3D
deep learning combined with spatial input erasing. For the 2D network,
only a single 2D slice xs is used as input x and volumetric spatial con-
text remains unexploited. Instead, our novel 3D approach receives an
entire volume xv as input x and learns combined features from all spa-

tial dimensions. Also, we propose 3D spatial input erasing, where parts
of the input are missing and the network is trained to restore missing
image parts. Note, x̂s and x̂v refer to the network’s reconstruction in 2D
and 3D, respectively

an explicit appearance [7]. Deep learning for unsupervised
anomaly detection (UAD) follows this concept of identify-
ing unexpected, abnormal data. Thesemethods do not require
pixel-level annotations and are only trained with MRI-scans
of healthy brains. Here, the task is considered as an anomaly
detection problem, where the networks are trained to repre-
sent the distribution of healthy anatomy of the human brain
and anomalies can be detected as outliers from the learned
distribution. Typically, deep learning for UAD follows an
encoder–decoder structure trained only on healthy images.
Afterward, detection and delineation of pathologies of a test
image can be obtained, e.g., by pixel-wise discrepancies
between the model’s input and reconstruction.

So far, a wide range of deep learning methods have been
proposed for UAD in brain MRI, ranging from simple auto-
encoders [5] to generative adversarial networks (GANs) [18]
focusing on 2D spatial information. These 2D methods have
shown promising results; however, the global spatial context
provided byMRI volumes remains unused and the inherently
3Dstructure of brains cannot be learnedby the networks. This
brings up the question, whether increased spatial context by
using entire MRI volumes allows for improved performance,
leading to the problem of 3D deep learning for UAD in brain
MRI. So far, 3D deep learning for UAD has hardly been con-
sidered, only pioneeringwork in volumetric headCTdata has

been proposed recently without direct comparison with 2D
[17]. 3D deep learning is challenging in nature as it results in
an increased representational power that may come with an
increased risk of overfitting, leading to poor generalization.
For preventing the risk of overfitting, several different regu-
larization strategies have been proposed for deep learning in
the context of computer vision. These methods range from
simple image transformation such as rotation and flipping to
adding noise during the training process, e.g., by stochasti-
cally dropping out neuron activations [19] or dropping out
entire input regions [9] during training. Especially the latter
has been combined with 2D auto-encoder networks, called
context-encoders [16], where the networks are enforced to
generate the contents of an arbitrary image region condi-
tioned on its surroundings, leading to a better understanding
of the global content of the image. This idea has also shown
promising results in the context of UAD in brain MRI using
2D methods [22] and might be a promising approach for
enforcing the understanding of the global contextwhen entire
MRI volumes are used in combinationwith 3Ddeep learning.

In this paper, we propose to learn from entire 3D MRI
volumes instead of single 2D MRI slices using 3D instead
of 2D unsupervised deep learning, shown in Fig. 1. Also, we
extend the concept of spatial input erasing for regularization.
To this end, we provide an extensive comparison of varia-
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tional autoencoders (VAE) with 3D and 2D convolutions and
propose several different 3D spatial erasing strategies during
training. For our experiments, we use a training data set with
brain MRI scans of 2008 healthy patients and evaluate our
methods on two publicly available brain segmentation data
sets. We focus on T1-weighted MRI data, which are widely
used in clinics [1,10], providing a good starting point for
anomaly detection. Moreover, we provide an analysis of the
impact and the importance of the training data set size, espe-
cially in combination with our 3D approach.

Materials andmethods

Data set

For training, we consider a data set with anonymized T1-
weighted MRI volumes of 2008 healthy subjects from 22
scanners from different vendors. The resolutions in axial
direction vary from 0.39mm to 1.25mm with a majority of
1310 samples with 1mm. The slice thickness lies between
0.90mm to 2.40mm with a majority of 906 samples with
1mm. A total of 1506 samples are acquired with a field
strength of 1.5 T, 446 samples are acquired with 3 T and 56
with 1 T. Data on all scanners were acquired during clinical
routine with a standard 3D gradient echo sequence. All scans
were sent to jung diagnostics GmbH for image analysis.

For evaluation, we use two publicly available data sets.
First, we consider the publicly available Multimodal Brain
Tumor Segmentation Challenge 2019 (BraTS 2019) data set
[2,3,15] with T1-weighted image volumes of 335 subjects
with the corresponding ground truth segmentation of the
tumor. The slice thickness of the BraTS 2019 data set varies
from 1mm up to 5mm Second, we use the Anatomical Trac-
ings of Lesions After Stroke (ATLAS) data set [13], which
provides T1-weighted image volumes of 304 subjects with
corresponding ground truth segmentations of stroke regions.
The slice thickness of the ATLAS data set varies from 1mm
up to 3mm.

For all image volumes, we apply the following prepro-
cessing. First, we resample all scans to the same isotropic
resolution of 1mm × 1mm × 1mm using cubic interpola-
tion. Then, we follow the preprocessing of previous studies
with 2Ddeep learningmethods forUAD,which include skull
stripping, denoising, and standardization [4]. Next, we crop
excessive background by using brainmasks of theMRI scans
and zero-pad all MRI scans to the largest volume resolution
in our data set of 191× 158× 163. Last, we downsample all
volumes to a size of 64 × 64 × 64 for numerical efficiency,
as we encounter the computational complexity of 3D deep
learning. Regarding our data split for training, we consider
1807 healthy images for training and 201 images for vali-
dation of our reconstruction performance. We split our data

randomly and stratified by scanners. Considering the images
of the BraTS 2019 data set, we randomly sample 133 images
for validation and 202 for testing. Using the ATLAS data set,
we randomly sample 121 and 183 images for validation and
testing, respectively.

Deep learningmethods

We address the problem of anomaly segmentation with 2D
and 3D unsupervised deep learning methods using 2D MRI
slices or 3DMRIvolumes, respectively.Given a set of healthy
MRI scans, we utilize an encoder–decoder architecture and
train our methods to encode to and reconstruct from a lower-
dimensional latent space z ∈ Rn . After the methods are
trained, anomalies in a test image can be detected by large
reconstruction errors between the input and output image,
as the networks are trained to reconstruct only images of
healthy brain anatomies, e.g., fail to reconstruct abnormal
image areas.

Recently, a comparative study on UAD using 2D deep
learning methods [4] has demonstrated that VAE [5,12]
allows for promising results, while also being easy to opti-
mize and involving fewer hyperparameters compared to other
UAD methods such as GANs. Comparing the VAE with the
standard AE, the VAE enforces a structure on the mani-
fold. It has been demonstrated that this leads to performance
improvements compared to the standard AE [4]. Hence, we
consider the concept of VAEs for our study.

Our general backbone network is shown in Fig. 2 and
for the adaption to 2D MRI slices or 3D MRI volumes, we
employ 2D or 3D operations for the network, e.g., we use
2D or 3D convolutions. In this way, the architecture details
remain the same for 2D and 3D, e.g., the number of layers
and feature maps remain same, and only the dimension of
the networks operation are changed. Based on our validation
set performance, we choose a latent space size of z ∈ R128

and z ∈ R512 for our 2D and 3D VAE, respectively.
We study and extend the concept of cutout [9] and context-

autoencoders [16], which were proposed for 2D images. The
main motivation behind our approach is to further enhance
the usage of global image context, especially in combination
with 3D methods. Therefore, we propose and evaluate the
following different erasing methods for 2D and 3D, which
are shown in Fig. 3. Note, we only erase the regions in the
input image and not in the ground-truth image that is used
for optimization; hence, our networks are enforced to solve
an in-painting task for abnormal regions.

First, we simply mask-out a single patch in the input, sim-
ilar to previous concepts for 2D problems [9,16,22]. Also,
we extend this approach to 3D and mask-out a single 3D
cube. For the patch and cube erasing method, we randomly
select a pixel coordinate within the image as a center point
and randomly erase regions with a size from 1% up to 25%
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Fig. 2 Our backbone 3D VAD architecture receives input volume
x ∈ R64×64×64 and encodes it to the lower-dimensional latent variable
z ∈ Rnz , afterward the decoder reconstructs the output x̂ ∈ R64×64×64.
The number over the boxes refers to the spatial size; the number below

the boxes refers to the number of feature maps. We use convolutions
and transposed convolutions in the encoder and decoder, respectively.
Note, the first convolution in the encoder downsamples the input from
64 × 64 × 64 to 32 × 32 × 32

of the input size. Note, we refer to this method as patch for
2D and cube for 3D.

Second, we extend this approach and split a single patch
or cube into multiple ones. To this end, we mask-out up to
ten randomly located and sized patches or cubes within an
input image, while the overall erasing size remains in the
limit of 1% up to 25% of the input size. We call this method
multiple-patch or multiple-cube for 2D and 3D, respectively.

Third, we erase entire brain sides based on the idea of
stimulating the networks to exploit the symmetry of a brain.
Hence, we randomly erase the right or left side of the brain
in the input slice. Similar for 3D, here we randomly erase the
right or left side of the brain in 1 up to 32 multiple sequential
input slices. We refer to this method as half-slice for 2D and
half-volume for 3D.

We systematically evaluate all erasing methods with dif-
ferent strategies formasking-out the regions. First, we simply
erase regions in the input, e.g., all intensity values of a region
are set to zero similar to previous works [9,16,22]. Second,
to further increase the variance of our erasingmethods we fill
the erased region with noise sampled from the image pixel
distribution.

For all our methods, we set the probability of the spa-
tial erasing to p = 0.5, such that the network still receives
unmodified images.

Training and evaluation

Wefollow the idea ofVAEs; hence,weoptimize our networks
with respect to the reconstruction loss between the original
input image and the network output reconstruction combined
with the constraint that the latent variables follow a multi-
variate normal distribution. Hence, our loss function is based
on the l1-distance between our input and output combined
with the distribution-matching Kullback–Leibler divergence
for regularization. We train our networks with a batch size

of 32 using Adam for optimization with a learning rate of
0.001. We individually tune the number of training epochs
of the networks using the reconstruction performance on our
validation set with images of healthy subjects.

For all evaluations, we employ the following post-
processing steps. First, we multiply each residual image by
a slightly eroded brain mask to account for errors occurring
at sharp brain-mask boundaries. Next, we remove small out-
liers with a median filter. For anomaly segmentation of a test
image, we consider the voxel-wise residuals obtained from
the l1-distance between the original input image and the net-
work’s reconstruction.

For comparison of our methods, we consider voxel-wise
anomaly segmentation performance. To this end,we consider
the Dice coefficient (DICE) which is defined by

DICE = 2 |X ∩ Y |
|X | + |Y |

with two sets X and Y . Noteworthy, evaluating the DICE
requires binarization of the difference image between the
original input image and the network’s reconstruction. For
this purpose, we utilize our validation set and perform a
greedy search to determine the binarization threshold for the
segmentation, similar to [4]. Since the scans are normalized,
intensity intervals range from 0 to 1. Using the ground truth
segmentation, we compute the DICE on the validation set for
thresholds at the upper and lower quartile of the center of the
intensity interval. Based on the DICE, we cut the interval to
either the lower or upper half and continue the searchwith the
updated interval. The procedure is repeated for 10 iterations,
and we use the binarization threshold that leads to the best
DICE score. Afterward, we use the determined binarization
threshold for the test sets. We report the DICE on an entire
data set (DICED) and also reportmean and standard deviation
for the subject-wise values (DICES). Moreover, to evaluate
the models performance for different operating points, e.g.,
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Fig. 3 Our 3D spatial input erasing methods. In each row, sectional
planes of a volume with erasing are shown. Top row: We erase a single
3D cube with random location and size (Cube). Middle row: We erase

multiple 3D cubes with random location and size (Multi-Cube). Bottom
row: We erase an entire brain side in a subvolume (Half-Volume)

binarization threshold for segmentation, we also consider the
area under the Precision-Recall-Curve (AUPRC). Here, for
eachdata set,wegenerate Precision-Recall-Curves (PRC) for
each model and then we compute the area under it (AUPRC).

Moreover, we consider our best performing methods and
our baseline methods with respect to slice-wise anomaly
detection.This allows for localization of anomalies on a slice-
level in a volume, i.e., which slice contains a lesion. For this
purpose, we divided each volume in our test set into normal
and abnormal slices. Considering the lesion annotations, we
strictly consider all slices with annotations as abnormal and
normal otherwise. For discrimination between normal and

abnormal slices, we use the l1-distance between the original
input and the network’s reconstruction calculated for each
slice. For evaluation of our slice-wise anomaly detection per-
formance independent of the operating point, we report the
AUPRC.

Results

First, we compare 2D and 3D UAD deep learning methods
combinedwith our erasing regularizationmethods in Table 1.
For both VAEs, our different erasing methods lead to perfor-
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Table 1 Results for our 2D and 3D VAE combined with our spatial
erasing methods evaluated on the BraTS 2019 and ATLAS (Stroke)
data set

Input and erasing DICED DICES (μ ± σ ) AUPRC

BraTS 2019

2D-None 26.80 25.30 ± 12.37 21.19

3D-None 28.14 26.93 ± 12.40 24.69

2D-Patch-0 27.96 26.52 ± 13.42 22.53

2D-Patch-n 27.99 26.58 ± 13.27 22.54

3D-Cube-0 29.24 27.90 ± 13.57 26.18

3D-Cube-n 30.10 28.80 ± 13.74 27.85

2D-Multi-Patch-0 28.10 26.44 ± 12.89 22.54

2D-Multi-Patch-n 28.51 27.24 ± 13.14 22.81

3D-Multi-Cube-0 28.88 27.67 ± 13.22 25.82

3D-Multi-Cube-n 29.52 28.33 ± 13.42 26.18

2D-Half-Slice-0 26.86 25.44 ± 12.42 21.77

2D-Half-Slice-n 27.97 26.45 ± 13.22 22.84

3D-Half-Volume-0 28.49 27.51 ± 13.17 25.47

3D-Half-Volume-n 28.99 27.92 ± 13.24 26.07

ATLAS (Stroke)

2D-None 24.72 11.23 ± 13.66 16.86

3D-None 30.68 14.42 ± 16.06 23.74

2D-Patch-0 27.68 12.23 ± 13.67 18.65

2D-Patch-n 27.42 12.36 ± 14.61 18.20

3D-Cube-0 31.50 15.59 ± 17.02 23.47

3D-Cube-n 32.68 15.53 ± 17.30 25.11

2D-Multi-Patch-0 26.99 11.82 ± 14.29 18.72

2D-Multi-Patch-n 28.06 12.88 ± 15.21 19.49

3D-Multi-Cube-0 31.83 15.23 ± 16.64 24.51

3D-Multi-Cube-n 32.37 14.99 ± 17.31 25.13

2D-Half-Slice-0 27.54 11.05 ± 13.70 18.60

2D-Half-Slice-n 28.99 12.13 ± 14.79 20.37

3D-Half-Volume-0 31.00 15.21 ± 17.00 23.14

3D-Half-Volume-n 33.05 15.27 ± 17.21 25.58

The abbreviations for input and erasing refer to the input/VAE dimen-
sion, erasing strategy and value used for masking-out a region, e.g.,
2D-Patch-0 and 2D-Patch-n stand for a 2D VAE with patch erasing,
while the first refers to masking-out a region with zeros and the second
refers to masking-out a region with noise
DICED represents the metric based on the voxel calculation of an entire
data set
DICES (μ±σ ) refers to the mean and standard deviation of the subject-
wise score
All metrics are in percent

mance improvements. Overall, our 3D VAE outperforms the
2DVAE for all our experiments. Using noise formasking-out
the regionsworks slightly better thanmasking-outwith zeros.
For our 3D VAE using a single cube for erasing, followed by
masking-out an entire brain side in a subvolume works best.
Considering our 2D-VAE, masking-out an entire brain side
shows the best results, closely followed bymasking-out mul-

tiple patches. Comparing the DICED of our best performing
3D approach (3D-Cube-n) with the 2D baseline approach
(2D-None) demonstrates a relative performance improve-
ment of 12.31% and 32.20% on the BraTS 2019 and ATLAS
data set, respectively.

Second, we evaluate the performance of our baselines and
best performing methods with respect to lesion size in Fig.
4. Here, our results demonstrate that the smallest and largest
lesions are challenging. Consistently, using erasing improves
the DICES over all lesion sizes, while being particularly
effective for large lesions. Also, comparing 2D and 3Dmeth-
ods shows that 3D consistently outperforms 2D, especially
for small lesions.

Third, we evaluate the effect of the data set size in Fig.
5. Reducing the data set has a pronounced impact on the
performance for 3D as well as 2D, especially when less than
60% of the training data is used. Also, the spatial erasing
works better when the network is trained with more data.
While reducing the data set size has a larger impact on 3D,
even with only 20% of the training data the 3D VAE works
better than the 2DVAEwith erasing and 100% of the training
data. Moreover, our erasing turns out to be effective for the
2D VAE, considering that a 2D VAE without erasing trained
with 100% of data is outperformed by a 2DVAEwith erasing
trained with only 20% of the data.

Fourth, Fig. 7 demonstrates example images for our best
performing method 3D-Cube-n. Notably, the ground truth
segmentation is highlighted in all difference images, while
also showing errors at further regions.

Moreover, we use our best performing 2D and 3Dmethods
trained on T1-weighted MRI data and evaluate on T1ce-
weighed MRI data from the BraTS 2019 data set to study
the effect of using additional image information, see Table
2. Here, we observe immediate performance improvements
compared to T1-weighting for both 2D and 3D with a rel-
ative improvement of 13.61% and 21.82% for 2D and 3D
considering the DICED .

Last, we evaluate our baseline and best performing meth-
ods with respect to slice-wise anomaly detection, see Fig. 6.
Here, our best performing method achieves an AUPRC of
71.2%. Also for this task using 3D information and erasing
turns out to be beneficial, improving the AUPRC by approx-
imately 4% compared to the 2D VAE.

Discussion

Weconsider the problemof unsupervised anomaly segmenta-
tion andpropose to learn fromentire 3DMRIvolumes instead
of single 2D MRI. For this purpose, we extend 2D VAEs to
3D and also propose several different input erasing methods
for regularization. Comparing our 2D VAE (2D-None) with
the corresponding 3D version (3D-None) without any input
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Fig. 4 Subject-wise DICES
over lesion size. Lesion size
refers to the number of
annotated pixels for the lesion.
Results for the BraTS 2019 data
set and ATLAS data set are
shown left and right,
respectively. (Top) Comparing
2D VAE with and without
erasing; (Middle) Comparing
3D VAE with and without
erasing; (Bottom) Comparing
2D and 3D VAE with erasing.
Transparent dots refer to the
subject-wise DICES scores.
Solid lines are derived by a
polynomial regression of order
three
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Fig. 5 Impact of data set size on
the UAD performance. We train
our methods with 10%, 20%,
60%, and 100% of the training
data, shown is the average
AUPRC using our two test data
sets (BraTS 2019, ATLAS)
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Table 2 Results for additional
image information considering
the BraTS 2019 data set

Input and erasing Sequence DICED DICES (μ ± σ ) AUPRC

2D-Patch-n T1 27.99 26.58 ± 13.27 22.54

2D-Patch-n T1ce 31.80 29.08 ± 12.77 24.28

3D-Cube-n T1 30.10 28.80 ± 13.74 27.85

3D-Cube-n T1ce 36.67 33.40 ± 14.55 31.12

DICED represents the metric based on the voxel calculation of an entire data set
DICES (μ ± σ ) refers to the mean and standard deviation of the subject-wise score
All metrics are in percent
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Fig. 6 Slice-wise anomaly detection for our baseline and best perform-
ing methods. Shown is the AUPRC on the combination of our test sets
(BraTS 2019, ATLAS). 2D VAE with and without erasing refers to 2D-
None and 2D-Patch-n, respectively. 3D VAE and without erasing refers
to 3D-None and 3D-Cube-n, respectively

erasing demonstrates that 3D outperforms the 2D version on
two public data sets, especially for the stroke data set with a
DICED of 30.68% for 3D compared to a DICED of 24.72%
for 2D, see Table 1. This highlights that 3D information can
be effectively leveraged by a 3D VAE and agrees with our
expectation that increased spatial context byusing entireMRI
volumes allows for improved anomaly segmentation perfor-
mance.

We also evaluate 2D and 3D input erasing for regular-
ization and train the networks to restore missing image
parts conditioned on its surroundings. Our results in Table
1 demonstrate that input erasing allows for further per-
formance improvements both for our 2D and 3D VAE.
Regarding the method for masking-out a region, previous
works in 2D mostly simply mask our input regions with
zeros [9,16,22]. However, our results demonstrate that using
noise for masking-out a region in the input works slightly
better, indicating that the increased variance during training
is advantageous for regularization.

We also consider different strategies such as erasingmulti-
ple patches or an entire brain side.While all erasing strategies
are beneficial, there is no clear winner between the different
strategies considering our results on both data sets. Further-
more, one could argue that our input erasing leads to brain
anatomy that deviates fromnormal,which is in slight contrast
to the idea of only providing healthy brain anatomy as input.
However, our ground-truth image that is used for optimiza-
tion remains unmodified; hence, our networks are enforced

to solve an in-painting task for abnormal regions. Our results
demonstrate that this leads to an improved segmentation per-
formance.

To gain further insights, we study the performance with
respect to the lesion size in Fig. 4.While providing consistent
performance improvements, erasing turns out be especially
valuable for larger lesions. Thismight be attributed to the fact
thatwith erasing, networks are enforced to solve an additional
in-painting task, making them suited to handle inputs with
large anomalies. Also, our results in Fig. 4 further emphasize
the value of 3D information, especially for smaller lesions
considering the ATLAS data set.

Next, we study the effect of the training data set size.
As expected, the data set size has a notable impact on the
performance, see Fig. 5. It stands out that our 3D methods
trained with only 20% of the training data even outperform
the 2D methods trained with 100% of the data. This indi-
cates that increasing the spatial context during training is
even more important than increasing the data set size. This
is an interesting observation, as one could assume that due
to the increased number of parameters, 3D-Models require
more data compared to their 2D-counterparts. We believe
that this counter-intuitive behavior could explained by the
increased complexity of the task and the bigger input image
for the 3D approach. The learning task of the 3D model can
be considered more complex since an entire volume must be
processed and reconstructed at once, while 2D is only trained
to process a single slice. Also, for 3D the input image is big-
ger (volume) compared to 2D (single slice). Note, if the input
image is bigger, then a network might need more expressive
power to capture the patterns in the input image, as shown in
[20].

Considering our erasing approach and the data set size
suggests that solving the additional in-painting task needs
sufficient training data to provide effective regularization.
However, with only 60% of the training data our models with
our regularization approach lead to higher performance than
a model without regularization trained with the full dataset.
We argue this demonstrates the effectiveness of our regular-
ization approach, as less data are required to achieve similar
or better performance compared to a model without regular-
ization. Still, increasing the data set size is valuable as the
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Fig. 7 Four example test cases using our best performing method 3D-
Cube-n. From left to right: Input image, output image, difference image,
heat-mapdifference image, and ground truth segmentation. Thefirst two

lines contain examples from theBraTS 2019 data set and the two bottom
lines contain examples from the ATLAS data set

performance for ourmodelwith erasing continues to improve
with a larger training data set.

Comparing our novel 3Dmethods with input erasing with
the previous 2D approach demonstrates a relative perfor-
mance improvement of 12.31% and 32.20% on the BraTS
2019 and ATLAS data set, respectively. A comparable work
evaluating UAD performance on the same ATLAS data set
achieves a mean subject-wise DICE score of 12± 12% with
their best performing method [8]. Notably, this 2Dmethod is
restoration-based and involves significantly increased com-
putational complexity. Our 3D approach with input erasing

leads to a mean subject-wise DICE score of 15.53±17.30%,
improving the UAD state-of-the-art on this data set. This
demonstrates the effectiveness of our approach. Comparing
our results on the BraTS 2019 data set with other works
that utilize additional image information, e.g., T2-weighted
data [8,22], highlights the advantage of additional image
information. Similar, we observe immediate performance
improvement for our methods when evaluated on T1ce-
weighted data, despite the domain adaption from T1, see
Table 2. Also, other studies that use multiple MRI sequences
[4,5] achieve higher performance metrics; however, a direct
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comparison is difficult due to different data sets and set-
tings. Notably, multipleMRI sequences are beneficial but not
always available [1,10], imposing an additional challenge on
UAD.

Putting UAD into perspective with supervised methods
demonstrates that segmentation performance is in a moder-
ate range. Considering the BRATS 2019 data set, supervised
methods achieve a mean subject-wise DICE score of around
90% [11] utilizing all available MRI sequences (T1, T1ce,
T2, FLAIR). Considering the ATLAS data set, supervised
methods achievemean subject-wiseDICE scores in the range
of 32.92% up to 53.49% [10]. While UAD is notably more
challenging than supervised segmentation, the overall UAD
performance on these supervised data sets might also be lim-
ited, as the annotation focuses on pre-specified lesions and
not all anomalies in the images might be labeled. This is also
demonstrated in Fig. 7, where, e.g., the segmentation focuses
only on the tumor and not on all brain regions that deviate
from normal. Also, the domain shifts between different data
sets might be challenging, which is also pointed out in pre-
vious works [4,22].

Considering these challenges, we also evaluate our meth-
ods with respect to slice-wise anomaly detection, see Fig. 6.
Here, we observe significantly increased performance com-
pared to segmentation with an AUPRC of 71.2% for our best
performing method. The slice-wise detection performance
motivates that UAD can be helpful in red-flagging suspicious
MRI data in clinical routine, especially with T1-weighted
MRI data. Also, we believe that unsupervised segmentation
gives additional cues to the reader as to where an anomaly
may be located and thus, it is helpful to quickly localize
a potential anomaly or lesion. For this, our work consists
a valuable contribution by demonstrating the benefits and
emphasizing the use of 3D-models with spatial erasing for
voxel-wise and slice-wise UAD.

For future work, our findings could be extended to
more complex deep learning methods for UAD, such as
GANs [18]. In particular, combining our 3D approach with
restoration-basedmethods [8] might improve the overall per-
formance. However, this approach also leads to significantly
increased runtime and computational efforts, e.g., a restora-
tion accumulates quickly to multiple minutes for a single
MRI [4], which is particularly challenging for clinical rou-
tine.

Conclusion

We study the task of unsupervised anomaly segmentation in
brainMRI and propose to use entire 3DMRI volumes instead
of single 2D MRI slices by extending 2D VAEs to 3D. Also,
we study and extend the concept of input erasing and propose
several different 3D input erasing strategies for regulariza-

tion. Overall, our results demonstrate that using increased
spatial context by using entire MRI volumes combined with
3D deep learning clearly outperforms 2D methods. Also,
we observe that combining deep learning with spatial input
erasing allows for further performance improvements and
reduces the requirement for large training data sets.
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Abstract

The use of supervised deep learning techniques to detect pathologies in brain MRI scans
can be challenging due to the diversity of brain anatomy and the need for large, pixel-level
annotated data sets. An alternative approach is to use unsupervised anomaly detection,
which only requires sample-level labels of healthy brain anatomy to create a reference
representation. This reference representation can then be compared to unhealthy brain
anatomy in a pixel-wise manner to identify abnormalities. To accomplish this, generative
models are needed to create anatomically consistent MRI scans of healthy brains. While
recent diffusion models have shown promise in this task, accurately generating the complex
structure of the human brain remains a challenge. In this paper, we propose a method that
reformulates the generation task of diffusion models as a patch-based estimation of healthy
brain anatomy, using spatial context to guide and improve reconstruction. We evaluate
our approach on data of tumors and multiple sclerosis lesions and demonstrate a relative
improvement of 25.1% in segmentation performance compared to existing baselines.

1. Introduction

Over the last decades, significant effort has been put into developing support tools that
can assist radiologists in assessing medical images (Kawamoto et al., 2005). Convolutional
neural networks (CNNs) have proven successful in this task due to their ability to process
images effectively (Shen et al., 2017). However, supervised approaches that use CNNs have
limitations, such as the need for large amounts of expert-annotated training data and the
challenge of learning from noisy or imbalanced data (Ellis et al., 2022; Karimi et al., 2020;
Johnson and Khoshgoftaar, 2019).
Unsupervised anomaly detection (UAD) is an alternative approach that can be trained with
healthy samples only, eliminating the need for pixel-level annotations. During training,
UAD models typically focus on reconstructing images from a healthy training distribution.
When unseen, unhealthy anatomy is encountered at test time, high values in the pixel-wise
reconstruction error indicate abnormalities.
Recently, denoising diffusion probabilistic models (DDPM) (Ho et al., 2020) have emerged as
a state-of-the-art approach for image generation. As a result, they have also been applied
to the problem of unsupervised anomaly detection (UAD) in brain MRI (Wyatt et al.,
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2022; Pinaya et al., 2022a). DDPMs work by adding noise to an input image, then using a
trained model to remove the noise and estimate or reconstruct the original image. Hence,
in contrast to most autoencoder-based approaches, DDPMs preserve spatial information in
their hidden representation of the input which is important for the image generation process
(Rombach et al., 2022). However, applying noise to the entire image at once can make it
difficult to accurately reconstruct the complex structure of the brain. To address this issue,
we introduce patched DDPMs (pDDPMs) for UAD in brain MRI. In pDDPMs, we apply
the forward diffusion process only on a small part of the input image and use the whole,
partly noised image in the backward process to recover the noised patch. At test time, we
use the trained pDDPM to sequentially noise and denoise a sliding patch within the input
image and then stitch the individual denoised patches to reconstruct the entire image.
We evaluate our method on the public BraTS21 and MSLUB data sets and show that it
significantly (p < 0.05) improves the tumor segmentation performance.

-

-

Figure 1: Schematic drawing of our method. From left to right: A patch is sampled within
the input image, noise is added to that patch in the forward process and removed
in the backward process. During evaluation, we stitch all patches and calculate
the pixel-wise error as anomaly map ∆AS .

2. Recent Work

In recent research on UAD in brain MRI, various architectures have been examined. Au-
toencoders (AE) and variational autoencoders (VAE) have demonstrated reliable training
and fast inference, but their blurry reconstructions have hindered their effectiveness in
UAD, as noted in (Baur et al., 2021). Therefore, research often focuses on understanding
the image context better by adding spatial latent dimensions (Baur et al., 2018), multi-

1020



Patched Diffusion Models

resolution (Baur et al., 2020b), skip connections together with dropout (Baur et al., 2020a),
or a denoising task as regularization (Kascenas et al., 2022). Similarly, modifications to
VAEs aim to enforce the use of spatial context by spatial erasing (Zimmerer et al., 2019)
or utilizing 3D information (Bengs et al., 2021; Behrendt et al., 2022). Other approaches
propose restoration methods (Chen et al., 2020), uncertainty estimation (Sato et al., 2019),
adversarial autoencoders (Chen and Konukoglu, 2018) or the use of encoder activation maps
(Silva-Rodŕıguez et al., 2022). Also, vector-quantized VAEs have been proposed (Pinaya
et al., 2022b). As an alternative to AE-based architectures, generative adversarial networks
(GANs) have been applied to the problem of UAD (Schlegl et al., 2019). However, the
unstable training nature of GANs makes their application very challenging. Furthermore,
GANs suffer from mode collapse and often fail to preserve anatomical coherence (Baur et al.,
2021). To alleviate this, inpainting approaches have been proposed that use the generator
to inpaint erased patches during training (Nguyen et al., 2021). Lately, DDPMs have shown
to be a promising approach for the task of UAD in brain MRI as they have scalable and
stable training properties while generating sharp images of high quality (Wolleb et al., 2022;
Wyatt et al., 2022; Sanchez et al., 2022; Pinaya et al., 2022a). While these approaches aim
to estimate the entire brain anatomy at once, patch-based DDPMs have been proposed for
image restoration (Özdenizci and Legenstein, 2023) and image inpainting (Lugmayr et al.,
2022) in the domain of generic images. Patch-based DDPMs are a promising approach
also for brain MRI reconstruction, as global context information about individual brain
structure and appearance could be incorporated while estimating individual patches. How-
ever, current patch-based approaches either neglect the surrounding context of each patch
(Özdenizci and Legenstein, 2023) or reconstruct patches from a fully noised image, which
also impacts the surrounding context (Lugmayr et al., 2022). Thus, it is of interest to
develop patch-based DDPMs that consider both the individual patch and its unperturbed
surrounding context for the task of UAD in brain MRI.

3. Method

We apply the diffusion process of DDPMs in a patch-wise fashion, meaning that given the
input image x ∈ RC,W,H with C channels, width W and height H, we add noise to a patch
pk ∈ RC,h,w with h < H,w < W and k = [1, ...,K]. Subsequently, we reconstruct the
patch to achieve a local estimate of the brain anatomy. Hereby, our motivation is a better
understanding of image context by denoising image patches based on their unperturbed
surrounding. Furthermore, we hypothesize that this would also lead to better anatomical
coherence in the overall reconstruction of individual brains. As at test time anomalies
can appear anywhere in the brain, we need to add and remove noise to the whole brain
anatomy with our patch-wise approach. Therefore, we use a sliding window approach where
we subsequently add noise to and remove noise from individual patches at positions that
are evenly spaced across the image. Having covered the entire input image, we stitch all
individual patch reconstructions into one image. This strategy allows estimating each local
region in the input by using the spatial context of its surrounding which is assumed to be
particularly helpful if the patch covers an anomaly. Our approach is shown in Figure 1.
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3.1. DDPMs

In DDPMs, first, the image structure is gradually destroyed by noise and subsequently, the
reverse denoising process is learned. During the forward process, adding noise ϵ ∼ N (0, I)
to x0 follows a predefined schedule β1, ..., βT :

xt ∼ q(xt|x0) = N (
√
ᾱtx0, (1− ᾱt)I),with ᾱt =

∏t

s=0
(1− βt). (1)

The time step t is sampled from t ∼ Uniform(1, ..., T ) and controls how much noise is
added to x0. For t = T the image is replaced by pure Gaussian noise xt = ϵ ∼ N (0, I) and
for t = 0, xt becomes x0.
In the backward process, the goal is to reverse the forward process and to recover x0.

x0 ∼ pθ(xt)
∏T

t=1
pθ(xt−1|xt),with pθ(xt−1|xt) = N (µθ(xt, t),Σθ(xt, t)). (2)

µθ andΣθ are estimated by a neural network with parameters θ. Following (Ho et al., 2020),
we use an Unet (Ronneberger et al., 2015) for this task and keepΣθ(xt, t) =

1−αt−1

1−αt
βtI fixed.

To derive a tractable loss function, the variational lower bound (VLB) is used. By applying
reformulations, Bayes rule and by conditioning q(xt−1|xt) on x0, minimizing the VLB can
be approximated by the simpler loss derivation Lsimple = ||ϵ− ϵθ(xt, t)||2. In this work, we
utilize the l1-error and change the objective to directly estimate xrec

0 ∼ pθ(x0|xt, t), leading
to Lrec = |x0 − xrec

0 |. For sampling images with DDPMs, typically step-wise denoising is
applied for all time steps starting from t = T . As this comes at the cost of long sampling
times, in this work we directly estimate xrec

0 ∼ pθ(x0|xt, t) at a fixed time step ttest. This
simplification is possible since we do not aim to generate new images from noise but are
interested in reconstructing a given image.

3.2. Patched DDPMs

As aforementioned, with patched DDPMs, we apply the forward and backward process in a
patched fashion. During training, we sample the patches either at random positions or from
a fixed grid defined as follows. We partition x into K patch regions that are evenly spaced
across x. The number of possible patch regions in x is derived as K = ⌈W−w

w ⌉+ ⌈H−h
h ⌉+2,

where ⌈.⌉ denotes the ceiling operation. From this grid, we uniformly sample an index k.
During the forward step of the diffusion process, i.e., the noising step we sample the noised
image xt only at the given patch position pk. Consider Mp ∈ RC,H,W a binary mask where
the pixels that overlap with pk are set to one and pixels that do not overlap with pk are
set to zero. We obtain the partly noised image as

x̃t = xt ⊙Mp + x0 ⊙ ¬Mp (3)

where ⊙ denotes element-wise multiplication. In the backward process, x̃t is fed to the
denoising network to estimate the given noise area. The denoised image is derived as
x̃rec
0 ∼ pθ(x0|x̃t, t). To train the patch-wise denoising task, we optionally use an objective

function Lp adapted from Lrec, where we calculate Lp = |(x0 − x̃rec
0 ) ⊙Mp| based on the

noised region within pk, ignoring the surrounding area.
During Evaluation, for every k ∈ [0, ...,K], we subsequently perform the diffusion process
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based on the patch pk. After the reconstruction of all patch regions, we use the reconstructed
patches [prec

0 , ...,prec
K ] and stitch them with respect to their original position in the input

image to retain the full reconstruction of x0. In the case of overlapping patches, we average
the overlapping regions of the reconstructed patches.

4. Experimental setup

4.1. Data

We use the publicly available IXI data set as healthy reference distribution for training.
The IXI data set consists of 560 pairs of T1 and T2-weighted brain MRI scans, acquired
in three different hospital sites. From the training data, we use 158 samples for testing
and partition the remaining data set into 5 folds of 358 training samples and 44 validation
samples for cross-validation and stratify the sampling by the age of the patients.
For evaluation, we utilize two publicly available data sets, namely the Multimodal Brain
Tumor Segmentation Challenge 2021 (BraTS21) data set (Baid et al., 2021; Bakas et al.,
2017; Menze et al., 2014), and the multiple sclerosis data set from the University Hospital
of Ljubljana (MSLUB) (Lesjak et al., 2018).
The BraTS21 data set consists of 1251 brain MRI scans of four different weightings (T1,
T1-CE, T2, FLAIR). We split the data set into an unhealthy validation set of 100 samples
and an unhealthy test set of 1151 samples. The MSLUB data set consists of brain MRI scans
of 30 patients with multiple sclerosis (MS). For each patient T1, T2, and FLAIR-weighted
scans are available. We split the data into an unhealthy validation set of 10 samples and
an unhealthy test set of 20 samples. For both evaluation data sets, expert annotations in
form of pixel-wise segmentation maps are available.
Across our experiments, we utilize T2-weighted images from all data sets. To align all
MRI scans we register the brain scans to the SRI24-Atlas (Rohlfing et al., 2010) by affine
transformations. Next, we apply skull stripping with HD-BET (Isensee et al., 2019). Note
that these steps are already applied to the BraTS21 data set by default. Subsequently,
we remove black borders, leading to a fixed resolution of [192 × 192 × 160] voxels. Lastly,
we perform a bias field correction. To save computational resources, we reduce the volume
resolution by a factor of two resulting in [96×96×80] voxels and remove 15 top and bottom
slices parallel to the transverse plane.

4.2. Implementation Details

We evaluate our proposed method pDDPM, against multiple established baselines for UAD
in brain MRI. These include AE, VAE (Baur et al., 2021), their sequential extension SVAE
(Behrendt et al., 2022), and denoising AEs DAE (Kascenas et al., 2022). We also compare
simple thresholding Thresh (Meissen et al., 2022), and the GAN-based f-AnoGAN (Schlegl
et al., 2019). Additionally, we chose DDPM (Wyatt et al., 2022) as a counterpart to our
proposed method. We implement all baselines based on their original publications with the
following individual adaptations that have been shown to improve training stability and
performance. For VAE and SVAE, we set the value of βV AE to 0.001. For f-AnoGAN, we
set the latent size to 128 and the learning rate to 1e− 4.
For DDPM and pDDPM, we utilize structured simplex noise, rather than Gaussian noise,

1023



Behrendt Bhattacharya Krüger Opfer Schlaefer

as it is known to better capture the natural frequency distribution of MRI images (Wyatt
et al., 2022). For training, we uniformly sample t ∈ [1, T ] with T = 1000, and at test
time, we choose a fixed value of ttest = T

2 = 500. We choose a linear schedule for βt,
ranging from 1e− 4 to 2e− 2 and use an Unet similar to (Dhariwal and Nichol, 2021) as a
denoising network. For each channel dimension Cf ∈ [128, 128, 256], the Unet consists of a
stack of 3 residual layers and downsampling convolutions. This structure is mirrored in the
upsampling path with transposed convolutions. Skip connections connect the layers at each
resolution. In each residual block, groupnorm is used for normalization and SiLU (Elfwing
et al., 2018) acts as activation function before convolution. For time step conditioning,
the time step is first encoded using a sinusoidal position embedding and then projected to
a vector that matches the channel dimension. This is added to the feature representation
using scale-shift-norm (Perez et al., 2018) in each residual block. Unless specified otherwise,
all models are trained for a maximum of 1600 epochs, and the best model checkpoint, as
determined by performance on the healthy validation set, is used for testing. We process the
volumes in a slice-wise fashion, uniformly sampling slices with replacement during training
and iterating over all slices to reconstruct the full volume at test time. The models were
trained on NVIDIA V100 GPUs (32GB) using Adam as the optimizer, a learning rate of
1e− 5, and a batch size of 32. The code for this work is available at https://github.com/
FinnBehrendt/patched-Diffusion-Models-UAD.

4.3. Post-Processing and Anomaly Scoring

During training, all models aim to minimize the l1 error between the input and its re-
construction. At test time, we use the reconstruction error as a pixel-wise anomaly score
∆AS = |x0 − xrec

0 |, where high values indicate larger reconstruction errors and vice versa.
Given the hypothesis that the models will fail to reconstruct unhealthy brain anatomy,
we assume that anomalies are located at regions of high reconstruction errors. We apply
several post-processing steps that are commonly used in the literature (Baur et al., 2021;
Zimmerer et al., 2019). Before binarizing ∆AS , we use a median filter with kernel size
KM = 5 to smooth ∆AS and perform brain mask eroding for 3 iterations. Having binarized
∆AS , we apply a connected component analysis, removing segments with less than 7 vox-
els. To achieve a threshold for binarizing ∆AS , we perform a greedy search based on the
unhealthy validation set where the threshold is determined by iteratively calculating Dice
scores for different thresholds. The best threshold is then used to calculate the average Dice
score on the unhealthy test set (DICE). Furthermore, we report the average Area Under
Precision-Recall Curve (AUPRC) and report the mean absolute reconstruction error (l1) of
the test split from our healthy IXI data set.

4.4. Statistical Testing

For significance tests, we employ a permutation test from the MLXtend library (Raschka,
2018) with a significance level of α = 5% and 10,000 rounds of permutations. The test
calculates the two models’ mean difference of the Dice scores for each permutation. The
resulting p-value is determined by counting the number of times the mean differences were
equal to or greater than the sample differences, divided by the total number of permutations.
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Table 1: Comparison of the evaluated models with the best results highlighted in bold. fixed
sampling denotes that patch positions are sampled from a fixed grid, in contrast
to random sampling, where patch positions are randomly sampled. Lp denotes
calculating the reconstruction loss only on the patch region whereas Lrec denotes
calculating the reconstruction loss for the whole image. For all metrics, mean ±
standard deviation across the different folds are reported.

BraTS21 MSLUB IXI
Model DICE [%] AUPRC [%] DICE [%] AUPRC [%] l1 (1e− 3)

Thresh (Meissen et al., 2022) 19.69 20.27 6.21 4.23 145.12

AE (Baur et al., 2021) 32.87±1.25 31.07±1.75 7.10±0.68 5.58±0.26 30.55±0.27
VAE (Baur et al., 2021) 31.11±1.50 28.80±1.92 6.89±0.09 5.00±0.40 31.28±0.71
SVAE (Behrendt et al., 2022) 33.32±0.14 33.14±0.20 5.76±0.44 5.04±0.13 28.08±0.02
DAE (Kascenas et al., 2022) 37.05±1.42 44.99±1.72 3.56±0.91 5.35±0.45 10.12±0.26
f-AnoGAN (Schlegl et al., 2019) 24.16±2.94 22.05±3.05 4.18±1.18 4.01±0.90 45.30±2.98
DDPM (Wyatt et al., 2022) 40.67±1.21 49.78±1.02 6.42±1.60 7.44±0.52 13.46±0.65

pDDPM + random sampling + Lrec 44.47±2.34 48.84±2.71 9.41±0.96 9.13±1.13 14.08±0.77
pDDPM + fixed sampling + Lrec 47.81±1.15 52.38±1.17 10.47±1.27 10.58±0.85 12.12±0.76
pDDPM + fixed sampling + Lp 49.00±0.84 54.07±1.06 10.35±0.69 9.79±0.4 11.05±0.15

5. Results

Unless stated otherwise, for pDDPM, we use patch dimensions of h = w = H
2 = W

2 = 48.
The comparison of our pDDPM with the baseline models is shown in Table 1. Like DAE,
the DDPM shows relatively high performance on the BraTS21 data set, but its performance
on the MSLUB data set is moderate. In contrast, our pDDPM outperforms all baselines on
both data sets regarding DICE and AUPRC, with statistical significance for the BraTS21
data set (p < 0.05). Considering the reconstruction quality by means of l1 error on healthy
data, the DAE shows the lowest reconstruction error, followed by pDDPM.
Qualitatively, we observe smaller reconstruction errors from pDDPMs compared to DDPMs
for healthy brain anatomy as shown in Figure 2. Examples of reconstructions from other
baseline models can be found in Appendix 4. As seen in Figure 3, a patch size of 60 × 60
pixels results in the best performance. Additionally, there is a peak in performance when
the noise level at test time is ttest = 400. A visualization of different noise levels is provided
in Appendix B and ablation studies for the MSLUB data set are available in Appendix C.

Input ∆AS DDPM ∆AS pDDPM Ground Truth

Figure 2: Visualization of input, errormap and the ground truth for DDPM and pDDPM
for the Brats21 data set.
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Figure 3: DICE for different patch sizes (left) and noise levels at test time ttest (right) for
the BraTS21 data set. We report the average DICE across the 5 cross-validation
folds. Standard deviations are visualized as enveloping intervals.

6. Discussion & Conclusion

Our approach frames the reconstruction of healthy brain anatomy as patch-based denois-
ing, allowing to incorporate context information about individual brain structure and ap-
pearance when estimating brain anatomy. We show that pDDPMs outperform both their
non-patched counterparts and various baseline methods with significant differences for the
BraTS21 data set (p < 0.05).
Our results indicate that the image context around the noised patch can be used effec-
tively by the model to replace potential anomalies covered by noise patches with estimates
of healthy anatomy. From the performance improvements resulting from selecting patches
from fixed positions and minimizing Lp rather than Lrec, we conclude that it is helpful to
focus on pre-defined local patches during training. By stitching the individual patches, we
achieve sharp reconstructions without the downside of reconstructing too much unhealthy
anatomy. Note that this trade-off is influenced by both, the noise level ttest and the patch
size as shown in Figure 3. While our initial values for these hyper-parameters already show
robust performance improvements across both data sets, further tuning results in more op-
timal settings for certain anomalies. To enhance generalization across different anomalies,
employing an ensemble of different patch sizes and noise levels, as demonstrated in (Graham
et al., 2022), is a promising direction for future research. Evaluating the reconstruction qual-
ity by means of l1 error, DAE shows superior results to pDDPM. However, DAE is able to
reconstruct unhealthy anatomy which increases false negative predictions and thus decreases
the UAD performance. We observe that accurately identifying MS lesions in T2-weighted
MRI scans is challenging, and the limited number of samples makes it hard to achieve sta-
tistically significant results. However, our pDDPMs show promising improvements on the
MSLUB data set, suggesting that it could be useful to address the challenges of detecting
MS lesions. To further improve the UAD performance, using FLAIR-weighted MRI scans
or enriching the anomaly scoring by structural differences could be valuable.
Our proposed approach has shown promising results in terms of UAD performance, however,
it does have the drawback of an increase in inference time. While parallel computing could
alleviate the increase in inference time, future work could focus on guiding the denoising
process by spatial context more efficiently.
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and Žiga Špiclin. A novel public mr image dataset of multiple sclerosis patients with lesion
segmentations based on multi-rater consensus. Neuroinformatics, 16(1):51–63, 2018.

Andreas Lugmayr, Martin Danelljan, Andres Romero, Fisher Yu, Radu Timofte, and Luc
Van Gool. Repaint: Inpainting using denoising diffusion probabilistic models. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
11461–11471, 2022.

1028



Patched Diffusion Models

Felix Meissen, Georgios Kaissis, and Daniel Rueckert. Challenging current semi-supervised
anomaly segmentation methods for brain mri. In International MICCAI brainlesion work-
shop, pages 63–74. Springer, 2022.

Bjoern H Menze, Andras Jakab, Stefan Bauer, Jayashree Kalpathy-Cramer, Keyvan Fara-
hani, Justin Kirby, Yuliya Burren, Nicole Porz, Johannes Slotboom, Roland Wiest, et al.
The multimodal brain tumor image segmentation benchmark (brats). IEEE transactions
on medical imaging, 34(10):1993–2024, 2014.

Bao Nguyen, Adam Feldman, Sarath Bethapudi, Andrew Jennings, and Chris G Willcocks.
Unsupervised region-based anomaly detection in brain mri with adversarial image in-
painting. In 2021 IEEE 18th international symposium on biomedical imaging (ISBI),
pages 1127–1131. IEEE, 2021.
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Appendix A. Exemplary reconstructions for all Baselines

AE

VAE

SVAE

f-AnoGAN

DAE

DDPM

pDDPM

Figure 4: Qualitative evaluation of reconstructions from different models. From top to
bottom: AE, VAE, SVAE, f-AnoGAN, DAE, DDPM and pDDPM are presented.
From left to right, input, reconstruction, errormap, a heatmap of the errormap
and the ground truth annotation is shown
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Appendix B. Visualization of different noise levels

Figure 5: Training image from the IXI data set pertubed by simplex noise for different time
steps t = 0, 100, ..., 1000

Appendix C. Ablation Studies for MSLUB
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Figure 6: DICE for different patch sizes (left) and noise levels at test time ttest (right) for
the MSLUB data set. We report the average DICE across the 5 cross-validation
folds. Standard deviations are visualized as enveloping intervals.
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A B S T R A C T

The application of supervised models to clinical screening tasks is challenging due to the need for annotated
data for each considered pathology. Unsupervised Anomaly Detection (UAD) is an alternative approach that
aims to identify any anomaly as an outlier from a healthy training distribution. A prevalent strategy for
UAD in brain MRI involves using generative models to learn the reconstruction of healthy brain anatomy
for a given input image. As these models should fail to reconstruct unhealthy structures, the reconstruction
errors indicate anomalies. However, a significant challenge is to balance the accurate reconstruction of
healthy anatomy and the undesired replication of abnormal structures. While diffusion models have shown
promising results with detailed and accurate reconstructions, they face challenges in preserving intensity
characteristics, resulting in false positives. We propose conditioning the denoising process of diffusion models
with additional information derived from a latent representation of the input image. We demonstrate that
this conditioning allows for accurate and local adaptation to the general input intensity distribution while
avoiding the replication of unhealthy structures. We compare the novel approach to different state-of-the-
art methods and for different data sets. Our results show substantial improvements in the segmentation
performance, with the Dice score improved by 11.9%, 20.0%, and 44.6%, for the BraTS, ATLAS and MSLUB
data sets, respectively, while maintaining competitive performance on the WMH data set. Furthermore, our
results indicate effective domain adaptation across different MRI acquisitions and simulated contrasts, an
important attribute for general anomaly detection methods. The code for our work is available at https:
//github.com/FinnBehrendt/Conditioned-Diffusion-Models-UAD.

1. Introduction

Magnetic Resonance Imaging (MRI) is an important tool for diagnos-
ing various conditions in the human brain [1,2]. However, interpreting
brain MRIs can be error-prone, time-consuming, and places a significant
workload on available radiologists [3,4]. To address these challenges
and improve diagnostic efficiency, deep learning techniques like convo-
lutional neural networks (CNN) have shown great promise in assisting
radiologists by automating certain aspects of the analysis [2]. A com-
mon task is the detection and delineation of pathological structures
in the MRI scans such as tumors [5], white matter lesions [6] or
Alzheimer’s disease [7]. Supervised deep learning approaches exhibit
robust performance for these tasks, given that task-specific, annotated
data sets are available. However, gathering such data sets is a cum-
bersome and costly process. Additionally, applying supervised models
for screening tasks is difficult as any pathology must be detected, even

∗ Corresponding author.
E-mail address: finn.behrendt@tuhh.de (F. Behrendt).

those that are underrepresented or not included in the training data. In
this context, screening tasks refer to scenarios where various conditions
need to be identified without a specific target condition in mind. This
includes assisting radiologists in detecting a wide range of findings,
from expected abnormalities to unexpected or incidental ones, as well
as applications in large population studies, such as the Hamburg City
Health Study [8].

An alternative approach is unsupervised anomaly detection (UAD),
which relies on healthy data instead of annotated pathologies. The goal
is to learn the underlying data distribution of healthy brain MRI scans
and to identify anomalies as outliers from that learned distribution.
A popular approach is reconstruction-based UAD, where generative
models (GM) are trained to reconstruct healthy anatomy. Given that
the GMs are trained exclusively on healthy data, they should fail to
generate unhealthy components of the input images and replace them
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by approximations of healthy anatomy. Subsequently, the discrepancy
of input and pseudo-healthy reconstruction is measured, e.g., by the
mean absolute error where large errors indicate anomalies [9–12].
Therefore, in theory, any deviation from the learned norm can be
localized, including known conditions, unexpected anomalies such as
artifacts, or previously unseen pathologies.

However, in practice, reconstruction-based UAD methods typically
do not result in perfect anomaly detection and segmentation. Consid-
ering that the training task is reconstructing the input image, a key
challenge is to limit the reconstruction to healthy brain anatomy. On
the one hand, GMs that generate highly accurate reconstructions tend
to perform a ‘copy task’, resulting in unhealthy structures still reflected
in the pseudo-healthy reconstructions. These unhealthy structures do
not deviate from the input image, resulting in false negatives in the seg-
mentation mask. On the other hand, GMs with limited reconstruction
accuracy may produce imperfect reconstructions everywhere, which
in turn appear as differences in the anomaly map, even for healthy
structures. This complicates distinguishing between actual pathologies
and reconstruction errors, typically causing false positives in the seg-
mentation map. Another related challenge in UAD is the potential
domain shift between the distribution of the healthy data and the
unhealthy test cases. Here, the reconstruction may appear different due
to the domain shift; e.g., in simple cases, it is generally brighter than
the input, and this shift reflects differences in the anomaly map. In
summary, the challenge is to avoid copying unhealthy input features
to the reconstruction while still adapting the general appearance of the
reconstruction to the input.

Recently, denoising diffusion probabilistic models (DDPMs) [13]
have shown promise as GMs for reconstruction-based UAD in brain
MRI [14–16]. DDPMs generate images by denoising images corrupted
by artificial noise, leveraging a high-dimensional latent space to pre-
serve spatial context and achieve high-fidelity reconstructions. While
the spatial latent space enables the accurate reconstruction of healthy
structures, the additional denoising task aims to prevent the DDPMs
from solely copying the content of the input image. Therefore, DDPMs
can achieve a reasonable trade-off between the reconstruction accuracy
of healthy and unhealthy structures [15,16]. However, a significant
challenge remains in accurately reconstructing healthy brain anatomy
that exhibits aligned intensity characteristics with the input image. The
forward and backward processes of DDPMs do not adequately capture
the highly variable local intensity distributions of MRI scans. This can
result in discrepancies between the input and the reconstruction, which
are difficult to distinguish from those arising from actual pathologies.
This leads to reduced segmentation performance, particularly when
facing domain shifts at test time. One potential solution could be to
incorporate the input image as an additional input to the denoising
process in the DDPM, e.g., as a second input channel. However, this
could allow the denoising process to replicate the content of the input
image, which would contradict the principles of reconstruction-based
UAD.

In response to these challenges, we propose the use of conditioned
DDPMs (cDDPMs) for UAD in brain MRI. Our approach includes a
conditioning mechanism that guides the denoising process of the DDPM
by utilizing an extra feature representation of the input image. This
feature representation, derived from a CNN-based image encoder, does
not capture detailed structural information. However, it contains the
coarse local intensity information from the input image, which is
often partially lost during the DDPM’s forward process. This way,
we aim to align the local intensity distribution of the reconstructed
image without providing detailed structural information that could be
used to replicate unhealthy structures. We conduct a comprehensive
investigation of our conditioning approach, specifically addressing the
challenges associated with reconstruction-based UAD in brain MRI.
Initially, we evaluate the quality of healthy brain MRI reconstructions
and assess the ability to reconstruct healthy anatomy while replacing
unhealthy structures. Subsequently, we examine the domain adaptation

capabilities of our method by assessing the alignment of intensity
between input and reconstruction for datasets not encountered during
training and by simulating varying contrast levels. Finally, we evaluate
the segmentation performance of our approach on a variety of datasets,
comparing established state-of-the-art UAD methods.

Our results indicate that our conditioning approach effectively
aligns the local intensity distributions of input and reconstruction with-
out supporting the replication of unhealthy structures. Furthermore,
cDDPMs can effectively adapt to different intensity and contrast profiles
of different MRI data sets. As a result, our proposed cDDPMs address
key challenges of DDPMs in reconstruction-based UAD in brain MRI and
improve or match the segmentation performance of the compared base-
line models. When compared to DDPMs, the Dice score significantly
increases (𝑝 < 0.05), rising from 50.27 to 56.30 for the BraTS21 dataset
and from 20.18 to 24.22 for the ATLAS v2 dataset. For the MSLUB
dataset, the performance improves from 9.71 to 14.04 and for the WMH
dataset, both models report similar performance, with Dice scores of
12.06 and 11.59, respectively.

In summary, the main contributions of this work are:

• Reconstruction Quality: We develop a conditioning mechanism
within cDDPMs that guides the denoising process of DDPMs while
avoiding the replication of unhealthy structures.

• Domain Adaptation and Intensity Alignment: Our conditioning
mechanism aligns the local intensity distribution of the recon-
structed image with that of the input image. This effectively
improves the generalization to intensity shifts of different MRI
scans.

• Segmentation Performance: The accurate reconstructions and
aligned local intensity distributions featured by our conditioning
mechanism can significantly improve the segmentation perfor-
mance and applicability of DDPMs for UAD in brain MRI.

This paper is organized as follows: In Section 2, we review relevant
literature on UAD in brain MRI. In Section 3, we introduce DDPMs
and subsequently explain our conditioning approach. In Section 4, we
provide details of the experimental setup. In Section 5, we present the
results and subsequently discuss them in Section 6. Finally, we provide
a conclusion in Section 7.

2. Recent work

Autoencoders (AE) have been the primary focus of research on
reconstruction-based UAD in brain MRI. Although these models ex-
hibit potential in capturing the underlying healthy distribution, their
effectiveness in UAD is limited by their blurry reconstructions [9].
To overcome this limitation, researchers have focused on improving
the representations and reconstructions by adding skip connections
with dropout [17], using multi-scale features [18], utilizing feature
activation maps [19] or employing feature discrepancies [20,21]. Ad-
ditionally, online outlier removal strategies [22] have been proposed
for AEs. In parallel, Variational Autoencoders (VAE) have been inves-
tigated for the UAD task [23], focusing on enhancing the used context
in 2D [24] and 3D [25,26] or utilizing restoration methods [11].
Moreover, Soft-Intro VAES (SIVAE) [27] have been investigated. Ad-
ditionally, Generative Adversarial Networks (GAN) have been explored
for the task of UAD either as pure GAN [28,29] or in combination with
VAEs [30,31] and VQ-VAEs with transformers [12].

While AEs with skip connections and a spatial latent space enable
reconstructions of high fidelity, they tend to perform a ‘copy task’
which enables the reconstruction of unhealthy anatomy and therefore
contradicts the UAD principle [9,27]. Lately, [10] have shown that
AEs with skip connections can be effectively used for UAD in brain
MRI if they are regularized by an additional denoising task. Taking a
similar direction, DDPMs have shown promise in the field of UAD [14,
15,32,33]. DDPMs provide high reconstruction fidelity, but important
information about the input image can be lost due to the noising
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Fig. 1. Overview of our proposed approach. The encoder representations are learned along with the DDPM in the main training stage to condition the denoising process. The
timestep embedding 𝑐𝑡 is concatenated with the input image’s projected encoder representation 𝑐. The resulting conditioning vector 𝑐′ is used to scale and shift feature maps of
the denoising Unet in the residual blocks. Each residual block consists of two convolution operators (conv1, conv2), group normalization (Norm) and Sigmoid Linear Units (SiLU).
During evaluation, the residual map between unhealthy brain images and their healthy reconstructions is used for anomaly detection.

process. To address this, [16] proposed patch-based DDPMs that allow
the use of parts of the original image content to provide information for
the reconstruction of the input image. However, this patching strategy
increases complexity and computational effort and can lead to artifacts
in overlapping patch regions. A more efficient approach is seen in
conditioning the denoising process of DDPMs with knowledge of the
input image. Conditioned DDPMs have been successful in text-to-image
synthesis tasks [34] and image-guided synthetic image generation [35,
36]. However, in the specific case of UAD, the objective is not to
generate new images or to transfer styles but to accurately estimate
a given input image while ensuring that unhealthy anatomy is absent
in the estimation. Directly conditioning DDPMs with information from
the input image can pose a risk of reconstructing unhealthy anatomy.
Recent studies leverage different approaches to fuse information from
a target image into the generation process of DDPMs. [37] introduce
a classifier model trained to differentiate between healthy and tu-
morous brain MRI scans. At its core, this model employs classifier
guidance during the sampling process, targeting the denoising towards
a ‘healthy’ classification. Similarly, [38] apply classifier conditioning
for counterfactual generation to remove tumors by conditioning the
model to generate ‘healthy’ images. Despite showing promise, these
methods rely on sample-level label information of given pathologies,
contradicting the unsupervised setting. Moreover, their reliance on a
scalar variable for conditioning limits the capacity to capture complex
image characteristics. The authors [39] approach this challenge by
incorporating synthetic anomalies in two separate diffusion processes.
Their method involves feeding concatenated noised images (normal and
anomalously altered) into a denoising Unet. This approach relies on
synthetic defects that can be added to the input images. While effective
in industrial defect detection, as demonstrated on the MVTEC dataset,
this approach’s dependency on synthetic anomalies raises concerns

about its applicability to medical datasets. [40] propose an approach
to fuse information of a target image into the generation process. By
estimating and applying the same noise pattern to both the input and
target images, their model aims to minimize the variance between these
noised versions. While guiding the generation towards a target image,
this method results in the loss of input image information, as the same
noise is applied to the target image.

Our approach, detailed in the following sections, addresses these
limitations by introducing a simple conditioning mechanism applied to
the denoising Unet within DDPMs. In contrast to [37,38], we utilize
spatial conditioning information and rely on unlabeled data. Unlike the
proposed conditioning in [39], our approach does not rely on simulated
anomalies and we directly condition the denoising process without
the need for additional sub-networks. This direct conditioning of the
denoising process in the Unet diverges from [40]’s approach, ensuring
that valuable information from the target image is retained and utilized
effectively throughout the diffusion process.

3. Methods

In our proposed cDDPM we use an image encoder network and
embed the input image in a context vector 𝒄 ∈ R𝑑 to condition
the denoising Unet on meaningful features of the input image. Our
motivation is that the additional information in 𝒄 guides the generation
process towards consistent intensity characteristics across the input
image and its reconstruction. Hence, by introducing the context vector
𝒄 we aim to recover local intensity information lost during the forward
(noising) process of DDPMs. We utilize an image encoder with a dense
latent space to extract information regarding the coarse shape and
local intensity information of the noise-free input image. This latent
representation can then be used to condition the denoising process and
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supplement the individual context of the input image without providing
detailed pixel-wise information that could be used to perform a ‘copy
task’. A general depiction of our approach is shown in Fig. 1.

3.1. DDPMs

DDPMs are generative models that learn the underlying data distri-
bution of images 𝒙 ∈ R𝐻 ,𝑊 ,𝐶 with height 𝐻 , width 𝑊 and 𝐶 channels,
given a training set. Training of DDPMs consists of two steps. The
forward process, where an input image 𝒙0 is gradually transformed to
Gaussian noise 𝒙𝑇 = 𝝐 ∼  (𝟎, 𝐈) and the backward process, where
reversing the forward process is learned.

In the forward process, transforming 𝒙0 to 𝒙𝑇 follows a predefined
schedule 𝛽1,… , 𝛽𝑇 , where intermediate versions 𝒙𝑡 are derived as

𝒙𝑡 ∼ 𝑞(𝒙𝑡|𝒙0) =  (
√
𝛼̄𝑡𝒙0, (1 − 𝛼̄𝑡)𝐈),

with 𝛼̄𝑡 =
𝑡∏

𝑠=0
(1 − 𝛽𝑡).

The time step 𝑡 controls the amount of added noise and is sampled
from 𝑡 ∼ 𝑈 𝑛𝑖𝑓 𝑜𝑟𝑚(1,… , 𝑇 ). For edge cases, the image 𝒙𝑡 is transformed
to pure noise (𝑡 = 𝑇 ) or no transformation is applied (𝑡 = 0). In the
backward process, the reconstructed image 𝒙𝑟𝑒𝑐0 is recovered from 𝒙𝑡
by

𝒙𝑟𝑒𝑐0 ∼ 𝑝(𝒙𝑇 )
𝑇∏
𝑡=1

𝑝𝜃(𝒙𝑡−1|𝒙𝑡),

with 𝑝𝜃(𝒙𝑡−1|𝒙𝑡) =  (𝝁𝜃(𝒙𝑡, 𝑡),𝜮𝜃(𝒙𝑡, 𝑡)).
Here, following [13], 𝝁𝜃 is estimated by a Unet [41] with trainable
parameters 𝜃, and 𝜮𝜃(𝑡) = 𝜮(𝑡) = 1−𝛼𝑡−1

1−𝛼𝑡
𝛽𝑡𝐈 is fixed. Variational

inference is used to achieve a tractable loss function and the variational
lower bound (VLB) is derived as

𝑉 𝐿𝐵 = −𝑙 𝑜𝑔(𝑝𝜃(𝒙0))
+𝐷𝐾 𝐿(𝑞(𝒙1∶𝑇 |𝒙0)∥𝑝𝜃(𝒙1∶𝑇 |𝒙0)).
which can be reformulated to
𝑠𝑖𝑚𝑝𝑙 𝑒 = ‖𝝐 − 𝝐𝜃(𝒙𝑡, 𝑡)‖2

by applying simplifications and by conditioning the denoising step on
𝒙0, as shown in [13]. In our work, instead of predicting the noise 𝝐 we
perform the equivalent task of directly estimating 𝒙𝑟𝑒𝑐0 = 𝒙𝑡 − 𝝐. Hence,
we derive our loss function as

𝑟𝑒𝑐 = |𝒙0 − 𝒙𝑟𝑒𝑐0 |.
Typically, to generate new images with DDPMs, the backward step
is applied step-wise to gradually denoise a random noise vector. For
the given UAD task, we do not aim to generate new images but to
estimate healthy brain anatomy given an input image. Therefore, we
directly estimate 𝒙𝑟𝑒𝑐0 given 𝒙𝑡 at test time as it is done in [16]. The
time step 𝑡𝑡𝑒𝑠𝑡 < 𝑇 controls the level of noise to remove from 𝒙𝑡 at test
time. Optionally, to become agnostic to the noise magnitude, we use
an ensemble of different values 𝑡𝑡𝑒𝑠𝑡 = [250, 500, 750] and average the
reconstructions of each noise level, similar to [32].

3.2. Conditioned DDPMs (cDDPMs)

A general depiction of our conditioning approach is provided in
Fig. 1. Formally, we condition the backward process of DDPMs on a
context vector 𝒄 as follows

𝒙𝑟𝑒𝑐0 ∼ 𝑝(𝒙𝑇 )
𝑇∏
𝑡=1

𝑝𝜃(𝒙𝑡−1|𝒙𝑡, 𝒄),

with 𝑝𝜃(𝒙𝑡−1|𝒙𝑡, 𝒄) =  (𝝁𝜃(𝒙𝑡, 𝑡, 𝒄),𝜮(𝑡)).

We use an image encoder 𝐹𝑒𝑛𝑐 to achieve a latent representation 𝒄 =
𝐹𝑒𝑛𝑐 (𝒙0) of the input image 𝒙0 where 𝒄 ∈ R𝑑 with 𝑑 as conditioning

dimension.
To integrate the context vector 𝒄, we manipulate the denoising

Unet of the DDPM. Therefore, we individually adapt the features 𝒇 𝑖 ∈
R𝐻𝑖 ,𝑊𝑖 ,𝐶𝑖 at each level of the denoising Unet based on 𝒄 where 𝐻𝑖,
𝑊𝑖 and 𝐶𝑖 are the respective feature map dimensions. To achieve this,
we adapt the time step conditioning of DDPMs as follows. First, the
time step is encoded using a sinusoidal position embedding. Next, 𝑡
is projected to a vector 𝒄𝑡 ∈ R𝑑 by a multi-layer perceptron (MLP I).
Subsequently, we concatenate the context vector 𝒄 and the time step
vector 𝒄𝑡, resulting in a conditioning vector 𝒄′ ∈ R2⋅𝑑 . Finally, 𝒄′ is
projected to 𝒄′𝑝𝑟𝑜𝑗 ∈ R2⋅𝐶𝑖 by another multi-layer perceptron (MLP II)
at each feature level 𝑖. The vector 𝒄′𝑝𝑟𝑜𝑗 is then split into half, where
the first and last 𝐶𝑖 elements resemble the scaling factor 𝛾 and the
shift value 𝛽. Inspired by [42], the variables 𝛾 and 𝛽 are used to
transform the individual feature maps as 𝒇 ′

𝑖 = 𝒇 𝑖 ∗ (𝛾 + 1) + 𝛽 in
each residual block. This transformation adaptively scales and shifts
the feature maps at each level of the denoising UNet, based on the
context vector 𝒄 = 𝐹𝑒𝑛𝑐 (𝒙0), which encodes relevant information from
the input image. The purpose of this transformation is to allow the
model to dynamically adjust feature representations in response to both
the image features and the conditioning information. By modulating the
feature maps through context-based scaling and shifting, the model can
more effectively preserve critical details of the clean target image while
denoising the noisy input.

Optionally, to achieve a meaningful starting point for the calcu-
lation of the context vector 𝒄 = 𝐹𝑒𝑛𝑐 (𝒙0), we pre-train the feature
extraction of the image encoder 𝐹𝑒𝑛𝑐 which is described in the next
section.

3.3. Pre-training

We utilize a generative pre-training strategy for 𝐹𝑒𝑛𝑐 . More precisely,
we utilize masked pre-training where typically transformer-based AEs
are trained to reconstruct an image where a significant fraction of
patches are masked out [43]. We adopt the SparK framework [44],
where sparse convolutions and hierarchical features are used to enable
the masked pre-training for CNNs. We pre-train the encoder with the
same healthy training set as the main training task to learn the general
feature representations required to capture important information from
the MRI scans. After the pre-training stage, we discard the decoder and
only use 𝐹𝑒𝑛𝑐 and fine-tune it along with the denoising Unet during
the main training stage of the cDDPM. A schematic description of the
pre-training stage is provided in Fig. 2.

4. Experimental setup

4.1. Data sets

Following the principle of UAD, we train our models for the re-
construction task on healthy data only (IXI). At test time, we evaluate
the models’ anomaly detection ability on unhealthy test sets of various
pathologies (BraTS21, ATLAS, MSLUB, WMH). We provide an overview
of all available MRI scanner details for the different data sets in Table
5.

4.1.1. Training data
We use the publicly available IXI data set1 as our healthy reference

data set for training. This data set includes 560 3D brain MRI scans
collected from three medical facilities. Of the training data, 158 sam-
ples are set aside for testing, while the remaining data is divided into 5
folds, each containing 358 training samples and 44 validation samples
for cross-validation.

Note that only the healthy training and validation data is used
during pre-training and training stage.

1 https://brain-development.org/ixi-dataset/
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Fig. 2. Overview of the pre-training strategy. Random patches are erased from the
input image. 𝐹𝑒𝑛𝑐 is used to derive a latent representation and 𝐹𝑑 𝑒𝑐 is used to reconstruct
the removed patches. After pre-training, the encoder 𝐹𝑒𝑛𝑐 is then fine-tuned along with
the DDPM in the main training stage to condition the denoising process.

4.1.2. Evaluation data
For evaluation, we utilize four different publicly available data

sets that contain different types of pathologies and the corresponding
manual expert annotations:

1. Multimodal Brain Tumor Segmentation Challenge 2021 (BraTS21)
[45–47]

2. Multiple Sclerosis data set from the University Hospital of Ljubl-
jana (MSLUB) [48]

3. Anatomical Tracings of Lesions After Stroke v2.0 (ATLAS) [49]
4. White Matter Hyperintensity (WMH) [50]

The BraTS21 data set includes 2040 3D brain routine MRI scans of
patients with glioma with a pathologically confirmed diagnosis. Accom-
panying the MRI scans, annotations from expert neuroradiologists are
provided for 1251 scans that delineate tumor sub-regions as categorical
masks. We fuse all sub-regions to obtain a binary segmentation mask
to evaluate the anomaly detection task. All scans are available as T1-
weighted volumes with and without contrast enhancement (T1-CE, T1)
and T2-weighted or T2 fluid-attenuated inversion recovery (T2, FLAIR)
volumes. The MSLUB data set includes 3D brain MRI scans of 30
patients with multiple sclerosis (MS) lesions. For each patient, along
with the T1, T2 and FLAIR MRI scans, ground truth annotations are
available derived based on multi-rater consensus. The ATLAS data set
consists of 655 T1-weighted MRI scans of stroke patients collected from
44 research cohorts. The stroke lesions are annotated by domain ex-
perts and binary segmentation masks are provided. The WMH data set
consists of 60 MRI scans of patients with white matter hyperintensities
from three different institutions and scanner types. WMH segmentation
masks are derived from the consensus of two expert radiologists. The

datasets contain images acquired with different MRI parameters. While
BraTS21 and MSLUB include T1, T2, and FLAIR data, WMH contains
only T1 and FLAIR data, and ATLAS only T1 data. The IXI data set
used for training contains T1 and T2 data. Hence, we train the models
separately on T1 and T2 data, and evaluate on the respective data sets.

4.2. Pre-processing

We pre-process the images according to established pre-processing
strategies for UAD in brain MRI [9]. First, we resample all MRI scans
to the isotropic resolution of 1 mm × 1 mm × 1 mm using cubic spline
interpolation. Second, we register all MRI scans to the SRI24-Atlas.
Third, we remove the skull from the MRI scans by skull stripping
with HD-BET [51]. Subsequently, we crop each brain scan using its
corresponding brain mask, removing unnecessary background while
preserving relevant brain tissue. We then apply N4 bias field correc-
tion [52]. To standardize image sizes, we identify the largest brain
volume in our dataset, add a safety margin, and pad all images to
a unified size of 192 × 192 × 160. Finally, to save computational
resources, we reduce volume resolution by a factor of two and remove
the 15 top and bottom slices parallel to the transverse plane, leading
to a final resolution of 96 × 96 × 50 voxels.

4.3. Post-processing

At test time, we derive a binary segmentation map from the residual
map 𝑹 = |𝒙0 − 𝒙𝑟𝑒𝑐0 | where regions of high residuals indicate anomalies.
To binarize 𝑹, we first apply the following post-processing steps that
are commonly used in the field of UAD in brain MRI [9,10,16,24].
First, a median filter with a kernel size of 𝐾 = 5 × 5 × 5 is applied to
smooth the residual map and to remove false positives. Subsequently,
we perform brain mask eroding for 3 iterations. This step is mainly
applied to filter out residuals due to poor reconstructions at sharp edges
near the brain mask [9]. After binarization, we use connected com-
ponent filtering to remove areas that include less than 7 voxels. This
post-processing step removes false-positive predictions smaller than the
anomalies considered in this study. In the supplemental material, we
systematically compare the post-processing strategies for each data set.

4.4. Implementation details

This study compares our proposed cDDPM method with multiple
established baselines for UAD in brain MRI. The baselines include AE,
VAE [9], SVAE [26], Reverse Anomaly RA [27], PHANES [31] and
denoising AEs DAE [10]. We also compare with simple thresholding
Thresh [53]. Furthermore, we compare the feature-based reverse distil-
lation method RD [21], Feature-Autoencoders FAE [20], the Encoder–
Decoder Contrast method EDC [54] and the self-supervised Poisson
Image Interpolation PII [55]. For a direct comparison, we also include
DDPM [15] and patched DDPMs pDDPM [16] as a counterpart to our
proposed method.

We adapt the baseline implementations by tuning hyper-parameters
based on the validation set to improve training stability and perfor-
mance. We set 𝛽𝑉 𝐴𝐸 to 0.001 for VAE and SVAE. For EDC, we use a lr
of 1e−5 and 5e−5 for the encoder and decoder, respectively. RA and
PHANES are trained with 𝛽𝑟𝑒𝑐 = 16 for the Soft-Intro VAE. For PHANES,
we use a masking threshold of 0.15 and 0.10 for training and testing,
respectively.

For DDPM, pDDPM and cDDPM, we use structured simplex noise,
which has been shown to improve the UAD performance on MRI
images [15]. Furthermore, we uniformly sample 𝑡 ∈ [1, 𝑇 ] with 𝑇 =
1000 during training. At test time, we either use a fixed value of 𝑡𝑡𝑒𝑠𝑡 =
𝑇
2 = 500 or an ensemble of different values 𝑡𝑡𝑒𝑠𝑡 = [250, 500, 750] and
average the individual reconstructions of each noise level. The denois-
ing network for all DDPM-based approaches is an Unet similar to [34],
with channel dimensions of [128, 256, 256]. As encoder network 𝐹𝑒𝑛𝑐 ,

Computers in Biology and Medicine 186 (2025) 109660 

5 



F. Behrendt et al.

we utilize a ResNet-backbone with a fully connected layer to match the
target dimension of 𝒄 ∈ R𝑑 with 𝑑 = 128 as conditioning dimension. We
evaluated several conditioning dimensions, 𝑑 ∈ {32, 64, 128, 256, 512},
and observed that the model achieved optimal performance when 𝑑 =
128. A mask-out ratio of 65% is used during pre-training. For data
augmentation, we utilize random -blur (p = 0.25), -bias (p = 0.25),
-gamma (p = 0.5) and -ghosting (p = 0.5) from the torchio library [56].
We train for a maximum of 1600 epochs on NVIDIA V100 (32 GB)
GPUs, using Adam as an optimizer, a learning rate of 1𝑒− 4, and a batch
size of 32. The best model checkpoint, as determined by performance
on the validation set, is used for testing. The volumes are processed
slice-wise, uniformly sampling slices with replacement during training
and iterating over all slices to reconstruct the full volume at test time.
We implement all models in Pytorch (v0.10).

4.5. Experiments and evaluation

We conduct various experiments to assess the individual features
of our proposed cDDPMs. First, we evaluate the reconstruction quality
for both healthy and unhealthy structures. Second, we investigate the
generalization to real and simulated domain shifts between the training
and test data. Lastly, we assess the final segmentation performance.
For all experiments, we compare our cDDPMs to established baseline
models on different data sets. The following subsections provide the
detailed experimental settings for each individual evaluation.

4.5.1. Reconstruction quality
To evaluate the overall reconstruction quality, we utilize the held-

out test set of the healthy IXI data set and calculate similarity metrics
between input and reconstruction. We consider the Structural Sim-
ilarity Index Measure (SSIM) [57], the Peak Signal To Noise Ratio
(PSNR) and the Learned Perceptual Image Patch Similarity (LPIPS)
as metrics to assess the reconstruction quality. For the feature-based
LPIPs metric [58], features are extracted by a ResNet-based network,
pre-trained on 3D medical data [59]. Furthermore, we report the
reconstruction error (𝑙1-error) for the healthy data set. For UAD, only
healthy anatomy should be reconstructed. Hence, it is interesting to
consider the 𝑙1-error of healthy and unhealthy anatomy separately,
given the unhealthy evaluation data sets. Therefore, we calculate the
𝑙1-error for both healthy and unhealthy anatomy, as indicated by the
annotation masks and calculate an 𝑙1-ratio as follows:

𝑙1-ratio =
𝑙1𝑢𝑛ℎ𝑒𝑎𝑙 𝑡ℎ𝑦
𝑙1ℎ𝑒𝑎𝑙 𝑡ℎ𝑦

.

A higher value for the 𝑙1-ratio indicates that the model successfully
reconstructs the healthy anatomy while struggling to reconstruct the
unhealthy parts of the input, and vice versa.

4.5.2. Domain adaptation and intensity alignment
We investigate our proposed approach’s generalization to domain

shifts and the capability of adequately reconstructing the local intensity
patterns of a given input image. We utilize data sets from different do-
mains. For training, we utilize in-domain data from the IXI data set. As
out-of-domain data, we utilize the BraTS21 data set. Notably, we only
consider the content of the BraTS21 data set that is marked as healthy
by the provided annotation masks, thereby ensuring the evaluation of
domain shifts regarding scanner and brain diversity, not domain shifts
arising from unhealthy brain MRI structures. Furthermore, we simulate
different contrast levels ranging from 𝑐 𝑙 ∈ [0.3, 0.7, 1.0, 1.5, 2.0]. The
images of different contrast levels are derived by potentiating the gray
values by the respective contrast level, i.e., 𝒙𝑐 𝑙=20 = 𝒙20. To evaluate
the effect of the conditioning mechanism, we utilize the IXI data set
and simulate different levels of conditioning information to investi-
gate the reconstructions qualitatively. Therefore, we alter the available
information in the image fed to the image encoder to condition the
cDDPM. To achieve this, we crop the conditioning image at a given

width of 50% and 100% where 100% indicates that the entire input
image is used as the conditioning image. In addition to the qualitative
evaluation of reconstructed, simulated data, we quantitatively assess
the domain shift across input and reconstruction by comparing their
intensity histograms. Therefore, we first calculate and plot the his-
tograms. We partition the intensity values into 500 bins and divide
the raw count by the total number of counts and the bin width. For a
quantitative analysis of the distance between the intensity distributions,
we calculate the Kullback–Leibler Divergence (KLD) as follows:

KLD =

[
−
∑
𝑖
𝑝𝑖𝑛𝑝𝑢𝑡 log(𝑝𝑖𝑛𝑝𝑢𝑡)

]
−

[
−
∑
𝑖
𝑝𝑟𝑒𝑐 𝑜𝑛𝑠𝑡𝑟𝑢𝑐 𝑡𝑖𝑜𝑛 log(𝑝𝑟𝑒𝑐 𝑜𝑛𝑠𝑡𝑟𝑢𝑐 𝑡𝑖𝑜𝑛)

]

where 𝑝 = [𝑝1, 𝑝2,… , 𝑝𝑛] represents each intensity distribution.

4.5.3. Segmentation performance
To assess the segmentation performance for the UAD task, we utilize

all unhealthy test sets and consider two different segmentation metrics.
First, we report the best possible Dice score (⌈DICE ⌉). The formula for
the Dice score is given by:

DICE = 2 ⋅ |𝐴 ∩ 𝐵|
|𝐴| + |𝐵|

where 𝐴 and 𝐵 are the predicted anomaly map and the ground truth
annotation, respectively. The best possible ⌈DICE ⌉ is estimated by a
greedy search of the threshold that optimizes the Dice score, similar
to [60].

Second, we calculate the Area Under Precision–Recall Curve (AUPRC)
as follows:

AUPRC =
∑
𝑟
(𝑅(𝑟) − 𝑅(𝑟 − 1)) ⋅ 𝑃 (𝑟).

Here, 𝑅(𝑟) represents the recall at a given threshold or rank 𝑟, and 𝑃 (𝑟)
represents the precision at the corresponding recall 𝑅(𝑟). The sum is
taken over all thresholds or ranks 𝑟 at which the precision and recall
are computed.

4.5.4. Statistical testing
To conduct significance tests, we utilize the MLXtend library’s per-

mutation test [61] with 10,000 rounds of permutations and a signif-
icance level of 𝛼 = 5%. This test computes the mean difference of
the considered scores of two models for each permutation, and the
resulting 𝑝-value is computed by counting the number of times the
mean differences were equal to or greater than the sample differences,
divided by the total number of permutations.

5. Results

We first compare the overall reconstruction quality of healthy and
unhealthy structures. Second, we evaluate the domain adaptation prop-
erties of our approach and investigate the effect of our conditioning
mechanism. Lastly, we evaluate the segmentation performance for dif-
ferent data sets, comparing our approach to established state-of-the-art
UAD methods.

5.1. Reconstruction quality

In Table 1 we compare baseline models regarding their ability to
reconstruct the healthy anatomy, given the held-out test set of the
IXI data set. Overall, DAEs, pDDPMs and cDDPMs show high per-
formance regarding the image-based similarity metrics. In contrast,
lower reconstruction quality is reported for the dense autoencoder-
based baselines. Comparing the DDPM-based approaches, both pDDPM
and cDDPM outperform the baseline DDPM in terms of reconstruction
quality with statistical significance (𝑝 < 0.05). We also analyze the
unhealthy-to-healthy error ratio (𝑙1-ratio) based on the unhealthy test
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Table 1
Comparison of the reconstruction quality of the different models with the best results highlighted in bold. The asterisk * denotes superior performance with statistical significance
compared to all other models (𝑝 < 0.05). For all metrics, the mean ± standard deviation across the different folds are reported. The arrows ↑ and ↓ indicate that higher and lower
values are favorable, respectively. The 𝑙1-ratio is derived by dividing the 𝑙1-error of unhealthy anatomy by the 𝑙1-error of healthy anatomy. DDPM-based models are evaluated by
ensembling different values for 𝑡𝑡𝑒𝑠𝑡 = [250, 500, 750].

Model IXI (T2) BraTS21 (T2) MSLUB (T2) ATLAS (T1) WMH (T1)

SSIM ↑ PSNR ↑ LPIPS (e-3) ↓ 𝑙1−er r or (e-3) ↓ 𝑙1−r at io ↑ 𝑙1−r at io ↑ 𝑙−r at io ↑ 𝑙1−r at io ↑

VAE [9] 74.98 ± 0.54 23.38 ± 0.14 4.03 ± 0.50 32.32 ± 0.64 3.52 ± 0.08 2.92 ± 0.06 4.43 ± 0.03 2.36 ± 0.04
SVAE [26] 77.87 ± 0.15 23.94 ± 0.06 3.31 ± 0.24 29.08 ± 0.16 3.90 ± 0.05 3.13 ± 0.05 3.38 ± 0.11 2.07 ± 0.01
AE [9] 76.11 ± 0.27 23.41 ± 0.14 3.19 ± 0.54 31.67 ± 0.41 3.84 ± 0.17 3.26 ± 0.18 4.40 ± 0.07 2.36 ± 0.04
RA [27] 75.46 ± 0.35 23.92 ± 0.23 2.18 ± 0.41 34.36 ± 1.43 3.10 ± 0.16 2.56 ± 0.11 3.93 ± 0.25 2.42 ± 0.19
PHANES [31] 69.04 ± 1.23 21.39 ± 0.32 1.08 ± 0.09 38.70 ± 1.74 3.54 ± 0.13 2.73 ± 0.07 4.01 ± 0.07 2.20 ± 0.05
DAE [10] 98.69 ± 0.15* 36.69 ± 0.38* 0.14 ± 0.01 8.14 ± 0.17* 7.17 ± 0.63 2.69 ± 0.15 4.51 ± 0.15 2.99 ± 0.14

DDPM [15] 93.96 ± 0.37 31.79 ± 0.26 0.49 ± 0.14 14.29 ± 0.32 6.16 ± 0.53 3.37 ± 0.24 5.00 ± 0.23 3.16 ± 0.15
pDDPM [16] 96.62 ± 0.25 34.58 ± 0.39 0.09 ± 0.04* 9.70 ± 0.43 7.16 ± 0.15 4.34 ± 0.13 5.58 ± 0.28 3.00 ± 0.16
cDDPM (Ours) 96.80 ± 0.19 34.87 ± 0.23 0.11 ± 0.05 9.68 ± 0.16 7.43 ± 0.17 4.49 ± 0.18 5.69 ± 0.27 3.12 ± 0.08

Fig. 3. Simulating the conditioning effect of the cDDPM for 50% of noise and 100% noise in the input image. In the first block, the input image that is fed to the DDPM or
cDDPM is shown. In the second block, the reconstructions of cDDPM for different conditioning inputs are shown when a noise level of 50% is applied. In the third block, the
reconstructions of cDDPMs and DDPMs are compared at a noise level of 100%. From top to bottom, the contrast level of the conditioning and input image is increased, respectively,
for all columns.

sets. Generally, a higher 𝑙1-ratio is preferable as this indicates that the
model successfully reconstructs the healthy anatomy without replicat-
ing the unhealthy parts of the input. Overall, the 𝑙1-ratio is highest
for cDDPM across almost all data sets, except for the WMH, where
DDPM shows competitive performance. While the 𝑙1-ratio of DAEs is
high for the BraTS data set, it is substantially lower for all other data
sets, indicating limited generalization. Additional results on the 𝑙1-error
for all datasets are presented in Table 4 in the supplementary material.

5.2. Conditioning effect

To evaluate the effect the additional conditioning input has on
individual reconstructions, we simulate different conditioning inputs,
varying in the amount of used image information. Furthermore, we
apply artificial contrast levels for the input images to mimic domain
shifts. For each conditioning input and contrast level, we provide the

reconstructions generated by cDDPMs in Fig. 3 for a noise level of
𝑡𝑡𝑒𝑠𝑡 = 500 (50%). Moreover, we compare the reconstruction of DDPMs
and cDDPMs in the extreme case of pure noise as input (𝑡𝑡𝑒𝑠𝑡 = 𝑇 =
1000 (100%)). From Fig. 3, it becomes evident that the overall shape
of the brain to reconstruct is preserved across the different (masked)
conditioning images. However, the local intensity information in the
reconstruction is only captured at regions covered in the conditioning
image. In the extreme case of a noise level of 100%, the reconstructions
of cDDPMs still coarsely follow the intensity distribution provided by
the conditioning image, leading to a blurry reconstruction of the input
image. In contrast, for unconditioned DDPMs, only a generic recon-
struction that shares low similarity with the given input image can be
obtained. Therefore, the conditioning mechanism primarily guides the
generation process of cDDPMs to maintain local intensity distributions
of the input image while detailed structural information is not captured.
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Fig. 4. Comparison of the histograms for input-reconstruction pairs of the healthy IXI (left) and the unhealthy BraTS21 (right) data set with original and augmented contrast. The
top row shows the baseline DDPM without conditioning and the bottom row our proposed cDDPM with conditioning. The Kullback–Leibler divergence (KLD) for both histograms
is indicated within each plot (lower values are preferable). Both models are evaluated by ensembling different values for 𝑡𝑡𝑒𝑠𝑡 = [250, 500, 750].

Table 2
Comparison of the evaluated models with the best results highlighted in bold. The asterisk * denotes superior performance with statistical significance compared to all other models
(𝑝 < 0.05). For all metrics, the mean ± standard deviation across the different folds are reported. A checkmark at SSL denotes that a pre-trained encoder is used. A checkmark at
ENS denotes the ensembling of different values for 𝑡𝑡𝑒𝑠𝑡 = [250, 500, 750]. Otherwise, a fixed value of 𝑡𝑡𝑒𝑠𝑡 = 500 is used for DDPM-based models.

Model Modification BraTS21 (T2) MSLUB (T2) ATLAS (T1) WMH (T1)

ENS SSL ⌈DICE⌉ [%] AUPRC [%] ⌈DICE⌉ [%] AUPRC [%] ⌈DICE⌉ [%] AUPRC [%] ⌈DICE⌉ [%] AUPRC [%]

Thresh [53] 30.26 20.27 7.65 4.23 4.66 1.71 10.32 4.72
VAE [9] 33.12 ± 1.12 25.74 ± 1.37 8.10 ± 0.18 4.48 ± 0.18 15.63 ± 0.73 11.44 ± 0.5 7.60 ± 0.28 3.86 ± 0.40
SVAE [26] 36.43 ± 0.36 30.3 ± 0.45 8.55 ± 0.11 4.8 ± 0.09 10.32 ± 0.53 6.84 ± 0.44 7.18 ± 0.07 2.97 ± 0.06
AE [9] 36.04 ± 1.73 28.8 ± 1.72 9.65 ± 0.97 5.71 ± 0.80 14.04 ± 0.6 10.16 ± 0.53 7.34 ± 0.08 3.43 ± 0.14
DAE [10] 48.82 ± 3.68 49.38 ± 4.18 7.57 ± 0.61 4.47 ± 0.69 15.95 ± 0.69 13.37 ± 0.62 12.02 ± 1.01 8.54 ± 1.02
RA [27] 16.75 ± 0.51 9.98 ± 0.43 3.96 ± 0.03 1.92 ± 0.04 12.21 ± 0.98 8.75 ± 0.93 6.04 ± 0.45 3.15 ± 0.31
PHANES [31] 28.42 ± 0.91 21.29 ± 1.06 6.11 ± 0.27 2.98 ± 0.07 17.62 ± 0.41 13.81 ± 0.48 7.55 ± 0.17 3.87 ± 0.13
RD [21] 32.57 ± 0.15 27.11 ± 0.15 6.48 ± 0.20 3.32 ± 0.06 19.69 ± 0.26 15.51 ± 0.20 7.48 ± 0.10 3.89 ± 0.07
FAE [20] 44.59 ± 2.19 43.63 ± 0.47 6.85 ± 0.65 3.85 ± 0.08 17.76 ± 0.16 13.91 ± 0.10 8.81 ± 0.38 4.77 ± 0.26
EDC [54] 36.66 ± 3.03 30.47 ± 4.25 7.23 ± 0.29 3.88 ± 0.4 18.67 ± 1.02 14.34 ± 0.86 8.62 ± 0.47 4.67 ± 0.37
PII [55] 40.83 ± 2.18 36.52 ± 2.66 9.46 ± 0.43 5.22 ± 0.37 9.73 ± 1.89 7.31 ± 1.64 6.59 ± 1.87 3.36 ± 1.03

DDPM [15] 49.43 ± 1.94 50.00 ± 2.13 9.63 ± 1.33 6.81 ± 1.54 17.57 ± 1.05 15.64 ± 0.90 11.56 ± 0.93 8.65 ± 0.87
DDPM [15] ✓ 50.27 ± 2.67 50.61 ± 2.92 9.71 ± 1.29 6.27 ± 1.58 20.18 ± 0.58 17.77 ± 0.47 12.06 ± 0.97 8.89 ± 0.89
pDDPM [16] 53.25 ± 0.50 54.73 ± 0.52 12.40 ± 0.36 10.14 ± 0.44 19.20 ± 0.45 17.31 ± 0.34 10.14 ± 0.50 7.78 ± 0.56
pDDPM [16] ✓ 53.61 ± 0.51 55.08 ± 0.54 12.83 ± 0.40 10.02 ± 0.36 19.92 ± 0.24 17.84 ± 0.10 10.13 ± 0.53 7.52 ± 0.56

cDDPM (Ours) 54.49 ± 1.63 56.81 ± 1.96 12.79 ± 1.08 10.07 ± 1.07 22.6 ± 1.67 20.65 ± 1.52 11.21 ± 0.54 9.05 ± 0.56
cDDPM (Ours) ✓ 55.67 ± 1.05 58.14 ± 1.28 13.52 ± 0.91 10.89 ± 1.08 22.66 ± 1.20 20.85 ± 1.28 11.15 ± 0.8 9.03 ± 0.90
cDDPM (Ours) ✓ ✓ 56.30 ± 1.25* 58.82 ± 1.56* 14.04 ± 1.16 10.97 ± 1.17 24.22 ± 1.10* 22.22 ± 1.15* 11.59 ± 0.93 9.26 ± 1.07

5.3. Domain adaptation

To evaluate the domain adaptation to different data sets, we con-
sider the healthy IXI data set as an in-domain data set and the unhealthy
BraTS21 data set as an out-of-domain one. Note that for the BraTS21
data set, we only consider regions annotated as healthy. Thereby, we
ensure the evaluation of domain shifts regarding scanner and brain di-
versity, not domain shifts arising from unhealthy brain MRI structures.
In Fig. 4, we provide the histograms of input and reconstructions of the
healthy IXI data set (left) and the unhealthy BraTS21 data set (right).
We observe that DDPMs show substantial discrepancies across input
and reconstruction intensity distributions. Particularly for simulated
contrast levels, the histograms deviate. In contrast, the intensity distri-
bution of images reconstructed by cDDPMs exhibits higher similarities
with the input intensity distribution for in- and out-of-domain data.
Compared to DDPMs, cDDPMs decrease the KLD by a factor of 2.3, 4.0
and 17.0 across the contrast factors, respectively, considering the IXI
data set.

5.4. Segmentation performance

We report the segmentation performance in Table 2 considering all
unhealthy test sets. For cDDPMs, improved performance is reported
compared to all baselines across all data sets, except for the WMH
data set, where the performance is on par with DDPMs. While the im-
provements for the cDDPM are statistically significant for the BraTS21
and ATLAS data sets (𝑝 < 0.05), no significant difference can be
observed for the MSLUB and WMH data sets. Furthermore, we report
enhanced performance of cDDPMs when pre-training the encoder (SSL
checkmark in Table 2) and ensembling the reconstructions of different
noise levels (ENS checkmark in Table 2) for most data sets. Notably, the
inference time of cDDPMs is reduced by ∼ 37% compared to pDDPMs
and increased by ∼ 2% compared to DDPMs.

The reconstruction-based AEs, (S)VAEs, RA and PHANES as well as
the self-supervised PII and the feature-based EDC are outperformed
by a margin when compared to DDPM-based approaches. While the
feature-based methods RD and FAE and the reconstruction-based DAEs
show competitive performance considering individual data sets, limited
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Fig. 5. Exemplary reconstructions and anomaly maps for DDPMs (second row) and cDDPMs (third row). The input and the corresponding ground truth annotation are provided in
the first row. For each case, the reconstruction, the anomaly map and the histograms of intensity values in input and reconstruction are shown. Note that for histogram calculation,
only healthy areas are considered. For visualization purposes, we provide segmentation maps next to the anomaly maps. We derive the binarization threshold by optimizing for
the best possible dice score.

Fig. 6. Comparison of different noise levels t𝑡𝑒𝑠𝑡 regarding the AUPRC. Top row: MSLUB (left) and BraTS21 (right) data sets. Bottom row: ATLAS (left) and WMH data set. The
superscript 𝑒𝑛𝑠 denotes the ensembling of reconstructions from different noise levels 𝑡𝑡𝑒𝑠𝑡 in [250, 500, 750].

generalization across all evaluated data sets is shown. For a qualitative
assessment of the conditioning mechanism, we provide reconstructions
and the corresponding anomaly maps in Fig. 5, comparing uncondi-
tioned DDPMs to cDDPMs. cDDPMs provide accurate reconstructions
of the target image with aligned intensity distributions across input
and reconstructions. In contrast, the reconstruction of DDPMs shows
less details with a slight intensity shift. Hence, the anomaly map of
cDDPMs shows a higher contrast across normal and abnormal regions,
which facilitates the delineation of the present pathology.

In Fig. 6 we provide an ablation study considering different noise
levels applied during the diffusion process at test time. The achieved

AUPRC score is dependent on the noise level. Applying the ensembling
strategy reduces this dependency and achieves consistent performance
without specifying an individual noise level.

We supply a collection of exemplary residual maps for different
baseline methods in Fig. 7. Compared to the baselines, our proposed
cDDPM demonstrates the low occurrences of false positives and a
pronounced contrast in the residual maps. This observation is further
supported by Figure 8 in the supplementary material.

Additionally, we include ablation studies on the applied post-
processing steps in the supplementary material.
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6. Discussion

UAD in brain MRI has gained significant attention due to its poten-
tial to identify abnormalities without costly data annotation. Compared
to supervised approaches that rely on annotated data sets, UAD meth-
ods take a different approach by learning the underlying data distri-
bution of healthy brain anatomy and identifying anomalies as outliers.
This is a crucial property for screening tasks, where any pathology has
to be detected, even if it is not represented in an annotated training set.

In this study, we focus on reconstruction-based UAD with DDPMs.
DDPMs generate images by reconstructing an input corrupted by noise,
leveraging the high-dimensional latent space to achieve high-fidelity
reconstructions of fine-grained structures. However, we show that the
forward and backward processes of DDPMs do not sufficiently capture
the highly variable intensity characteristics of MRI scans. This results
in differences between input and reconstructions that are difficult to
distinguish from differences that arise from actual pathologies. This
limitation becomes especially prominent in the presence of domain
shifts at test time.

To address this challenge, we propose conditioned DDPMs (cD-
DPMs) for UAD in brain MRI. We train a DDPM to reconstruct healthy
brain anatomy and condition the denoising process by a latent feature
representation of the input image derived by an additional image
encoder. While the additional dense feature representation can capture
local intensity information of the image to reconstruct, it is unsuitable
for the reconstruction of detailed structures [9,27]. This is important,
as providing detailed structural information of the unhealthy input
image could lead to copying abnormal structures, which would pre-
vent the detection of pathologies. As demonstrated in our results, our
approach facilitates the effective utilization of the conditioning signal,
contributing to improved reconstructions that adapt locally to the
input intensity distribution. Therefore, we observe enhanced domain
adaptation capabilities to both real and simulated intensity profiles
with our conditioning mechanism. Moreover, our results indicate that
the additional conditioning signal does not support the replication of
unhealthy structures. Finally, these individual features of our approach
lead to an improved segmentation performance across various data sets.

In the following, we systematically evaluate our approach regarding
reconstruction quality, domain adaptation, and segmentation perfor-
mance based on five different data sets.

6.1. Reconstruction quality

We compare the reconstruction quality of our method with baseline
models on the healthy IXI data set in Table 1. For the AE and (S)VAE,
overall the worst reconstruction quality is reported. A reason for this
is seen in the strict bottleneck enforced by the dense latent space as it
inhibits information flow [9]. In contrast, methods like DAE or DDPMs
that are not constrained by a dense latent space but by a denoising
task [10] show improved reconstruction performance. While pDDPMs
and cDDPMs outperform the baseline DDPM in terms of reconstruction
quality, we observe that all models are outperformed by the DAE. We
note that the overall training objective of the compared generative
models is to reconstruct the image with high accuracy and copying
the input image would be a trivial solution. However, for the UAD
task, it is crucial that the given input image is not solely copied but
that pseudo-healthy representatives replace unhealthy anatomy. Hence,
comparing only the reconstruction quality of healthy anatomy does
not necessarily reflect the usefulness of the UAD task. Therefore, we
utilize the 𝑙1-ratio where high values indicate a better trade-off between
the reconstruction of healthy and unhealthy anatomy and vice-versa.
While DDPMs and particularly the cDDPM achieve a high 𝑙1-ratio,
across all unhealthy data sets, it becomes evident that the DAE fails
to generalize to different pathology types, a crucial property of UAD
methods. A reason for that is seen in the chosen noise type in DAE
that mimics the visual appearance of tumors [27,60]. In summary, the

cDDPM shows improved reconstruction quality compared to DDPMs
while preserving a high 𝑙1-ratio. We conclude that the conditioning
mechanism effectively captures intensity information from the input
image for an improved reconstruction without providing too much
detailed structural information that would enable the cDDPM to solely
copy the input image.

6.2. Domain adaptation

We evaluate the domain adaptation capabilities of cDDPMs by sim-
ulating different contrast levels and conditioning inputs in Fig. 3. The
reconstructions show that while the overall shape is preserved across
different conditioning masks, meaningful reconstructions are achieved
only in regions covered by the conditioning image. Particularly, the
conditioning image is critical in capturing local intensity information,
demonstrating the ability of cDDPMs to adapt to different contrast
levels and effectively capture intensity information. This becomes even
more evident when high noise levels are considered (100%), where the
only source of information concerning the given input image is the con-
ditioning image. Here, the reconstruction becomes totally dependent
on the shape and intensity characteristics of the conditioning image.
The conditioning facilitates a blurred reconstruction of prominent local
intensity changes. This indicates that the dense latent representation
used for conditioning guides the reconstruction with local intensity
details from the input image, while detailed structural information is
not captured. Similar results are reported in the literature comparing
AE architectures with dense and spatial latent spaces [9]. Furthermore,
these findings indicate that cDDPMs effectively learn to balance in-
formation from the noisy input image and the conditioning encoder
features during training, adapting according to the input’s noise level.

We explore the domain adaptation capabilities of cDDPMs in real-
world scenarios where a different, out-of-domain data set is used for
testing. To assess the domain adaptation ability, we investigate the
deviation between the intensity distributions of the input and recon-
struction by plotting histograms and calculating the Kullback–Leibler
Divergence (KLD) as a proxy in Fig. 4. Our results show that cDDPMs
exhibit improved performance in capturing and estimating the intensity
distribution. Particularly when simulating contrast levels considerably
different from the training distribution, cDDPMs demonstrate supe-
rior alignment of the histograms and lower KLD values compared to
unconditioned DDPMs. This analysis highlights the potential of the
conditioning mechanism in cDDPMs to effectively adapt to unseen
variations in intensity profiles and improve the coherence between
input and reconstruction, which can contribute to improved domain
adaptation.

6.3. Segmentation performance

Overall, cDDPMs demonstrate competitive or superior results com-
pared to traditional autoencoder-based approaches, as well as the
baseline DDPM and pDDPM, as presented in Table 2. Additionally,
the feature-based and self-supervised methods are outperformed by
our cDDPM. We conclude that the enhanced reconstruction quality,
global and local intensity information capture, and effective domain
adaptation capabilities attributed to our conditioning approach con-
tribute to strong segmentation performance. Furthermore, we observe
that pre-training the encoder 𝐹𝑒𝑛𝑐 slightly enhances the segmentation
performance in most cases, indicating that starting from an already
learned representation space has the potential to improve the overall
integration of the conditioning features, compared to simultaneously
training the parameters of both, DDPM and 𝐹𝑒𝑛𝑐 from scratch. Our
results demonstrate improved performance of cDDPMs over pDDPMs,
indicating that the proposed conditioning mechanism is more effective
compared to the patching strategy in pDDPMs. A reason for this is seen
in potential artifacts, introduced by the patching strategy. Furthermore,
cDDPMs reduce complexity and inference time as there is no need for a
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Fig. 7. Exemplary residual maps from the BraTS21 data set (rows 1 and 2), the WMH data set (rows 3 and 4) and the ATLAS data set (rows 5 and 6). The input image, residual
maps, and ground truth are shown from left to right. Corresponding segmentation maps are provided in Figure 8.

costly patching strategy, making them a practical and efficient solution
for UAD in brain MRI. Despite the superior reconstruction quality of
the DAE on healthy data, cDDPMs show stronger segmentation results
given the final UAD task. A reason for this is seen in the DAEs’ ability
to reconstruct unhealthy anatomy, particularly for pathologies differing
from the appearance of tumors, as discussed in Section 6.1. Notably,
the performance of AEs and VAEs in this work is lower compared to
previous studies such as [9]. This discrepancy can be attributed to
differences in the MRI sequences used. Unlike [9], which uses FLAIR
images, we rely on T2- and T1-weighted images. Previous research has
shown that hyperintense lesions in FLAIR images can often be detected
using simple thresholding [53]. This indicates that the high perfor-
mance of AEs and VAEs in [9] may be largely due to the hyperintensity
of the lesions, rather than the model’s reconstruction ability.

To further analyze the effect of the conditioning mechanism, we
compare reconstructions and anomaly maps of DDPMs and cDDPMs in
Fig. 5. In contrast to DDPMs, cDDPMs’ reconstructions follow the local

intensity information of the respective input images. This is in line with
the observations in Fig. 4, where a lower distribution shift is reported
for cDDPMs. This leads to a reduction of false positives, facilitating the
delineation of anomalies.

In Fig. 6, we explore the impact of noise levels on the segmentation
performance. We demonstrate that cDDPMs outperform the baseline
models across different noise levels for most data sets. However, we
also observe that the noise level is a crucial hyper-parameter. High
noise levels tend to result in more blurry and generic reconstructions,
whereas low noise levels enable sharper reconstructions, including un-
healthy anatomy. Thus, selecting an appropriate noise level is essential
to achieve reasonable performance. However, the optimal value for the
applied noise depends on the evaluated data set, as shown in Fig. 6. We
assume that the main reason for this dependency is the different sizes of
pathologies in the considered data sets, as also stated in [33]. We apply
different noise levels and average the resulting reconstructions to ad-
dress this dependency. Thereby, we utilize complementary information
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of different reconstructions and effectively mitigate the dependency on
the noise level, which enhances the model’s generalization abilities.

6.4. Limitations and future work

Despite showing promising results, our approach has limitations.
Specifically, the segmentation performance falls below that of super-
vised algorithms. However, compared to supervised networks, UAD
methods offer a crucial advantage in detecting any pathologies unseen
during training. While additional efforts are required for the practical
clinical application of UAD methods, our approach demonstrates supe-
rior performance to state-of-the-art UAD methods, adding a valuable
contribution to the field of UAD in brain MRI.

Another avenue for future work is the incorporation of multi-scale
image encodings into our conditioning mechanism. Our study does not
utilize multi-scale analysis, which could be advantageous in capturing
fine-grained details of the intensity patterns and contextual informa-
tion at different resolutions. By carefully integrating multi-scale image
encodings without allowing a copy of the conditioning image, we see
the potential to enhance the performance of our cDDPMs in capturing
both global and local features of the input images.

We conduct our studies using a downsampled resolution. To im-
prove performance, especially for detecting smaller lesions, future work
could explore and evaluate our proposed method at higher resolutions.
A promising approach to balance the increased computational cost
is the use of latent diffusion models [62]. To further enhance the
conditioning mechanism, an additional direction for future work is
to explore the use of 3D image encoders. In earlier studies, we have
shown that 3D information can improve the reconstruction quality for
VAEs [25,26] and expect similar improvements for DDPMs. Currently,
our approach operates on 2D slices of the MRI data, which may limit
the preservation of 3D context and spatial relationships between slices.
By utilizing a 3D encoder to condition the 2D DDPM, we can potentially
capture and preserve 3D contextual information.

7. Conclusion

UAD in brain MRI presents a promising alternative to supervised
models, especially considering clinical screening tasks. DDPMs have
demonstrated their utility for UAD, largely due to their high recon-
struction accuracy of fine-grained structures. However, accurately re-
constructing the intensity characteristics of a given MRI scan remains
a challenge, especially when facing domain shifts. To address this,
we propose cDDPMs and introduce a conditioning mechanism that
incorporates an additional feature representation of the input image
into the DDPMs’ denoising process. Our findings indicate that this
conditioning mechanism effectively addresses challenges of DDPMs
regarding capturing accurate intensity capture and domain adaptation.
As a result, our approach outperformed state-of-the-art architectures for
UAD in brain MRI on various publicly available data sets. Our work
addresses challenges of applying DDPMs for UAD in brain MRI and
has practical implications for detecting and segmenting pathologies in
scenarios where domain shifts are likely.
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Supplementary Material

Post-Processing Analysis

In Table 3, we provide an analysis of the applied post-processing steps by excluding individual post-processing steps
from the evaluation protocol. We show that while the median filter shows to have a large effect, the other post-processing
techniques only show minor changes. Moreover, no post-processing strategy consistently works for all models or data
sets, motivating further research and a systematic study about the effect of different post-processing steps for UAD in
brain MRI.

Table 3: Post-processing analysis for all data sets regarding AUPRC. ✓indicates the presence and ✗indicates the absense
of Connected Component (CC), Medianfiltering (MF) or Brain Eroding (BE) in the evaluation phase, respectively. For
all models, the mean ± standard deviation of the AUPRC are provided. Color-coded absolute differences concerning
the respective baseline models are provided in the brackets.

Model CC MF BE BraTS21 (T2) MSLUB (T2) ATLAS (T1) WMH (T1)

DAE ✓ ✓ ✓ 49.38 ± 4.18 4.47 ± 0.69 13.37 ± 0.62 8.54 ± 1.02
DAE ✗ ✓ ✓ 49.38 ± 4.18 (0.00) 4.47 ± 0.69 (0.00) 8.53 ± 0.24 (-4.84) 7.31 ± 0.91 (-1.23)
DAE ✓ ✗ ✓ 39.69 ± 3.68 (-9.69) 3.92 ± 0.35 (-0.55) 9.21 ± 0.32 (-4.16) 7.01 ± 0.68 (-1.53)
DAE ✓ ✓ ✗ 48.79 ± 4.31 (-0.59) 3.84 ± 0.55 (-0.63) 8.77 ± 0.28 (-4.60) 6.80 ± 0.81 (-1.74)
DDPM ✓ ✓ ✓ 50.61 ± 2.92 6.27 ± 1.58 17.77 ± 0.47 8.89 ± 0.89
DDPM ✗ ✓ ✓ 50.68 ± 2.81 (0.07) 6.25 ± 1.51 (-0.02) 14.65 ± 0.3 (-3.12) 10.27 ± 0.96 (1.38)
DDPM ✓ ✗ ✓ 35.93 ± 2.27 (-14.68) 5.40 ± 0.95 (-0.87) 12.02 ± 0.45 (-5.75) 8.80 ± 0.71 (-0.09)
DDPM ✓ ✓ ✗ 50.47 ± 3.07 (-0.14) 5.60 ± 1.31 (-0.67) 15.11 ± 0.32 (-2.66) 9.89 ± 1.00 (1.00)
pDDPM ✓ ✓ ✓ 55.08 ± 0.54 10.02 ± 0.36 17.84 ± 0.10 7.52 ± 0.56
pDDPM ✗ ✓ ✓ 55.07 ± 0.53 (-0.01) 10.06 ± 0.37 (0.04) 12.14 ± 0.21 (-5.70) 7.33 ± 0.39 (-0.19)
pDDPM ✓ ✗ ✓ 34.99 ± 0.43 (-20.09) 7.35 ± 0.28 (-2.67) 13.35 ± 0.22 (-4.49) 7.62 ± 0.80 (0.10)
pDDPM ✓ ✓ ✗ 54.10 ± 0.57 (-0.98) 8.63 ± 0.48 (-1.39) 13.71 ± 0.28 (-4.13) 7.3 ± 0.95 (-0.22)
cDDPM ✓ ✓ ✓ 58.82 ± 1.56 10.97 ± 1.17 22.22 ± 1.15 9.26 ± 1.07
cDDPM ✗ ✓ ✓ 58.84 ± 1.57 (0.02) 11.22 ± 1.31 (0.25) 19.92 ± 1.45 (-2.30) 9.86 ± 1.18 (0.60)
cDDPM ✓ ✗ ✓ 39.70 ± 1.40 (-19.12) 8.31 ± 0.98 (-2.66) 16.56 ± 1.11 (-5.66) 8.34 ± 0.76 (-0.92)
cDDPM ✓ ✓ ✗ 58.52 ± 1.62 (-0.30) 10.03 ± 1.34 (-0.94) 20.41 ± 1.41 (-1.81) 9.36 ± 1.15 (0.10)

Reconstruction Analysis

In Table 4, we evaluate the reconstruction quality for healthy brain regions. Overall, when comparing T1-weighted and
T2-weighted images, T1-weighted images exhibit a slightly higher reconstruction error. Additionally, the external test
sets (BraTS21, MSLUB, ATLAS, WMH) show increased reconstruction errors compared to the IXI test set. However,
the overall performance trends are consistent with those observed in Table 1.

Table 4: Comparison of reconstruction quality of healthy structures across different models and datasets. The l1-error
is computed using ground truth annotations of the healthy regions. For all metrics, the mean ± standard deviation
across the different folds are reported. The arrow ↓ indicates that lower values are favorable. DDPM-based models are
evaluated by ensembling different values for ttest = [250, 500, 750]

Model l1-error (e-3) ↓
IXI (T2) BraTS21 (T2) MSLUB (T2) IXI (T1) ATLAS (T1) WMH (T1)

VAE 32.32 ± 0.64 31.52 ± 0.65 36.78 ± 0.79 39.47 ± 0.60 49.12 ± 0.84 51.22 ± 0.88
SVAE 29.08 ± 0.16 28.33 ± 0.10 33.21 ± 0.17 39.65 ± 0.50 51.51 ± 0.87 54.46 ± 1.14
AE 31.67 ± 0.41 30.95 ± 0.40 35.77 ± 0.34 39.04 ± 0.38 48.18 ± 0.50 50.08 ± 0.66
RA 34.36 ± 1.43 34.09 ± 1.71 37.89 ± 1.52 40.66 ± 2.46 48.25 ± 2.11 49.21 ± 1.88
PHANES 38.70 ± 1.74 35.19 ± 1.75 41.64 ± 2.05 44.03 ± 1.32 55.14 ± 1.23 58.31 ± 1.33
DAE 8.14 ± 0.17 11.52 ± 0.28 10.74 ± 0.14 9.84 ± 0.45 15.72 ± 0.52 14.92 ± 0.46

DDPM 14.29 ± 0.32 18.01 ± 1.10 16.54 ± 0.54 16.03 ± 0.17 23.4 ± 1.78 23.78 ± 1.89
pDDPM 9.70 ± 0.43 12.14 ± 0.32 11.52 ± 0.52 11.21 ± 0.28 19.03 ± 0.23 19.16 ± 0.36
cDDPM 9.68 ± 0.16 12.26 ± 0.17 11.54 ± 0.22 11.36 ± 0.44 16.83 ± 0.43 16.86 ± 0.47
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MRI Scanner Details

Table 5: MRI scanner details and age statistics for various datasets used in this study. The table includes scanner model,
field strength, echo time (TE), repetition time (TR), and flip angle values for different MRI sequences (T1 and T2).
Some datasets do not have fully specified scanner parameters (missing information is denoted by - ). * indicates that
demographic information is only available for a subset of the data.

Dataset Age (mean/std) Model Field Strength [T] Echo Time [ms] Repetition Time [ms] Flip Angle [°]

IXI (T1/T2) 49.4/16.7
Philips Intera 1.5 9.6 / 5725.8 4.6 / 100.0 8.0 / 90.0
Philips Gyroscan Intera 3.0 9.8 / 8178.3 4.6 / 100.0 8.0 / 90.0
GE 1.5 - - -

BRATS (T2) 61.2/12.0* - - - - -

MSLUB (T2) 39.3/10.1 Siemens Magnetom Trio MR 3.0 6000.0 120.0 120.0

ATLAS (T1) - - 1.5 - - -
- 3.0 - - -

WMH (T1) -

Philips Achieva 1.5 7.9 4.5 -
Philips Ingenuity 3.0 9.9 4.6 -
Siemens TrioTim 3.0 300 1.9 -
GE Signa HDxtT 1.5 12.3 5.2 -
GE Signa HDxt 3.0 7.8 3.0 -
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Segmentation Maps

Figure 8: Segmentation maps corresponding to the residual maps in Figure 7, derived from the BraTS21 dataset (rows
1 and 2), the WMH dataset (rows 3 and 4), and the ATLAS dataset (rows 5 and 6). The binarization threshold for
generating the segmentation maps was determined by optimizing for the highest possible Dice score.
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8.4 Ensembled SSIM for Anomaly Scoring

8.4 Diffusion Models with ensembled Structure-based
Anomaly Scoring for Unsupervised Anomaly Detection
[23]

© 2024 IEEE. Reprinted, with permission, from [Finn Behrendt, et al., "Diffusion
Models with Ensembled Structure-Based Anomaly Scoring for Unsupervised Anomaly
Detection," 2024 IEEE International Symposium on Biomedical Imaging (ISBI), August
2024].
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ABSTRACT

Supervised deep learning techniques show promise in med-
ical image analysis. However, they require comprehensive
annotated data sets, which poses challenges, particularly for
rare diseases. Consequently, unsupervised anomaly detection
(UAD) emerges as a viable alternative for pathology segmen-
tation, as only healthy data is required for training. How-
ever, recent UAD anomaly scoring functions often focus on
intensity only and neglect structural differences, which im-
pedes the segmentation performance. This work investigates
the potential of Structural Similarity (SSIM) to bridge this
gap. SSIM captures both intensity and structural disparities
and can be advantageous over the classical l1 error. However,
we show that there is more than one optimal kernel size for
the SSIM calculation for different pathologies. Therefore, we
investigate an adaptive ensembling strategy for various ker-
nel sizes to offer a more pathology-agnostic scoring mecha-
nism. We demonstrate that this ensembling strategy can en-
hance the performance of DMs and mitigate the sensitivity to
different kernel sizes across varying pathologies, highlighting
its promise for brain MRI anomaly detection.

Index Terms— Unsupervised Anomaly Detection, Diffu-
sion Models, Brain MRI, SSIM

1. INTRODUCTION

While supervised deep learning techniques have demon-
strated encouraging outcomes in detecting and segmenting
anomalies in brain MRI scans [1], they depend on annotated
and balanced data sets [2]. The need for such large data
sets, especially with voxel-level annotations, is a challenge
given the labor and resource-intensive requirements. Unsu-
pervised anomaly detection (UAD) methods take a different
approach and only require healthy or normal data for train-
ing. In reconstruction-based UAD, a generative model (GM)
is trained to replicate MRI scans from a healthy training set.
Following this, discrepancies between an MRI scan and the
GM’s replication can be used to identify abnormal patterns

Fig. 1. Visualization of l1-based and SSIM-based anomaly
scores for different values of σ and our ensemble solution
SSIM-ens. Example is taken from the BraTS21 data set.

in unhealthy brain scans. Hence, unlike supervised models,
UAD techniques are not dependent on pixel-level annotations
of diseases and have the invaluable potential to identify any
kind of irregularity that differs from a norm learned from the
healthy training distribution.
In the domain of UAD for brain MRI, various generative
models (GMs) are used, with Autoencoders (AE) and their
variational equivalents (VAE) being among the most com-
mon [3]. Recently, denoising diffusion probabilistic models
(DDPM) have emerged as promising options, offering precise
reconstructions, effective representation of the training set,
and stable training characteristics [4, 5, 6]. While the type and
architecture of the GM play a crucial role in UAD, another
vital design parameter is the type of discrepancy measure-
ment used to score anomalies. Predominantly, methods rely
on the mean squared error (l2-error) or mean absolute error
(l1-error). However, these metrics often miss structural differ-
ences and only focus on intensity-based discrepancies [7, 8].
Consequently, subtle anomalies of smaller intensity fluctua-
tions might not be detected and reconstruction errors can be
over-penalized. An alternative anomaly score that enables the
detection of both intensity-based and structural discrepancies
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is the Structural Similarity (SSIM) [9]. SSIM can provide a
more balanced assessment, accounting for structural integrity,
as demonstrated in Figure 1. Hence, existing literature sug-
gests its application for UAD, either for industrial defect
detection [10] or brain MRI pathology identification [8, 11].
Bergmann et al. [10] leverage a straightforward AE-based
framework for detecting industrial defects, exchanging the
l2-error with SSIM. Meissen et al. [8] derive the anomaly
score by computing the SSIM on reconstructed AE features
rather than in the pixel space.
In this work, we investigate possible synergies of SSIM with
the strong reconstruction abilities of recent DDPMs. Our
experimental results show that SSIM can improve the UAD
performance when applied together with DDPMs. However,
the kernel dimension σ introduces an additional hyperparam-
eter that limits the generalization across different pathology
types. Our findings underscore that this parameter plays
a pivotal role in the detection of pathologies, with distinct
pathologies of certain sizes showing preferences for spe-
cific kernel dimensions. To counteract this, we investigate
utilizing an adaptive weighted average of multiple SSIM
measurements over a spectrum of kernel sizes, mitigating the
parameter sensitivity of SSIM. This method, which we call
SSIM-ens, reduces the impact of individually chosen kernel
sizes and leads to more robust performance in detecting a
diverse range of pathologies, surpassing the results obtained
with the traditional l1-error as anomaly score.

2. METHODS

We adopt the reconstruction-based UAD methodology, select-
ing DDPMs as our GM of choice. The UAD principle in-
volves training the DDPM to reconstruct MRI scans without
anomalies. During testing, discrepancies between the input
MRI scan and its reconstruction are flagged. These dispari-
ties often hint at structures not encountered during the train-
ing phase, suggesting potential abnormalities.

2.1. Diffusion Models

DDPMs are generative models designed to capture the in-
herent data distribution of a given data set. In the training
phase, DDPMs gradually transform an input image into
Gaussian noise through a forward process, which is then
reversed in the backward process to reconstruct the origi-
nal image. This transformation is guided by a predefined
schedule and involves adding controlled amounts of noise.
The forward transformation is captured by: xt ∼ q(xt|x0)
where t determines the noise level that is sampled from
t ∼ Uniform(1, ..., T ) and x0 denotes a noise-free image.
The backward process recovers the original image using:
xrec
0 ∼ p(xT )

∏T
t=1 pθ(xt−1|xt). Similar to [5], instead

of predicting the added noise, we focus on directly estimat-
ing the reconstructed image, leading to the loss function:

Lrec = |x0 − xrec
0 |. At test time, we directly estimate the

reconstructed image based on the input, setting a fixed noise
level ttest.

2.2. Anomaly Scoring with SSIM

SSIM is designed to measure the local similarities of two im-
ages where high values of SSIM reflect similar images and
low values indicate differences across the two images. Instead
of solely calculating intensity-based discrepancies, SSIM in-
corporates changes in structural information, contrast, and lu-
minance. The SSIM equation for two images x and y is given
by

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)

where µx and µy are the local means of x and y, respectively;
σ2
x and σ2

y are the local variances; and σxy is the local covari-
ance. The constants C1 and C2 serve to stabilize the division
with a weak denominator. The local statistics required for
these computations are derived using a Gaussian kernel, with
the σ parameter defining the kernel’s spread. The kernel di-
mension is derived by multiplying the spread with a constant
factor kdim = int(3.5 ∗ σ + 0.5) ∗ 2 + 1.

Adaptive Ensembling of SSIM (SSIM-ens)
Calculating SSIM is sensitive to the spread of the Gaus-
sian Kernel where larger values for σ enlarge the considered
neighborhood for a given pixel and vice versa. This can pose
a challenge, as it affects the scale at which discrepancies are
detected. To attenuate this dependency, we introduce SSIM-
ens, an adaptive ensemble method that combines SSIM cal-
culations over various σ values. This approach is intended to
leverage the SSIM measurements at multiple scales, thereby
providing an adaptive and more robust anomaly score. For a
given input image x0 and its reconstruction xrec

0 , the SSIM-
ens anomaly score is calculated as a weighted average across
different σ values S = {σ1, σ2, . . . , σn}:

SSIM-ens(x0,x
rec
0 ) = 1−

n∑

i=1

wi · SSIMσi(x0,x
rec
0 ),

with

wi =
e−SSIMσi

(x0,x
rec
0 )

∑n
j=1 e

−SSIMσj
(x0,xrec

0 )

where SSIMσi
is the individual SSIM calculated with the σi

value, and wi is a normalized exponential weighting factor
inversely related to the corresponding SSIMσi

score, enhanc-
ing the focus on areas with higher discrepancies and poten-
tial anomalies. This results in a scoring mechanism that ef-
fectively captures variations in anomaly manifestation across
different pathology types and sizes.
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3. EXPERIMENTAL SETUP

3.1. Data Sets

We utilize the Information eXtraction from Images (IXI) data
set that contains healthy brain MRI scans as the training set.
The IXI data set includes 560 pairs of T1- and T2-weighted
MRI scans. We sample a healthy test set (Ntest=158) and
partition the remaining samples into five healthy training sets
(Ntrain=358) and 5 healthy validation sets (Nval=44) for five-
fold cross-validation.
For evaluation, we rely on pathology data sets that provide
pixel-wise annotations of pathology regions. Namely, we uti-
lize the BraTS21, the ATLAS (v2), the WMH and MSLUB
data sets, containing tumors, stroke, white matter hyperin-
tensities and multiple sclerosis lesions, respectively. For the
BraTS21 and MSLUB data sets, 1251 and 30 T2-weighted
MRI scans and for the ATLAS and WMH data sets, 655 and
60 T1-weighted samples are available, respectively. For each
evaluation data set, we split an unhealthy validation set of
100, 10, 175 and 15 samples for BraTS21, MSLUB, ATLAS
and WMH respectively and use the remaining data as test set.
Pre-processing includes resampling to an isotropic resolution
of 1mm× 1mm× 1mm and affine registration to the SRI24
Atlas. Subsequently, we skull-strip the brain scans and per-
form N4 bias field correction. Lastly, the volume resolution
is reduced by a factor of two and the 15 top and bottom slices
parallel to the transverse plane are removed, leading to a fi-
nal resolution of 96 × 96 × 50 voxels. For post-processing
of the anomaly maps, median filtering with a kernel size of
5x5x5, brain mask eroding and connected components analy-
sis is applied, similar to [3, 5]. For binarization, we calculate
a threshold that shows the highest segmentation performance
based on the unhealthy validation sets.

3.2. Implementation Details

We utilize a Unet, with channel dimensions of [128, 256, 256]
as a denoising network1. We utilize structured simplex noise,
which enhances the UAD efficacy of DDPMs in MRI images
[4]. For the sampling process, we sample t uniformly from
the interval [0, 999] during training. At test time, we employ
a consistent value for t by setting ttest = 500. For the SSIM-
ens, we utilize a range of σ values S = {0.3, 0.5, ..., 1.5, 1.7}.
We utilize the Adam optimization algorithm, with a learning
rate of 1 × 10−5 and a batch size of 32. After training for
1600 epochs, model selection is based on the lowest recon-
struction error achieved on the healthy validation set. Data
processing is performed slice-by-slice; during training, slices
are randomly selected with replacement, while at test time,
we iterate through every slice to reconstruct the entire vol-
ume. In addition to the DDPMs, we implement AEs [3] and
denoising AEs (DAE) [12] as baselines.

1Code available at https://github.com/FinnBehrendt/
Ensembled-SSIM-for-Unsupervised-Anomaly-Detection
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Fig. 2. Assessment of segmentation performance of DDPMs
with SSIM using the Dice coefficient across varying SSIM pa-
rameter σ values. Optimal performance instances are denoted
by stars (σbest). The solid lines delineate the mean perfor-
mance, while the surrounding shaded regions depict the stan-
dard deviation. The performance achieved by our SSIM-ens
method is illustrated with dashed lines.

4. RESULTS

Table 1. Comparison of the evaluated models with color-
coded changes within each model group. For all metrics, the
mean ± standard deviation across the different folds are re-
ported.

BraTS21 (T2) MSLUB (T2) ATLAS (T1) WMH (T1)
Model DICE [%] DICE [%] DICE [%] DICE [%]

AE [3] (l1) 31.51±1.94 7.23±0.90 14.91±0.33 4.53±0.36
AE [3] (SSIM-ens) ↓25.88±0.43 ↓3.57±0.70 ↓8.23±0.13 ↑ 6.53±0.20

DAE [12] (l1) 45.37±4.40 3.88±1.35 8.53±0.28 7.31±1.02
DAE [12] (SSIM-ens) ↑ 59.24±0.63 ↓1.83±0.16 ↑ 15.03±0.52 ↑ 8.76±0.38

DDPM [4] (l1) 44.25±1.49 4.80±1.98 12.90±0.89 10.03±1.06
DDPM [4] (SSIM-ens) ↑ 57.44±1.40 ↑ 6.10±1.78 ↑ 14.81±0.79 ↑ 13.16±0.44

Initially, we explore the impact of the σ parameter of SSIM on
the segmentation performance of DDPMs for various patholo-
gies. Following this, we evaluate and compare baseline mod-
els, both with and without the integration of our SSIM-ens
strategy. To evaluate the segmentation performance, we re-
port the pixel-wise Dice coefficient (DICE).
In Figure 2 we observe that the σ parameter affects the seg-
mentation performance across all data sets. Selecting an op-
timal singular σ value is not straightforward due to the pres-
ence of multiple optimal points that vary between data sets.
In contrast, by implementing an adaptive ensemble of diverse
σ values within SSIM-ens, consistent performance is main-
tained across all data sets.
In Table 1, it is evident that applying the SSIM-based anomaly
score leads to notable performance improvements for DDPMs
across all data sets, reliably surpassing the l1-error.
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5. DISCUSSION AND CONCLUSION

In this work, we provide an evaluation of the SSIM as an
anomaly score for UAD in brain MRI. We demonstrate that
the performance of SSIM is tied to the values of the kernel
dimensions specified by σ, where the optimal values of σ
vary for individual pathology types and sizes. Our study
investigates an extension, SSIM-ens, which mitigates the
parameter-dependence problem and offers a robust solution
when integrated into DDPMs.
We show that our ensemble strategy consistently outperforms
traditional l1 anomaly scores across varying pathologies if
applied to DDPMs. By taking a weighted average of differ-
ent SSIM anomaly scores across multiple parameter settings,
SSIM-ens adds a degree of universality to the SSIM since
the weighting is determined by the SSIM scores themselves,
which means that the method adapts to the data it’s evalu-
ating. For discrepancies that are more prominent at certain
scales, those discrepancies will be given more weight in the
final score.
A notable observation is that SSIM does not consistently
improve the performance of AEs and DAEs. For AEs the
reason is seen in blurry reconstructions, failing to accurately
mimic normal anatomy. On the other hand, DAEs, due to
their inherent biases, often reconstruct pathologies different
from tumor-like anomalies, as indicated in [5]. This impacts
the effectiveness of SSIM-ens, which depends on precise
representations of healthy anatomy in both the input and the
reconstructed output.
Overall, our findings underscore the significance of the choice
of anomaly score metric. It appears that the type of anomaly
score utilized can have a substantial impact on UAD perfor-
mance, potentially overshadowing the effects of changing
the architecture of the generative model. We show that even
though increasing performance across different data sets,
SSIM alone adds a parameter dependence that prevents an
optimal solution for differing pathologies. The proposed en-
sembling strategy can reduce the pathology-specific search
for hyper-parameters and offers a more general solution for
UAD in brain MRI.

Ethical approval: This research study was conducted us-
ing public data. Therefore, ethical approval was not required.
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Abstract. Unsupervised Anomaly Detection (UAD) methods rely on
healthy data distributions to identify anomalies as outliers. In brain
MRI, a common approach is reconstruction-based UAD, where genera-
tive models reconstruct healthy brain MRIs, and anomalies are detected
as deviations between input and reconstruction. However, this method is
sensitive to imperfect reconstructions, leading to false positives that im-
pede the segmentation. To address this limitation, we construct multiple
reconstructions with probabilistic diffusion models. We then analyze the
resulting distribution of these reconstructions using the Mahalanobis dis-
tance to identify anomalies as outliers. By leveraging information about
normal variations and covariance of individual pixels within this distribu-
tion, we effectively refine anomaly scoring, leading to improved segmen-
tation. Our experimental results demonstrate substantial performance
improvements across various data sets. Specifically, compared to relying
solely on single reconstructions, our approach achieves relative improve-
ments of 15.9%, 35.4%, 48.0%, and 4.7% in terms of AUPRC for the
BRATS21, ATLAS, MSLUB and WMH data sets, respectively.

Keywords: Unsupervised Anomaly Detection · Diffusion Models · Ma-
halanobis Distance

1 Introduction

Deep learning (DL) methods show promise in tasks like the segmentation of brain
pathologies in magnetic resonance imaging (MRI) scans [19]. However, super-
vised DL methods require pixel-level annotations for training. This requirement
becomes a challenge, particularly for screening tasks, where any pathology has to
be detected even if not represented in the training data. Unsupervised Anomaly
Detection (UAD) offers an alternative approach by learning the distribution of
healthy data and identifying anomalies as outliers. A prevalent strategy is us-
ing reconstruction-based techniques [2]. These methods train generative models
(GM) on a data set composed solely of healthy brain MRI scans. The underly-
ing assumption is that the GMs will fail to reconstruct anomalies or pathological



2 F. Behrendt et al.

structures not present in the training data set. Therefore, anomaly maps for seg-
menting abnormal structures can be derived from the deviations between input
and reconstruction. However, a critical challenge UAD methods face lies in their
high sensitivity to errors stemming from imperfect reconstructions [23, 21, 10]. As
a result, even healthy structures exhibit deviations in the anomaly map. There-
fore, discriminating deviations caused by genuine pathologies from those arising
due to imperfect reconstructions becomes challenging, leading to false positives
in the final segmentation. While deviations from imperfect reconstructions are
inevitable, analyzing multiple reconstructions of the same input can offer valu-
able insights into the normal variations within the distribution of pseudo-healthy
reconstructions, potentially simplifying the discrimination. These multiple recon-
structions can be sampled using probabilistic GMs. Previous approaches have
primarily focused on comparing the average reconstruction with the correspond-
ing input image [3, 2]. However, these approaches ignore the valuable informa-
tion in the variance and covariance of pixels across different reconstructions.
The inter-pixel covariance across reconstructions quantifies the relationship be-
tween pixel values at different locations. It can be utilized to achieve a more
balanced decision when measuring the distance of individual input pixels to the
pseudo-healthy distribution of healthy pixels. Therefore, we propose using the
Mahalanobis distance (MHD) [20] to measure the divergence of pixels in the
input image from the pseudo-healthy distribution of pixels across multiple re-
constructions. We employ denoising diffusion probabilistic models (DDPM) [12]
to generate a pseudo-healthy reference distribution of reconstructions based on
an individual input image. We then calculate the MHD between the input and
the pseudo-healthy distribution to refine anomaly scoring. By considering the
MHD in the pixel space with a full covariance matrix, we account for inter-pixel
covariance. This enables capturing spatial information of neighboring pixels and
long-range dependencies across pixels, such as symmetries in the reconstructions.
Our results indicate that refining anomaly scoring by the MHD can substantially
enhance the segmentation performance of conditioned DDPMs (cDDPMs), par-
ticularly when considering the inter-pixel covariance of the generated pseudo-
healthy distributions. Compared to cDDPMs relying on single reconstructions,
our approach leads to relative improvements of 15.9%, 35.4%, 48.0%, and 4.7%
considering the AUPRC for the BRATS21, ATLAS, MSLUB and WMH data
sets, respectively.

1.1 Recent Work

For most reconstruction-based approaches, AEs and VAEs are employed as GMs.
While these architectures are conceptually simple and show promise in capturing
the underlying distribution of healthy training data, their reconstructions tend
to be blurry [2], substantially mitigating the segmentation performance. There-
fore, many approaches aim to improve the reconstruction quality by focusing on
spatial context [34] or utilizing 3D information [6]. Also, vector quantized VAEs
and soft intro VAEs are applied to UAD in brain MRI [25, 7, 8]. Recent studies
have indicated the effectiveness of DDPMs for UAD in brain MRI [24, 32, 4, 5].
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Overall, GMs applied to the UAD task have shown promising progress. However,
a crucial requirement for reconstruction-based UAD methods is to reconstruct
healthy anatomy while avoiding the trivial replication of the input image. This
necessitates the regularization of GMs, such as through a bottleneck in the la-
tent space or additional regularization tasks like dropout [3] or denoising [13].
Consequently, imperfect reconstructions become inevitable. However, probabilis-
tic GMs offer the appealing property of sampling multiple reconstructions. The
assessment of multiple reconstructions could add valuable information for dis-
criminating anomalies from imperfect reconstructions in the anomaly map. How-
ever, only a few studies have explored using VAEs or Bayesian AEs with Monte
Carlo dropout to sample multiple reconstructions [3, 2]. These studies primarily
concentrate on the mean of the generated reconstructions, which has not been
shown to improve performance. Other approaches utilize uncertainty estimation
to normalize the anomaly map by the estimated variance of individual pixels [29,
21, 10]. While this approach can improve the segmentation performance, it does
not explicitly consider covariance across pixels. However, inter-pixel dependen-
cies could provide valuable insights for anomaly scoring. Therefore, in this work,
we focus on the inter-pixel dependencies and variations across different pseudo-
healthy reconstructions and employ the MHD to measure the deviation of input
pixels from the distribution of pixels in healthy reconstructions. While the MHD
is commonly used for outlier detection, its typical application is at the sample
level within some aggregated feature space for sample-level anomaly detection
[16, 31]. Furthermore, Saase et al. [28] apply the MHD in the pixel space using
a healthy data set as a reference distribution, suggesting that simple statistical
methods can compete with deep learning models. However, individual brains in
the training data exhibit substantial differences. As a result, relying solely on
these general population-based distributions could lead to a mismatch between
individual test cases and the reference distribution, potentially impeding the
segmentation.

2 Methods

We propose utilizing DDPMs to construct pseudo-healthy distributions specific
to each individual case during evaluation. Subsequently, these case-specific dis-
tributions are employed as a reference to compute the Mahalanobis distance
(MHD) in the pixel space to refine anomaly scoring.

2.1 Generating Pseudo-healthy Distributions with DDPMs

DDPMs are specialized in learning the distribution of training images x ∈
RH,W,C , where H, W , and C represent the height, width, and the number of
channels, respectively. The training involves two primary processes: a forward
process and a backward process. In the forward process, an image x0 is incre-
mentally transformed into Gaussian noise, represented as xT = ϵ ∼ N (0, I).
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This transformation is guided by a predetermined noise schedule [β1, ..., βT ].
The intermediate image states xt are generated by

xt ∼ q(xt|x0) = N (
√
ᾱtx0, (1− ᾱt)I) ᾱt =

∏t

s=0
(1− βt).

The noise level at each time step t ∈ [1, ..., T ], influences xt, which can vary
from being the original image (at t = 0) to complete noise (at t = T ). In the
backward process, the reconstruction of the original image xrec

0 from the noisy
state xT is given by

xrec
0 ∼ p(xT )

∏T

t=1
pθ(xt−1|xt) pθ(xt−1|xt) = N (µθ(xt, t),Σθ(xt, t)).

Following [12], µθ is estimated using a Unet [27], and Σ(t) is set to 1−αt−1

1−αt
βtI.

The training process entails minimizing the variational lower bound, which is
approximated by the straightforward objective of predicting the added noise
ϵθ(xt, t), as demonstrated in [12]. This yields the simplified loss function

Lsimple = ||ϵ− ϵθ(xt, t)||2.

In the context of reconstruction-based UAD, our objective is not to create new
images from pure noise but to reconstruct healthy brain anatomy given an in-
put image. Therefore, during testing, xrec

0 is estimated from xt, determining
the extent of noise in xt by ttest < T . To generate a distribution of multiple
reconstructions, we sample N versions of xt by repeatedly resampling the addi-
tional noise and reconstructing each noised image by the denoising network. As
we train the model on healthy data, this leads to a pseudo-healthy distribution
consisting of N different reconstructions of the given input image.

2.2 Anomaly Scoring using Pseudo-Healthy Distributions and
Mahalanobis Distance

Our goal is to leverage the informative variations within the pseudo-healthy dis-
tribution of reconstructions.

Averaged Reconstructions Initially, we calculate the mean reconstruction
from multiple pseudo-healthy samples, represented as: µ = 1

N

∑N
i=1 x

rec
i Here,

xrec
i denotes the, i-th pseudo-healthy reconstruction, and N represents the total

number of reconstructions. The anomaly score is defined as the inverted pixel-
wise Structural similarity index measure (SSIM) between the input image x and
the mean reconstruction µ:

Smean(x,µ) = 1− SSIM(x,µ). (1)

Note that we use the pixel-wise SSIM as it has been shown to improve the
anomaly scoring compared to intensity-based metrics [22, 15]
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Mahalanobis Distance The MHD is a statistical measure, quantifying the
distance of a sample point from a multivariate reference distribution, consider-
ing its covariance. Employing the pixels of an input image as sample points that
are compared to the pseudo-healthy distribution of reconstructed pixels, we can
capture the degree of deviation of each pixel in the input image from what is
’expected’ in the distribution of pseudo-healthy reconstructions. First, we start
by calculating the MHD with a diagonal covariance matrix Σdiag = diag(σ2) ∈
RH·W×H·W , where σ2 is the variance of each pixel across the N reconstructions:
σ2 = 1

N−1

∑N
i=1(x

rec
i − µ)2. Note that x and µ are flattened to a dimension of

RH·W . This yields

MHDdiag(x) =
√
(x− µ)⊤Σ−1

diag(x− µ). (2)

This approach represents a standardization and allows for scaling the distance
between input pixels and the mean reconstruction by the variance of individual
pixels across different reconstructions. However, the diagonal covariance matrix
does not consider covariance across different pixels. To capture inter-pixel corre-
lations, we extend our analysis to utilize a full covariance matrix, calculated as
Σfull =

1
N−1

∑N
i=1(x

rec
i −µ)(xrec

i −µ)⊤ with dimension RH·W×H·W , leading to

MHDfull(x) =
√
(x− µ)⊤Σ−1

full(x− µ). (3)

After reshaping the MHD map to the input image shape, the final anomaly
map is obtained by a per-pixel multiplication of the MHD map with the initial
anomaly map for SMHD = Smean ·MHDdiag, and SsMHD = Smean ·MHDfull,
respectively.

2.3 Data

Following the principle of reconstruction-based UAD, we utilize data sets with-
out pathologies for training while evaluating data sets that contain annotated
pathologies.
For training, we utilize the IXI data set [9], consisting of MRI scans in both T1-
and T2-weighting. We split the training set into a healthy test set (N=160) and
partition the remaining samples into 5 training sets (N=358) and 5 validation
sets (N=44) for cross-validation.
For evaluation, we utilize four different data sets, namely the BRATS21 [1]
(N=1152), MSLUB [17] (N=30), ATLAS [18] (N=655) and WMH [14] (N=60)
data sets that exhibit tumors, multiple sclerosis, Stroke and white-matter le-
sions as pathologies, respectively. Note that while we train on both weightings
separately, we evaluate BRATS and MSLUB on T2-weightings and ATLAS and
WMH on T1-weightings. Pre-processing of the data includes resampling to a
voxel dimension of 1×1×1 mm, skull-stripping, registration to the SRI ATLAS
and N4 bias-correction. Furthermore, we crop 15 top and bottom slices and re-
duce the dimension by a factor of 2, leading to a resolution of 192 × 192 × 50
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voxels. During training, we process the volumes slice-wise, with slices sampled
with replacement. During evaluation, we iteratively reconstruct all slices to ob-
tain the full volume.

2.4 Implementation Details

In this work, we build upon cDDPMs proposed in [5] as a probabilistic GM.
Compared to DDPMs, cDDPMs utilize an additional feature representation of
the input image to guide the denoising process. We follow the architectural de-
sign of [5] with a 3-layer Unet with channel dimensions [128, 128, 256] as a
denoising network. We calculate the SSIM anomaly score with a Gaussian ker-
nel with a standard deviation of 1. When calculating the MHD, we add a small
regularization term (1e-5) to the diagonal entries of Σfull To ensure numeri-
cal stability during inversion. Additionally, we apply a Gaussian filter to the
MHD map with a standard deviation of 1. We compare established state-of-
the-art baselines for UAD in brain MRI, including AE [2], VAE [2], DAE [13],
DDPM [32], pDDPM [4] and cDDPM [5] as reconstruction-based approaches.
Moreover, we compare RD [11] and FAE [22] as feature-based methods and the
self-supervised approaches PII [30] and DRAEM [33]. Finally, we evaluate the
covariance model (CM) of [28], where the MHD is calculated with the healthy
training set as a reference distribution. For AEs and VAEs, we set the latent
dimension to 128. For VAEs, βKLD = 0.001 is chosen. We train for 1600 epochs,
using the ADAM optimizer, a learning rate of 1e-4 and a batch size of 32. For
all DDPM-based models, we utilize simplex noise as introduced on [32]. We uni-
formly sample noise levels t ∈ [1, T ] with T = 1000 during training and set the
noise to ttest =

T
2 = 500 during evaluation. All models are implemented in Py-

Torch v1.10 and trained on an NVIDIA A6000 graphics card3. For evaluation,
we utilize the best possible Dice-Coefficient (⌈Dice⌉) and the Area under the
precision-recall curve (AUPRC). Additionally, we employ the permutation test
from the MLXtend library [26]. This test involves 10,000 rounds of permutations
and a significance level set at α = 5% to assess statistical differences.

3 Results

We compare the segmentation performance of different variants of our approach
to established state-of-the-art baselines. We average the metrics across the five
folds and report the mean ± standard deviation. We initially tested different
values for the number of reconstructions N in the range N = [5, 10, ..., 30] and
observed a moderate improvement in performance up to N = 10, after which
performance plateaued. Therefore, to balance performance and inference time,
we selected N = 10 reconstructions for each input image.

3 Code available at
github.com/FinnBehrendt/Mahalanobis-Unsupervised-Anomaly-Detection
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Table 1. Segmentation performance regarding ⌈Dice⌉ and AUPRC. The highest values
are shown in bold, where underlines denote statistical significance (p < 0.05). Smean

denotes the averaging of multiple reconstructions to derive the anomaly map. SMHD

and SsMHD denote the use of the MHD either with a diagonal covariance matrix or
with a full covariance matrix, respectively.

Model BRATS ATLAS MSLUB WMH

⌈DICE⌉ AUPRC ⌈DICE⌉ AUPRC ⌈DICE⌉ AUPRC ⌈DICE⌉ AUPRC

CM [28] 20.47 ± 0.22 14.03 ± 0.29 12.52 ± 0.47 9.31 ± 0.69 5.24 ± 0.27 2.59 ± 0.17 5.59 ± 0.09 2.70 ± 0.08
AE [2] 36.69 ± 0.20 33.58 ± 0.29 14.03 ± 0.27 11.68 ± 0.36 6.22 ± 0.05 3.55 ± 0.05 9.44 ± 0.26 5.60 ± 0.21
VAE [2] 36.04 ± 0.91 32.84 ± 1.07 14.48 ± 0.38 12.09 ± 0.41 6.33 ± 0.14 3.67 ± 0.11 9.52 ± 0.23 5.71 ± 0.23
FAE [22] 44.60 ± 2.17 43.75 ± 0.46 17.76 ± 0.16 13.97 ± 0.10 6.85 ± 0.65 4.02 ± 0.10 8.81 ± 0.38 4.97 ± 0.22
RD [11] 32.57 ± 0.15 27.13 ± 0.16 19.69 ± 0.26 15.65 ± 0.20 6.48 ± 0.20 3.66 ± 0.18 7.48 ± 0.10 4.22 ± 0.09
DAE [13] 62.93 ± 0.55 64.76 ± 0.79 19.42 ± 0.87 17.73 ± 0.88 8.35 ± 0.45 5.64 ± 0.37 11.14 ± 0.47 7.92 ± 0.55
DRAEM [33] 32.75 ± 3.63 26.38 ± 4.43 12.80 ± 1.94 9.63 ± 1.77 5.78 ± 2.29 2.66 ± 1.14 6.25 ± 1.89 3.23 ± 1.11
PII [30] 40.83 ± 2.18 36.49 ± 2.63 9.73 ± 1.89 7.26 ± 1.59 9.46 ± 0.43 5.21 ± 0.33 6.59 ± 1.87 3.49 ± 1.02
DDPM [32] 49.46 ± 1.56 47.57 ± 1.89 15.09 ± 0.64 11.85 ± 0.47 9.97 ± 0.64 6.03 ± 0.37 13.91 ± 0.37 9.15 ± 0.44
pDDPM [4] 54.26 ± 0.54 53.39 ± 0.70 18.83 ± 0.38 15.92 ± 0.44 10.37 ± 0.67 6.40 ± 0.51 15.31 ± 0.29 10.70 ± 0.21
cDDPM [5] 54.39 ± 0.70 54.31 ± 0.83 19.85 ± 0.90 16.99 ± 0.74 11.58 ± 0.35 7.76 ± 0.30 16.03 ± 0.88 12.15 ± 0.91

cDDPM Smean 58.53 ± 0.48 59.14 ± 0.57 21.06 ± 1.09 18.17 ± 0.93 11.75 ± 0.44 7.75 ± 0.49 17.09 ± 1.24 13.15 ± 1.25
cDDPM SMHD 58.47 ± 0.59 61.28 ± 0.63 20.34 ± 1.26 17.51 ± 1.23 12.25 ± 0.62 7.99 ± 0.69 16.82 ± 1.68 13.34 ± 1.90
cDDPM SsMHD 64.72 ± 0.52 68.55 ± 0.63 26.67 ± 1.61 24.61 ± 1.57 15.44 ± 0.85 11.47 ± 0.79 16.65 ± 1.45 13.77 ± 1.57

The results are shown in Table 1 and Fig. 1. Comparing the baseline mod-
els, DAEs exhibit strong segmentation performance for the BRATS data set but
are surpassed by cDDPMs for other pathologies in terms of Dice scores. Simi-
larly, feature-based approaches (FAE and RD) perform well on individual data
sets but struggle with generalization across all pathologies. Self-supervised ap-
proaches (PII and DRAEM) demonstrate poor performance across most data
sets. Additionally, the CM method is consistently outperformed across all data
sets. Overall, cDDPMs perform robustly across the evaluated data sets while
enabling probabilistic sampling of multiple reconstructions. Hence, we consider
cDDPMs to generate the pseudo-healthy distributions required for the MHD
calculation. Our preliminary experiments indicate that other DDPM variants,
such as the baseline DDPMs and pDDPMs, can also be utilized.
We find that averaging multiple reconstructions in cDDPMs (Smean) enhances
segmentation performance across most data sets compared to using a single
reconstruction. In contrast to leveraging the MHD with a diagonal covariance
matrix (SMHD), utilizing the MHD with a full covariance matrix (SsMHD) con-
sistently demonstrates improved or competitive performance across all data sets.
Notably, compared to the baseline cDDPMs, sampling multiple reconstructions
and calculating the sMHD increases the processing time from 0.4 s to 4.9 s per
volume. As illustrated in Fig. 1 (a), refining the anomaly map of cDDPMs by the
sMHD leads to focused anomaly maps. Considering Fig. 1 (b), we observe non-
zero correlations across the entire brain. Specifically, there exists a symmetric
pattern regarding the tumor region with negative correlations in the left hemi-
sphere and positive correlations in the right hemisphere. Exemplary anomaly
maps for different models are provided in the supplementary material.



8 F. Behrendt et al.

(a) (b)

Fig. 1. (a): Top row: input, reconstruction, Smean (SSIM), MHD, sMHD and the
final anomaly map are shown for an exemplary image taken from the BRATS data set.
Bottom row: the ground truth (green) and binarized segmentation maps (white) are
shown. Note that the threshold for the segmentation maps is derived by optimizing the
Dice score, based on the ground truth. (b): The correlation of one pixel (green arrow)
with all other pixels, derived from Σfull is visualized as a heatmap.

4 Discussion and Conclusion

A notable challenge of reconstruction-based UAD methods is their high sensi-
tivity to imperfect reconstructions, often resulting in false positives that impede
segmentation accuracy. To address this challenge, we propose to refine anomaly
scoring by employing the MHD in the pixel space and identifying anomalies as
outliers from pseudo-healthy distributions generated by cDDPMs.
Our results (as shown in Table 1) show that averaging multiple reconstructions
from pseudo-healthy distributions (Smean) can already improve segmentation
performance. This improvement could be attributed to the variability of the
noise structure added before reconstruction during the forward process of the
cDDPM, resulting in regions with varying levels of complementary information
available for denoising. Notably, applying the MHD with a diagonal covariance
matrix (SMHD) results in performance comparable to that of averaged recon-
structions (Smean). In contrast, using the spatial MHD (SsMHD) substantially
improves the segmentation performance. Fig. 1 (a) illustrates the differences be-
tween MHD and sMHD. It can be observed that the MHD is less sensitive to
the edges of pathologies compared to sMHD. This indicates that the reconstruc-
tions exhibit higher variance in these regions, leading to a smaller weight in the
anomaly map. In contrast, the anomaly map derived by sMHD shows improved
pathology coverage. Fig. 1 (b) indicates the presence of inter-pixel correlations
across the entire image, ranging from local neighborhoods to global dependen-
cies exhibiting symmetry. However, the MHD with a diagonal covariance matrix
does not capture these correlations. Consequently, the improved performance
of sMHD compared to the MHD highlights the importance of considering these
dependencies to identify abnormal pixels as outliers. Furthermore, our results in-
dicate that considering the training data as a reference distribution for the MHD,
as done in the case of CM [28], is ineffective for segmentation. This finding un-
derscores the importance of constructing a pseudo-healthy reference distribution
tailored to each individual test case, which is a key aspect of our approach.
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In summary, leveraging the sMHD based on generated pseudo-healthy distribu-
tions for refining anomaly scoring can enhance the segmentation performance of
DDPMs in the context of UAD in brain MRI. While we demonstrate this im-
proved performance for cDDPMs, the baseline DDPMs and pDDPMs can also
benefit from the sMHD, underscoring our method’s versatility and potential im-
pact in enhancing anomaly detection performance. A general limitation of UAD
is its restriction to binary segmentation and the overall low performance for
subtler anomalies, such as those found in WMH or MSLUB data sets. While
our approach increases overall performance, it is important to acknowledge the
increased computational demand due to the requirement of multiple reconstruc-
tions and matrix inversion. Future work could explore efficient approximations or
decompositions to enhance the computational efficiency of MHD calculations.
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33. Zavrtanik, V., Kristan, M., Skočaj, D.: Draem-a discriminatively trained re-
construction embedding for surface anomaly detection. In: Proceedings of the
IEEE/CVF International Conference on Computer Vision. pp. 8330–8339 (2021)

34. Zimmerer, D., Kohl, S., Petersen, J., Isensee, F., Maier-Hein, K.: Context-encoding
variational autoencoder for unsupervised anomaly detection. In: MIDL (2019)



8 Publications

8.6 Combining Reconstruction-based Unsupervised
Anomaly Detection with Supervised Segmentation for
Brain MRIs [25]

This article is licensed under a Creative Commons Attribution (CC BY) 4.0
License, which permits unrestricted use, distribution, and reproduction, provided the
original work is properly cited.

120



Proceedings of Machine Learning Research 250:0–15, 2024 MIDL 2024 – Full paper track

Combining Reconstruction-based Unsupervised Anomaly
Detection with Supervised Segmentation for Brain MRIs

Finn Behrendt1 finn.behrendt@tuhh.de
Debayan Bhattacharya1 debayan.bhattacharya@tuhh.de
Lennart Maack 1 lennart.maack@tuhh.de
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Abstract

In contrast to supervised deep learning approaches, unsupervised anomaly detection (UAD)
methods can be trained with healthy data only and do not require pixel-level annotations,
enabling the identification of unseen pathologies. While this is promising for clinical screen-
ing tasks, reconstruction-based UADmethods fall short in segmentation accuracy compared
to supervised models. Therefore, self-supervised UAD approaches have been proposed to
improve segmentation accuracy. Typically, synthetic anomalies are used to train a seg-
mentation network in a supervised fashion. However, this approach does not effectively
generalize to real pathologies. We propose a framework combining reconstruction-based
and self-supervised UAD methods to improve both segmentation performance for known
anomalies and generalization to unknown pathologies. The framework includes an unsu-
pervised diffusion model trained on healthy data to produce pseudo-healthy reconstruc-
tions and a supervised Unet trained to delineate anomalies from deviations between input-
reconstruction pairs. Besides the effective use of synthetic training data, this framework
allows for weakly-supervised training with small annotated data sets, generalizing to unseen
pathologies. Our results show that with our approach, utilizing annotated data sets during
training can substantially improve the segmentation performance for in-domain data while
maintaining the generalizability of reconstruction-based approaches to pathologies unseen
during training.

Keywords: Unsupervised Anomaly Detection, Diffusion Models, Brain MRI, Self Super-
vision, Weak Supervision

1. Introduction

Deep learning (DL) methods have advanced in their ability to detect and segment brain
pathologies in MRI images (Lundervold and Lundervold, 2019). However, acquiring anno-
tated data for each pathology is a challenge, especially when considering screening tasks,
where the objective is to detect any potential anomaly.
Unsupervised anomaly detection (UAD) provides a potential solution by modeling the dis-
tribution of healthy brain MRI scans to identify anomalies as outliers. A common tech-
nique in UAD is reconstruction-based anomaly detection, where generative models (GM)
are trained to reconstruct healthy brain images. At test time, the GMs fail to replicate

© 2024 CC-BY 4.0, F. Behrendt, D. Bhattacharya, L.M. , J. Krüger, R. Opfer & A. Schlaefer.
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pathologies, thereby revealing anomalies through discrepancies between input and recon-
struction. This method only necessitates healthy data and enables the identification of
pathologies not encountered during training, which poses a challenge for supervised mod-
els. However, the performance of reconstruction-based UAD methods is often surpassed by
supervised models when sufficient task-specific data is available (Chen et al., 2020; Baur
et al., 2021b). Unlike supervised methods, UAD methods that rely on reconstructions do
not directly learn the relationship between abnormal patterns and their corresponding an-
notations. Instead, the segmentation map is a byproduct of measuring the discrepancy
between input and reconstruction. This results in a noisy anomaly map with potential false
positives caused by the GM’s imperfect reconstructions. Consequently, distinguishing actual
anomalies from normal reconstruction errors can be challenging. An alternative approach
is self-supervised UAD, where synthetic anomalies are introduced to the healthy brain im-
ages to train a segmentation network in a supervised manner. Unlike reconstruction-based
UAD, this strategy produces distinct anomaly maps with high specificity, simplifying the
discrimination of abnormal structures similar to the synthesized anomalies. However, the
segmentation performance depends on the nature of the generated anomalies and tends to
have limited generalization to real pathologies (Lagogiannis et al., 2023; Cai et al., 2023).
In this study, we aim to combine the strong generalization capabilities and high sensitivity
of reconstruction-based methods with the high specificity of self-supervised methods. We
develop a framework that employs a denoising diffusion probabilistic model (DDPM; DM) to
generate pseudo-healthy reconstructions of potentially abnormal input images (reconstruc-
tion branch). Furthermore, an Unet is trained to segment anomalies based on the residual
of the input and the pseudo-healthy reconstruction (segmentation branch). We consider
different settings to obtain the annotations for the supervised training of the Unet. First,
in the self-supervised setting, we introduce synthetically generated anomalies to healthy
brain MRIs. Second, in the semi-supervised setting, we utilize a small amount of annotated
data containing real pathologies. At test time, the unsupervised anomaly maps from the
reconstruction branch and the supervised predictions from the segmentation branch are
fused to a final anomaly score.
The results demonstrate that in contrast to self-supervised methods, our approach allows to
integrate supervision while maintaining the generalizability of the underlying reconstruction
branch. Specifically, we can improve the Dice score of reconstruction-based UAD methods
from 58.55 % to 69.68 % for tumors when using the same pathologies for training, while
the Dice score for stroke lesions unseen during training increases from 24.74 % to 26.77 %.

2. Related Work

For reconstruction-based UAD, different architectures have been proposed as GM. While
the majority focuses on Autoencoders (AE) (Baur et al., 2021a) or Variational autoen-
coders (VAE) (Zimmerer et al., 2019; Chen et al., 2020; Bercea et al., 2023a,c), also vector-
quantized VAEs (Pinaya et al., 2022) and GANs (Nguyen et al., 2021) have been employed.
Moreover, it has been shown that utilizing denoising tasks for regularization with Unet-
like AEs can improve the UAD performance (Kascenas et al., 2022, 2023). Consequently,
DDPMs have emerged as a GM for reconstruction-based UAD (Wyatt et al., 2022; Behrendt
et al., 2023a,b; Bercea et al., 2023b). In self-supervised UAD, typically, synthetic anomalies
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are incorporated into normal brain images. Subsequently, Unets are trained to segment
these synthetic anomalies (Tan et al., 2021, 2022; Cho et al., 2022; Meissen et al., 2022a).
We note that while AE-based reconstruction methods may also fall under the category of
self-supervised techniques, within this work, the term ”self-supervised” refers to the afore-
mentioned approach of training segmentation models using synthetic anomalies. Expand-
ing on this strategy, DRAEM (Zavrtanik et al., 2021) employs a dual-network architecture
comprising a generator and a segmentation network. The generator is trained to eliminate
synthetic anomalies, thereby providing a pseudo-healthy reconstruction. The segmentation
network is then used to segment the generated anomalies, given the concatenation of ab-
normal input and pseudo-healthy reconstruction. Note that for the generator network in
DRAEM, inpainting of synthetic anomalies is enforced by calculating the reconstruction
loss between reconstruction and the anomaly-free input. In contrast, in our approach, the
reconstruction model is trained on healthy data in an unsupervised fashion to remove any
abnormal structure that is not part of the healthy training distribution. Hence, we expect
this approach to generalize more readily to real pathologies. The authors (Liu et al., 2022)
take a similar approach, aiming to improve supervised segmentation performance by aug-
menting a dual-branch Unet with pseudo-healthy reconstructions. These reconstructions
are generated by a Soft-Intro VAE trained on healthy data. In contrast, our proposed
framework does not solely depend on supervised predictions. Instead, these predictions
are combined with the unsupervised anomaly scores derived from reconstructions of a DM.
We hypothesize that this combination enables general anomaly detection, particularly for
pathologies unseen during training.

Figure 1: Schematic drawing of SADM. In Stage I, FDM
θ is trained to reconstruct healthy

brain images. In stage II, the parameters θ are fixed, and the segmentation
network F seg

ϕ is trained, either on synthetic anomalies (self-supervised) or real

pathologies (semi-supervised). At test time, the supervised prediction ˆ̇y and the
unsupervised anomaly map x̃ are combined to the final anomaly score (AS).

2
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3. Method

In this section, we introduce our framework for supervised anomaly detection with DMs
(SADM), detailed schematically in Figure 1.

3.1. Supervised Anomaly Detection with Diffusion Models (SADM)

SADM integrates two primary branches: a DM for generating pseudo-healthy reconstruc-
tions (reconstruction branch) and a supervised Unet for segmentation (segmentation branch).
We train SADM in two sequential stages.

Stage I: Unsupervised Reconstruction

In the first stage, our objective is to train the DM to reconstruct healthy brain scans
x̂ = FDM

θ (x) where x ∈ RH×W . The training of the DM focuses on optimizing parameters
θ to minimize the l1-reconstruction loss:

LRec = |x− x̂|. (1)

Stage II: Supervised Segmentation

In the second stage, the pseudo-healthy reconstruction generated by the DM trained in Stage
I is utilized to support anomaly segmentation. Given an input scan with a real or synthetic
anomaly ẋ ∈ RH×W and its corresponding ground truth annotation ẏ ∈ RH×W , we use the
DM, trained in Stage I, to generate the pseudo-healthy reconstruction ˆ̇x = FDM

θ (ẋ). Next,

we feed both the residual (ẋ− ˆ̇x) and the original input ẋ into a Unet. After encoding both
inputs, the resulting features are concatenated at each layer and fed to the Unet decoder
to predict the segmentation map ˆ̇y = F seg

ϕ (ẋ − ˆ̇x, ẋ). Only the Unet parameters ϕ are
optimized to minimize the cross-entropy (CE) segmentation loss during Stage II

LSeg = CE(ˆ̇y, ẏ). (2)

Anomaly Detection

The anomaly detection process leverages both components of our framework for anomaly
segmentation. Given a potentially abnormal input ẋ, we generate a reconstruction ˆ̇x =
FDM
θ (ẋ) by the DM. Next, we utilize F seg

ϕ to derive the supervised anomaly prediction ˆ̇y =

F seg
ϕ (ẋ−ˆ̇x, ẋ). In addition, we utilize the pixel-wise structural similarity (SSIM (Wang et al.,

2004)) between input and reconstruction x̃ = 1− SSIM(ẋ− ˆ̇x) for unsupervised anomaly
scoring. The anomaly score (AS) is then derived as a combination of the unsupervised
anomaly map and supervised anomaly prediction

Anomaly Score (AS) = x̃+ ˆ̇y. (3)

For pathologies similar to the anomalies seen during training, the supervised anomaly
prediction will feature higher probabilities in abnormal regions, refining the unsupervised
anomaly map. For unseen pathologies, the predicted probabilities are low such that x̃ is
unaltered. We hypothesize that this combination allows for comprehensive anomaly detec-
tion, leveraging the unsupervised anomaly map for general anomaly identification and the
supervised prediction for precise segmentation of known abnormal patterns.

3
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4. Experimental Setup

4.1. Data

We use T1-weighted MRIs from the IXI data set to train the DM in Stage I. We separate
a healthy test set consisting of 160 samples. The remaining data is partitioned into five
training sets (N=358) and validation sets (N=44) for cross-validation. In Stage II, we utilize
the strategy applied in (Zavrtanik et al., 2021) to generate pairs of synthetic anomalies and
ground truth annotation based on the IXI data set (DRAEM). Additional information about
the generation process and exemplary anomalies are provided in Appendix C. Additionally,
for the weakly supervised setting, we utilize small subsets containing approximately 10% of
the BraTS21 (BRATS, N=1251) (Baid et al., 2021; Bakas et al., 2017; Menze et al., 2014),
and ATLAS-v2.0 (ATLAS, N=655) (Liew et al., 2022) data sets. For evaluation, we utilize
the remaining 1151 and 589 samples of the BRATS and ATLAS data sets, respectively.
Furthermore, we utilize the augmented IXI test set (DRAEM) to assess the segmentation
performance concerning synthetic anomalies.
Pre- and post-processing: We resample all T1 MRI scans to a resolution of [1×1×1] mm
and register them to the SRI24-Atlas (Rohlfing et al., 2010). Subsequently, we perform skull-
stripping using HD-BET (Isensee et al., 2019) leading to volumes of size [192× 192× 160]
voxels. Finally, we apply bias-field corrections, reduce the resolution by a factor of two
and crop 15 top and bottom slices in the transverse plane. For post-processing, we apply
median filtering with a kernel size of 5 to the unsupervised anomaly maps.

4.2. Implementation Details

We utilize DMs as GM within our proposed framework to generate pseudo-healthy recon-
structions1. Specifically, we use conditioned DDPMs (cDDPM) following the implementa-
tion of (Behrendt et al., 2023b). For the supervised segmentation of the residual image, we
utilize a Unet (Ronneberger et al., 2015) like architecture, adapted from (Kascenas et al.,
2022). The volumes are processed in a slice-wise fashion, sampling slices uniformly dur-
ing training. At test time, we reconstruct the full volume by iterating over all slices. We
compare our framework against different established baselines. We compare reconstruction-
based AEs and VAEs (Baur et al., 2021a), FAEs (Meissen et al., 2022b), DDPMs (Wyatt
et al., 2022), pDDPMs (Behrendt et al., 2023a) and cDDPMs (Behrendt et al., 2023b).
Furthermore, we compare the feature-based reverse distillation method (RD) (Deng and Li,
2022), the self-supervised Poisson image interpolation (PII) (Tan et al., 2021) and DRAEM-
Net (Zavrtanik et al., 2021) approaches. Note that for PII we perform the anomaly gener-
ation based on the IXI data set. For all reconstruction-based methods, we utilize SSIM for
anomaly scoring with a Gaussian kernel with standard deviation of σssim = 1, leading to a
window size of kssim = 9. Implementation details of our proposed framework and compared
baselines are provided in Appendix B.

1. Code available at
https://github.com/FinnBehrendt/Supervised-Anomaly-Detection-with-Diffusion-Models
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Training Data Test Data

Model Dhealthy Dunhealthy
BRATS (real) ATLAS (real) DRAEM (synthetic)

⌈DICE⌉ AUPRC ⌈DICE⌉ AUPRC ⌈DICE⌉ AUPRC

I.
U
n
su
p
er
v
is
ed

AE IXI None 39.16 ± 0.64 35.95 ± 0.70 14.14 ± 0.28 11.84 ± 0.37 9.91 ± 0.04 5.27 ± 0.04
VAE IXI None 39.25 ± 0.50 36.07 ± 0.56 14.52 ± 0.37 12.18 ± 0.39 9.83 ± 0.14 5.28 ± 0.08
DAE IXI None 55.93 ± 0.66 56.42 ± 0.84 19.95 ± 0.96 18.18 ± 0.98 12.50 ± 0.31 7.50 ± 0.22
FAE IXI None 43.04 ± 0.49 42.04 ± 0.41 17.59 ± 0.15 13.91 ± 0.10 19.60 ± 0.49 13.68 ± 0.25
RD IXI None 32.90 ± 0.65 28.31 ± 0.86 19.45 ± 0.25 15.51 ± 0.20 19.55 ± 0.60 13.17 ± 0.61
DDPM IXI None 48.65 ± 0.90 46.93 ± 1.02 17.86 ± 0.87 14.70 ± 0.70 10.37 ± 0.23 6.04 ± 0.27
pDDPM IXI None 55.93 ± 0.28 55.44 ± 0.36 21.79 ± 0.40 19.12 ± 0.43 14.59 ± 0.47 9.27 ± 0.31
cDDPM IXI None 58.55 ± 0.78 59.09 ± 0.91 24.74 ± 1.15 21.76 ± 0.98 11.94 ± 0.52 7.31 ± 0.43

II
.
S
el
f-
S
u
p
er
v
is
ed PII None PII 30.38 ± 2.46 24.66 ± 2.54 9.81 ± 1.93 7.31 ± 1.64 23.44 ± 1.61 15.09 ± 0.97

DRAEM-Net None DRAEM 24.78 ± 4.21 18.49 ± 4.05 12.65 ± 1.90 9.51 ± 1.75 79.77 ± 2.37 83.39 ± 2.34
Unet None DRAEM 40.75 ± 3.30 37.64 ± 3.92 16.91 ± 0.38 15.25 ± 0.26 76.03 ± 1.21 80.30 ± 1.32
Unetres IXI DRAEM 45.80 ± 3.22 44.05 ± 4.09 18.44 ± 0.47 16.81 ± 0.44 77.43 ± 1.16 81.93 ± 1.23
SADM IXI DRAEM 50.81 ± 0.57 49.81 ± 0.81 23.82 ± 0.32 20.71 ± 0.35 73.77 ± 2.50 71.85 ± 3.02
SADMres IXI DRAEM 60.53 ± 0.54 60.27 ± 1.02 27.78 ± 0.14 24.57 ± 0.13 76.72 ± 1.30 75.45 ± 1.96

II
I.
W
ea
k
ly
-S
u
p
er
v
is
ed

Unet None BRATS 64.81 ± 0.21 69.24 ± 0.33 11.82 ± 0.60 10.32 ± 0.61 24.83 ± 1.10 20.96 ± 1.46
Unetres IXI BRATS 67.01 ± 0.70 71.80 ± 0.87 17.33 ± 1.31 15.55 ± 1.50 19.93 ± 2.40 16.41 ± 2.64
SADM IXI BRATS 69.01 ± 0.21 72.62 ± 0.46 25.25 ± 0.58 21.03 ± 0.50 14.93 ± 0.51 11.65 ± 0.66
SADMres IXI BRATS 69.68 ± 0.48 73.34 ± 0.85 26.77 ± 0.65 23.22 ± 0.86 17.11 ± 1.78 14.47 ± 1.91

Unet None ATLAS 35.13 ± 2.97 32.87 ± 3.07 46.30 ± 0.72 46.37 ± 0.73 29.11 ± 1.02 24.55 ± 1.91
Unetres IXI ATLAS 36.82 ± 4.18 34.91 ± 4.92 47.36 ± 0.80 47.61 ± 0.88 22.07 ± 2.20 17.94 ± 2.39
SADM IXI ATLAS 58.52 ± 0.60 57.17 ± 1.60 46.40 ± 0.17 44.71 ± 0.15 16.10 ± 1.10 12.81 ± 1.09
SADMres IXI ATLAS 58.85 ± 0.44 57.68 ± 1.23 47.64 ± 1.40 46.13 ± 1.36 17.77 ± 1.82 14.49 ± 1.73

Table 1: Segmentation performance regarding DICE and AUPRC. Block I: Unsupervised
approaches, trained with healthy data. Block II:, Self-supervised approaches,
trained with synthetic anomalies. Block III: Weakly-supervised approaches,
trained with real pathologies. Dhealthy and Dunhealthy represent the type of data
used during training.

5. Experiments

For all our experiments, we evaluate the BRATS and ATLAS data sets containing real
pathologies and the IXI data set augmented with synthetic anomalies (DRAEM). We re-
port the mean ± standard deviation across the different folds for the best possible Dice
Score ([DICE]) as well as the Area under Precision-Recall Curve (AUPRC) to assess the
segmentation performance. We evaluate different variants of SADM. In SADMres, the resid-
ual of input and reconstruction and the (abnormal) input are fed to the Unet, whereas in
SADM, only the input is used. Furthermore, we consider Unet and Unetres, where, in con-
trast to SADM only the prediction of the Unet is used, ignoring the anomaly map of the
unsupervised reconstruction branch. In Appendix D, we provide an ablation study on the
weighted combination of the segmentation and reconstruction branch.

5.1. Training with Synthetic Anomalies

We evaluate our approach in different settings. First, we assume the typical UAD case
where only data with healthy labels is available. We use synthetic anomalies to obtain a
supervised signal for the segmentation branch in SADM. We utilize the generation process
proposed in DRAEM (Zavrtanik et al., 2021) to generate the anomalies. In this setting, we
compare our framework to various UAD baselines. Results are reported in block I and block
II of Table 1. Across the compared UAD baselines in block I, cDDPMs show the highest
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Figure 2: Examplary test cases for SADMres, trained and evaluated in the weakly-
supervised setting with the BRATS and ATLAS data sets, respectively. For
visualization purposes, we provide exemplary binary segmentation maps for the
unsupervised anomaly score, the supervised prediction and the final AS, respec-
tively. We derive the binarization threshold by optimizing for the best possible
dice score.

segmentation performance for real pathologies. Hence, we consider them as a reconstruction
model for the SADM framework. For real pathologies, SADMres outperforms cDDPMs
with performance improvements of 3.4 %, 12.3 % for the BRATS and ATLAS data sets,
respectively. Considering the synthetic anomalies in the DRAEM data set, a substantially
higher DICE of 76.72 % is reported for SADMres compared to the DICE of 11.94 % achieved
by cDDPMs. Notably, while the DRAEM-Net shows relative performance improvements of
10.5 % over SADMres for synthetic anomalies, it fails to generalize to the real pathologies
in the BRATS and ATLAS data sets. Even the Unet, trained with the same synthetic
anomalies as in DRAEM-Net, outperforms DRAEM-Net considering real pathologies.
Comparing SADM and SADMres, we observe that utilizing the residual of abnormal input
and pseudo-healthy reconstruction in addition to the abnormal input substantially improves
the segmentation performance across all data sets.

5.2. Training with Real Pathologies

In this section we investigate using our framework in a weakly-supervised setting. Instead
of generating synthetic anomalies, we assume a small amount of annotated data is available
and consider a subset of the BRATS and ATLAS data sets for training, respectively. We
only train with one data set at a time to evaluate the generalization to unseen pathologies.
The results for this weakly-supervised setting are reported in block III of Table 1. Using
a small subset of annotated data substantially improves the segmentation of all models
when evaluating the same (in-domain) data set. However, the segmentation performance
of Unet and Unetres is poor for data sets containing pathologies unseen during training. In
contrast, both SADM and SADMres enhance the segmentation performance on in-domain
data while maintaining or even improving the performance of unsupervised cDDPMs for
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unseen pathologies. A visualization of the anomaly maps coming from different branches of
the SADM framework is provided in Figure 2.

6. Discussion and Conclusion

A significant challenge of supervised methods that UAD addresses is the need for annotated
training data. This is especially crucial when considering screening tasks where the type and
shape of potential lesions are unknown. Therefore, it is highly desirable to achieve general-
ization to different kinds of lesions while minimizing false positive predictions. In this work,
we aim for a framework that benefits from the robust generalization of reconstruction-based
UAD methods and the high discriminative power of supervised strategies.
Comparing the unsupervised and self-supervised approaches in Table 1, the additional shape
information typically improves the segmentation performance with the magnitude of im-
provement dependent on the lesion type. However, considering purely self-supervised mod-
els, it is evident that supervised training based on synthetic data can result in overfitting.
In contrast, our proposed framework, improves the segmentation performance for anoma-
lies of known shape and appearance while maintaining or even improving the generalization
of reconstruction-based UAD for pathologies unseen during training. This indicates that
the framework effectively utilizes the complementary information of the reconstruction and
segmentation branches, as highlighted in Figure 2. On the one hand, the supervised seg-
mentation branch enhances the specificity for pathologies similar to the anomalies seen
during training. On the other hand, the reconstruction branch maintains the high sensi-
tivity of reconstruction-based UAD for any abnormal pattern unseen during the training
of the DM. Furthermore, feeding the residual of input and reconstruction to the Unet in
addition to the abnormal input can enhance the segmentation performance, particularly in
the self-supervised setting. This indicates that the additional information in the residual
may contribute to learning the deviation from a normal representation, potentially reduc-
ing the risk of overfitting to specific anomaly shapes. While the DRAEM-Net shares some
similarities with our approach, there are significant differences. First, DRAEM-Net uses a
generator network trained to remove synthesized anomalies. In contrast, our reconstruction
branch employs a DM trained to reconstruct healthy data without explicitly enforcing the
removal of specific anomalies. Second, instead of solely relying on the segmentation branch,
we combine the supervised prediction with the unsupervised anomaly map derived from
the reconstruction branch. As demonstrated in our experiments, these adaptations lead to
improved segmentation performance and generalization, enabling the effective use of SADM
in a weakly-supervised setting. Therefore, our framework adds a significant feature to UAD
approaches, especially considering that some annotated data is typically available.
In summary, our approach shows encouraging results, paving the way for a practical solution
for UAD in brain MRI. Limitations are seen in the potential reconstruction of unhealthy
structures by the reconstruction branch and in the investigated synthetic anomalies in-
tended initially for industrial defect detection. Despite the demonstrated improvement in
performance, we anticipate further enhancements when integrating more realistic synthetic
anomalies. Additionally, we intend to include data sets featuring subtler anomalies or dif-
ferent imaging modalities to broaden the evaluation of our approach.
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Appendix A. Qualitative Comparison

Figure 3: Comparison of baseline models for pathologies from the BRATS (left two
columns) and ATLAS (right two columns) data sets.
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Appendix B. Implementation Details

All models are implemented in Pytorch (v0.10). For data handling and augmentation,
torchio (Pérez-Garćıa et al., 2021) is utilized. We choose the best-performing model check-
point, measured by the validation set performance. We utilize Adam as an optimizer with
a batch size of 32. For data augmentation, we utilize random -blur, -bias, -gamma and
-ghosting. All Baselines are implemented following the official GitHub repositories. We
train our models on NVIDIA RTX 3090 and V100 GPUs.

B.1. SADM

Our SADM framework consists of a reconstruction branch and a segmentation branch. In
the reconstruction branch, we utilize cDDPMs (Behrendt et al., 2023b) as a generative
model. We follow the official implementation2 and utilize a 3-layer Unet with channel
dimensions [128, 128, 256] as a denoising network with a pre-trained resnet50 encoder for
conditioning. During training, we uniformly sample noise levels t ∈ [0, T ]. At test time, we
derive the final reconstruction as an average from reconstructions of different noise levels
ttest ∈ [250, 500, 750]. For the segmentation branch, we adapt the Unet architecture as
employed by (Kascenas et al., 2022). Our base Unet architecture consists of three layers with
channel dimensions of 64, 128, and 256, respectively, incorporating group normalization and
SiLU activation functions. For SADMres, we utilize the same encoder to separately encode
the residual of the input and reconstruction, as well as the input itself. The resulting feature
maps are then concatenated along the channel dimension at each layer and passed to the
decoder, effectively doubling the channel dimensions. A sigmoid layer is added after the
final convolution to produce the segmentation output. In stage I and II, we train for 1600
and 600 epochs, with learning rates of 1e-4 and 5e-5, respectively.

B.2. Baselines

We implement various baseline methods based on the official code with individual adap-
tations of hyper-parameters that have been shown to improve training stability or perfor-
mance regarding the validation data. Unless stated otherwise, all models are trained for
1600 epochs, choosing the best checkpoint based on the validation set performance, using
Adam as an optimizer. For AEs and VAEs, we use a latent dimension of 128 and set the
learning rate to 1e-4. For VAEs, we set βKLD = 0.001. For RD and DRAEM, we set the
learning rate to 1e-4. The DDPM, pDDPM and cDDPM baselines are trained with simplex
noise as proposed in (Wyatt et al., 2022) and a learning rate of 1e-5, respectively. Note that
for all DDPM-based baselines, we utilize the averaged reconstruction from three different
noise levels ttest ∈ [250, 500, 750].

Appendix C. Synthetic Anomalies

We generate the synthetic anomalies by following the procedure of (Zavrtanik et al., 2021).
First, a noise image is generated using Perlin noise (Perlin, 1985), capturing a wide variety
of shapes. Subsequently, the noise image is binarized by a uniformly sampled threshold,

2. https://github.com/FinnBehrendt/Conditioned-Diffusion-Models-UAD
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resulting in an anomaly map Ma, that is used as ground truth annotation. The binary
map is further processed by three random augmentation functions, sampled from the set
of {posterize, sharpness, solarize, equalize, brightness change, color change, auto-contrast},
leading to Iaug. Finally, Iaug is masked by Ma and blended with the original image I,
leading to Isyn = (1−Ma)⊙ I + (1− γ)(Ma ⊙ I) + γ(Ma ⊙ Iaug). The operator ⊙ denotes
element-wise multiplication and γ denotes the opacity parameter that is uniformly sampled
from γ ∈ [0.2, 1.0]. Figure 4 showcases exemplary synthetic images with the corresponding
annotation mask.

Figure 4: Examplary Synthetic Anomalies generated by the DRAEM procedure. Top: Im-
ages from the IXI data set, augmented with synthetic anomalies. Bottom: An-
notation corresponding to the introduced anomalies.

Appendix D. Analysis of the Anomaly Score Weighting

In this section, we analyze the different weightings of the anomaly scores from the supervised
and reconstruction branches. We derive the AS by weighing the individual scores as follows

Anomaly Score (AS) = β · xtilde + (1− β) · ˙̂y. (4)

We vary the weighting parameter β from zero to one. β = 0 corresponds to solely relying
on the supervised branch (Unetres). β = 1 corresponds to solely using the reconstruction
branch (cDDPM).
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UAD with Supervision

Trained on ATLAS
Evaluated on ATLAS Evaluated on BRATS

Trained on BRATS
Evaluated on ATLAS Evaluated on BRATS

Figure 5: Analysis of the anomaly score weighting given
AS = β · xtilde + (1 − β) · ˙̂y, where xtilde represents the anomaly map coming
from the unsupervised reconstruction branch and ˙̂y represents the anomaly map
coming from the supervised segmentation branch. The ⌈DICE⌉ is plotted against
different values of β.
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List of Abbreviations

Abbreviations Description
MRI Magnetic Resonance Imaging
UAD Unsupervised Anomaly Detection
GM Generative Model
RF Radio Frequency
FLAIR Fluid Attenuated Inversion Recovery
MSE Mean Squared Error
MAE Mean Absolute Error
ANN Artificial Neural Network
AN Artificial Neuron
ReLU Rectified Linear Unit
MLP Multilayer Perceptron
CNN Convolutional Neural Network
FC Fully Connected
GAN Generative Adversarial Network
AE Autoencoder
VAE Variational Autoencoder
ELBO Evidence Lower Bound
DDPM Denoising Diffusion Probabilistic Model
AD Anomaly Detection
SVDD Support Vector Data Description
SVM Support Vector Machine
MN MixedNormals
IXI Information eXtraction from Images
BRATS Brain Tumor Segmentation Challenge
MSLUB Multiple Sclerosis data set from the University Hospital of Ljubljana
MS Multiple Sclerosis
ATLAS Anatomical Tracings of Lesions After Stroke
WMH White Matter Hyperintensities
SSIM Structural Similarity Index Measure
PSNR Peak Signal-to-Noise Ratio
LPIPS Learned Perceptual Image Patch Similarity
DICE Sørensen-Dice Coefficient
AUPRC Area Under the Precision-Recall Curve
FAE Feature Autoencoder
RD Reverse Distillation
EDC Encoder-Decoder Consistency
SVAE Sequential Variational Autoencoder
DAE Denoising Autoencoder
RA Reverse Anomaly
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List of Abbreviations

Abbreviations Description
FPI Foreign Patch Interpolation
Thresh Thresholding
pDDPM Patched Diffusion Model
cDDPM Conditioned Diffusion Model
MHD Mahalanobis Distance
SADM Supervised Anomaly Detection with Diffusion Models
AS Anomaly Score
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