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 A B S T R A C T

The manual assessment of brain Magnetic Resonance Imaging (MRI) scans can be labor-intensive and time-
consuming for radiologists. Deep Learning methods have demonstrated the potential to aid this process. 
However, their effectiveness relies on the availability of large, annotated data sets. Unsupervised Anomaly 
Detection (UAD) presents a promising alternative, offering the potential to identify and localize anomalies 
without per-pixel annotations. Instead, a normative distribution is learned using healthy data, enabling the 
identification of abnormalities as deviations. This allows UAD methods to detect abnormalities that were 
unseen during training. This appealing feature has led to numerous studies proposing innovations and novel 
approaches. In this work, we provide a review of the literature and systematically collect and compare the 
proposed approaches. We observe that UAD has made significant advancements in brain MRI analysis. How-
ever, individual approaches are often evaluated in different contexts, i.e., changes in acquisition parameters, 
pre- and post-processing, and anomaly scoring. This variability makes it challenging to assess which models 
perform best, underscoring the need for comprehensive comparative studies concerning the specific context of 
MRI scans. Our collection, featuring public data sets, research studies, and open implementations, is available 
at our GitHub repository https://github.com/FinnBehrendt/Unsupervised-Anomaly-Detection-in-Brain-MRI.
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1. Introduction

Magnetic resonance imaging (MRI) of the brain is a widely em-
ployed radiological examination for non-invasive diagnosis of neuro-
logical disorders. In recent decades, the continuous advancements in 
hardware and software technologies associated with MRI scanners have 
enabled the acquisition of high-resolution images, that provide valuable 
insights into the internal structures of the human body (Kabasawa, 
2022; Börnert and Norris, 2020). The clinical relevance of modern 
MRIs has notably increased the annual volume of scans (McDonald 
et al., 2015). This increase in volume imposes additional burdens on 
radiologists, requiring labor-intensive evaluation of each MRI to avoid 
diagnostic errors (Bruno et al., 2015). However, interpreting MRIs can 
be challenging and human errors such as inattentional blindness are 
likely (Drew et al., 2013; van Hespen et al., 2021). This challenge is 
also evident in the high variability in interpretations among radiolo-
gists in clinical studies (Bauer et al., 2013; Porz et al., 2014). Hence, 
ongoing research aims to support radiologists by leveraging data-driven 
deep learning (DL) methods like convolutional neural networks (CNNs) 
trained in a supervised manner to detect specific pathologies (Porz 
et al., 2014; Menze et al., 2014; Lundervold and Lundervold, 2019; 
Sogancioglu et al., 2024). In this approach, extensive collections of 
annotated MRI scans are harnessed to learn correlations between the 
characteristics of pathologies and their manifestation in MRI images. 
This strategy can be highly effective when a large amount of data 
with high-quality annotations is available (Menze et al., 2014; Akkus 
et al., 2017; Crimi et al., 2019; Lundervold and Lundervold, 2019; 
Myronenko, 2019; Luu and Park, 2022). However, obtaining these 
annotations presents significant challenges, as it is a costly and time-
consuming process. Ideally, the consensus annotation of multiple raters 
is collected to reduce the noise originating from inter-rater variability. 
Moreover, training a robust supervised CNN requires balanced, large-
scale data sets, ensuring sufficient representation of each pathology 
class (Johnson and Khoshgoftaar, 2019; Fernando et al., 2020; Gooya 
et al., 2018; Shin et al., 2018). However, clinical data sets are often 
imbalanced in real-world scenarios. Another limitation of supervised 
methods is that even if trained with a perfectly annotated data set, only 
pathologies present in that specific data set can be detected, potentially 
overlooking other pathologies not accounted for in the training data 
distribution. An alternative to the supervised training paradigm is 
unsupervised anomaly detection (UAD). Instead of establishing a direct 
association between pathology features and ground truth annotations, 
the fundamental premise of UAD is to model the distribution of healthy 
anatomy and then identify any anomalies as deviations from this 
learned norm. UAD approaches have been applied to many domains, 
such as fraud detection (Bhattacharyya et al., 2011), industrial defect 
detection (Czimmermann et al., 2020), genetics (Tibshirani and Hastie, 
2007) and medical diagnosis (Fernando et al., 2021).

While UAD is broadly applicable, brain MRI represents a specific ap-
plication domain, as reflected by the particular clinical workflows and 
expertise required for neuroimaging. First, brain anatomy is broadly 
organized and exhibits approximate bilateral symmetry. Pathologies 
2 
Fig. 1. Composition of the reviewed learning-based UAD approaches in brain 
MRI per year.

can manifest in diverse ways, ranging from pronounced structural 
changes, such as tumors with associated mass effect, to subtle intensity 
alterations such as small white matter lesions. Second, normal brain 
morphology depends on context. For example, brain structure changes 
with age, motivating models that account for age-related variability. 
Third, although the use of multiple MRI sequences (e.g., T1, T2, FLAIR) 
is not unique to brain MRI, it is commonly employed in neuroimaging, 
where anomalies can become more apparent through the joint inter-
pretation of complementary sequences. These characteristics motivate 
modeling and evaluation strategies tailored to brain MRI. This is also 
reflected in the research interest in domain-specific UAD approaches 
(see Fig.  1).

In brain MRI analysis, early approaches relied on comparing brain 
MRIs to a statistical brain atlas (Gering et al., 2002; Cuadra et al., 
2002; Moon et al., 2002; Prastawa et al., 2003, 2004) or on asym-
metries between the left and right brain hemispheres (Watkins et al., 
2001; Woolard and Heckers, 2012). Furthermore, approaches incor-
porated pre-computed image-based features, which were subsequently 
input into machine learning algorithms such as Support Vector Ma-
chines (SVMs) or clustering methods to pinpoint outliers (van Leemput 
et al., 2001; Song and Wyrwicz, 2009; Wang et al., 2014; Andrade 
de Oliveira et al., 2015; Lapuyade-Lahorgue et al., 2017). In recent 
developments, DL methods such as CNNs are utilized due to their effec-
tive representation, particularly considering high-dimensional imaging 
data. Furthermore, reconstruction-based approaches as well as seg-
mentation networks have been proposed for UAD, enabling voxel-wise 
anomaly scoring. However, even in unsupervised settings, training 
often relies on data labeled as healthy to define the reference distribu-
tion, making models sensitive to labeling inaccuracies. Although UAD 
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can, in principle, be trained with partially labeled or contaminated 
data sets, current brain MRI studies often rely on curated healthy 
data to ensure a reliable reference distribution. Additionally, gen-
eralizability and robustness pose challenges. Variability in imaging 
protocols, scanner models, and patient populations introduces domain 
shifts that may be misclassified as pathologies. Addressing these do-
main shifts requires robust domain adaptation strategies and better 
integration of domain invariance mechanisms into UAD frameworks. 
Beyond these challenges, different classes of UAD approaches exhibit 
distinct methodological limitations. Methods based on feature rep-
resentations often produce coarse anomaly maps, while approaches 
relying on synthetic training data may struggle to generalize to real 
pathologies. Reconstruction-based methods must balance accurate re-
constructions without inadvertently reconstructing anomalies, often 
requiring additional post-processing and carefully designed anomaly 
scoring strategies. In addition, the computational complexity of many 
UAD methods limits their scalability and hinders applicability in clini-
cal workflows, particularly when considering 3D processing. Finally, a 
lack of standardized evaluation and benchmarking frameworks further 
complicates comparisons between methods, making it difficult to assess 
their reliability or determine their readiness for clinical integration.

At the same time, the rapid development of UAD methods has led 
to a wide variety of methodological approaches, including novel archi-
tectures as well as variations and combinations of existing methods. 
This has led to several literature reviews providing general overviews 
of anomaly detection (Chalapathy and Chawla, 2019; Ruff et al., 2021) 
and surveys focusing on the medical domain (Fernando et al., 2021; 
Tschuchnig and Gadermayr, 2022). However, existing reviews typically 
address anomaly detection either in a general context or across diverse 
medical imaging domains. As discussed above, the specific characteris-
tics of brain MRI motivate a dedicated review of modeling approaches, 
data handling, and evaluation strategies.

Our objective is to bridge this gap and to offer researchers a valuable 
resource by providing a thorough literature review of recent DL-based 
UAD methods for brain MRI, with three primary goals:

• We provide an introduction to commonly applied UAD methods 
and brain MRI data sets.

• We present an overview of research findings in the field of UAD 
for brain MRI, by systematically collecting and grouping recent 
work and highlighting the different approaches to UAD in brain 
MRI.

• We analyze existing approaches and explore the context and 
differences, challenges and future directions in this field.

The organization of our work is as follows:

1. Systematic literature search: We begin by describing the ap-
proach employed in our literature search, reporting used search 
queries and utilized resources.

2. Exploration of data sets and methods for UAD: We provide 
a collection of commonly used UAD data sets and provide an 
overview of common approaches to UAD in brain MRI.

3. Discussion of the context, challenges and future directions:
We compare the reviewed approaches concerning variable as-
pects of the UAD pipeline that we identified as important. Fur-
thermore, we discuss the progress made in the literature and 
highlight trends and challenges observed in the reviewed litera-
ture.

1.1. Literature search

Our literature search aimed to compile a collection of peer-reviewed 
studies that employed DL methods in an unsupervised manner to 
identify abnormalities in brain MRI scans. To initiate our literature 
search, we conducted an extensive search across relevant databases, 
namely PubMed, the SPIE digital library, Google Scholar and the IEEE 
3 
Proceedings. The search was last performed in December 2024. We 
gathered various search terms, which were organized into the following 
query: Brain AND (Unsupervised OR Self-Supervised OR Self Supervised 
OR Weakly-Supervised OR Weakly Supervised) AND (Anomaly Detection 
OR Anomaly Segmentation OR Outlier Detection). In addition to these 
database searches, we extended our scope by including research contri-
butions from prominent conference proceedings such as IEEE Engineer-
ing in Medicine and Biology Society (EMBC), International Symposium 
on Biomedical Imaging (ISBI), Medical Image Computing and Com-
puter Assisted Interventions (MICCAI) and Medical Imaging with Deep 
Learning (MIDL). Note that in contrast to databases like PubMed, for 
most conference proceedings, there are no advanced search queries 
that include keywords or general information other than the title of 
the publications. Therefore, we collected all publications within the 
aforementioned conference proceedings and refined this collection by 
implementing a post-filtering mechanism based on titles containing 
any of the following keywords: Unsupervised OR Self-Supervised OR Self 
Supervised OR Weakly-Supervised OR Weakly Supervised OR Anomaly 
Detection OR Anomaly Segmentation OR Outlier Detection. Finally, we 
added relevant work, suggested by other researchers. Our focus in this 
review was on solutions rooted in DL, which led us to initiate our search 
from the year 2013 onward, as we did not anticipate the existence of 
DL-based UAD methods before that period.

Our search yielded a compilation of 203 research items. Subse-
quently, we performed a manual review to exclude any false positives. 
Our exclusion criteria primarily targeted studies exploring modalities 
other than brain MRI or relying on supervised learning techniques. 
After manual filtering, we arrived at a refined selection of 89 research 
items that aligned with our criteria. This curated collection serves as 
the foundational resource for our comprehensive review.

2. Anomaly detection

Anomaly detection (AD) encompasses a class of machine learning 
tasks aimed at identifying data points that deviate significantly from 
a normative distribution. In medical imaging, such deviations can 
indicate the presence of pathological conditions. Formally, given a data 
space  ⊆ R𝐷, anomalies can be defined as elements 𝑥 ∈  that deviate 
from the normal data distribution D+ as stated by Ruff et al. (2021). In 
brain MRI applications, D+ is typically estimated from healthy patient 
data. The task of AD involves learning this normal distribution and 
identifying deviations that indicate anomalies. In practice, the sampled 
data distribution D may be a mixture of normal and anomalous data. 
This mixture can be expressed as:
D = (1 − 𝜂) ⋅ D+ + 𝜂 ⋅ D−

where D+ represents the normal data distribution, D− represents the 
anomalous data distribution, and 𝜂 is the contamination factor indicat-
ing the proportion of anomalies in the data set (Ruff et al., 2021). Many 
AD methods can be designed to account for small contamination factors 
(𝜂 > 0) without significant degradation in performance (Zhou and 
Paffenroth, 2017). However, in brain MRI applications, it is common 
practice to assume that the data distribution D is identical to D+, 
i.e., the contamination factor 𝜂 = 0.

2.1. Types of anomalies and detection levels

Anomalies can be categorized into point anomalies, contextual 
anomalies, and collective anomalies (Ruff et al., 2021). Point anomalies 
are single data samples that deviate from the normal data distribution. 
Considering AD in brain MRIs, point anomalies can be single samples 
that indicate the presence of a tumor or, in the voxel-wise case, 
single voxels that deviate from the normal data distribution. Contextual 
anomalies are data samples that are considered anomalies in a specific 
context, but not in another context. For example, enlarged ventricles 
are a common finding in older patients due to normal aging processes, 
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but they may be considered anomalous in younger patients. Similarly, 
vascular lesions, such as microbleeds or white matter hyperintensities, 
may be expected in older individuals but could signify pathological 
conditions if observed in younger patients. In a voxel-wise context, con-
textual anomalies can be single voxels that are considered anomalies 
in a specific region of the brain, but not in another region. Collective 
anomalies are groups of data samples that deviate from the normal data 
distribution. For example, they can correspond to groups of samples 
indicating the presence of a specific disease, such as tumors or multiple 
sclerosis. In the voxel-wise case, collective anomalies correspond to 
groups of voxels that form pathological patterns such as tumors or 
lesions. In practice, many clinically relevant abnormalities appear as 
spatial patterns rather than isolated voxel deviations. Consequently, 
many reconstruction- and feature-based methods primarily target de-
viations that form spatial patterns. Furthermore, some approaches 
explicitly incorporate contextual information to enhance the detection 
of contextual anomalies. While anomaly detection generally focuses 
on identifying irregularities within a known data distribution, Out-of-
Distribution (OOD) detection identifies data points originating from 
entirely different domains. For example, a chest X-ray in a brain MRI 
data set constitutes OOD data, whereas a brain tumor is an anomaly 
within the MRI domain. The challenges of distinguishing OOD samples 
from anomalies are discussed in Section 6.2.

2.2. Anomaly detection approaches

Unsupervised Anomaly Detection (UAD): UAD relies solely on 
unlabeled data, typically derived from (mostly) healthy individuals, 
for training. In this setting, the goal is to model the underlying data 
distribution and identify deviations indicative of anomalies without 
requiring explicit anomaly labels.
Semi-Supervised Anomaly Detection: Semi-supervised anomaly de-
tection incorporates partially labeled data sets, where a subset of 
anomalies is explicitly identified. This limited supervision aids in cal-
ibrating models and improves their ability to detect specific types of 
anomalies.

Weakly-Supervised Anomaly Detection: Weakly-supervised
approaches leverage imprecise or indirect annotations, such as coarse 
labels or approximate regions of interest, to achieve more detailed 
anomaly detection and segmentation. These methods aim to enhance 
model performance while reducing dependence on precise, fine-grained 
labels. For instance, weakly supervised models can be used to segment 
anomalies while only having access to sample-level labels.
Supervised Anomaly Detection: Supervised anomaly detection re-
quires fully labeled data sets for both normal and anomalous classes, 
transforming the task into a binary classification problem. In many 
cases, synthetic anomalies are generated using domain knowledge to 
simulate pathological conditions.

The supervised setting can be very effective when a large number of 
labeled data samples is available and the anomalies are well-defined. 
However, in practice AD aims to detect a wide range of anomalies that 
are sometimes unknown beforehand, making the unsupervised settings 
more common.

3. Approaches to UAD in brain MRI

In this section, we provide an overview of common approaches 
to the UAD task. We categorize the approaches based on their un-
derlying anomaly scoring mechanism. First, we introduce feature-
based approaches that typically score anomalies based on discrepancies 
or distances in the feature space of CNNs. Second, we introduce 
reconstruction-based approaches, which typically rely on encoder–
decoder architectures. These include both deterministic models, such as 
autoencoders (AEs), and probabilistic or generative models (GM), such 
as variational AEs or diffusion models. Lastly, we introduce synthetic 
anomaly methods that are trained by using specific pretext tasks to 
allow the segmentation of pathologies at test time. A general overview 
of all approaches is shown in Fig.  2 and Table  1.
4 
Fig. 2. Schematic drawing of the most common approaches for UAD in 
brain MRI. Feature-Based: A representation of healthy brains is learned 
and unhealthy brains are detected as outliers from the learned represen-
tation space. Reconstruction-based:  A reconstruction model (RM), such 
as an autoencoder or a generative model, is trained to reconstruct healthy 
brains. Unhealthy structures are identified via reconstruction errors. Synthetic 
anomaly methods: An Unet (Ronneberger et al., 2015) is trained to detect 
synthetic anomalies, added to healthy brains by the generator. Unhealthy 
structures can directly be segmented by the trained Unet.

3.1. Feature modeling methods

Feature-based approaches are typically trained to encode normal or 
healthy images into a representation space, also called latent space. 
Assuming that the latent representation of the training data reflects 
the distribution of normal data, anomalies can then be identified as 
deviations from this learned representation of normality. Often, density 
estimation techniques are used to score outliers (Laurikkala et al., 
2000), e.g., utilizing the Mahalanobis distance (Lee et al., 2018) or 
evaluating the log-likelihood of Gaussian Mixture Models (Roberts and 
Tarassenko, 1994; Lüth et al., 2023). Furthermore, machine learning 
models, like one-class SVMs (OC-SVM) (Schölkopf et al., 1999) are 
applied to directly learn a decision boundary, enabling a direct clas-
sification (Das et al., 2010; Alaverdyan et al., 2020). In the field of 
UAD in brain MRI, feature modeling techniques are often applied in 
global pathology detection as they do not directly provide a pixel-wise 
or voxel-wise localization of the unhealthy regions. Therefore, the fea-
ture discrepancies are often upsampled to the original size (Zimmerer 
et al., 2019a; Meissen et al., 2022c) or the discrimination is applied 
patch-wise (Martins et al., 2019c,b; Alaverdyan et al., 2020).

3.2. Reconstruction methods

Reconstruction-based approaches are the most common methods for 
UAD in brain MRI, using networks designed for image reconstruction. 
These approaches typically rely on encoder–decoder architectures that 
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Table 1
Overview of anomaly detection methods categorized by target task, minimal required supervision, and representative models. 
Classification tasks require anomaly scores across an entire image. Segmentation tasks, additionally require fine-grained anomaly 
localization at the pixel or voxel level. The table distinguishes minimal supervision levels, based on the degree of labeled data 
required for training. 
 Target task/Approach Feature-based Reconstruction-based Synthetic groundtruth-based 
 Classification Natively supported Supported via aggregation Natively supported  
 Segmentation Supported via upsampling Natively Supported Natively supported  
 Typical architectures GMM, OC-SVM, AE, VAE AE, VAE, GAN, DDPM Unet  
 Minimal supervision Unsupervised Unsupervised Self-Supervised  
learn to map input images into a latent representation and reconstruct 
them in the pixel space. Such models include deterministic reconstruc-
tion models, such as AEs, as well as probabilistic or generative models, 
such as variational AEs and diffusion models.

The core hypothesis of reconstruction-based methods is that the 
model is optimized to accurately reconstruct healthy structures ob-
served during training but struggles to map or reconstruct structures 
and patterns that deviate from the training distribution. To identify 
unhealthy structures, these methods measure the discrepancy, typi-
cally quantified as the reconstruction error, between the input and 
its reconstruction. In regions corresponding to healthy structures, the 
reconstruction closely matches the input, resulting in minimal discrep-
ancies. Conversely, in pathological regions, the reconstruction deviates 
significantly from the input, producing higher discrepancies. A voxel-
wise anomaly score is then derived from these reconstruction errors, 
enabling the localization of anomalies.

It is important to note that this assumption does not extend to all 
approaches that leverage generative models and reconstruction errors 
for anomaly scoring. For example, methods based on density estimation 
can operate differently. Rather than purely relying on the assumption 
that the generative model replaces unhealthy structures with estimates 
of healthy ones, these methods utilize the estimated likelihood of the 
generative process to detect anomalies. Anomalous regions are identi-
fied as areas of low likelihood and can be corrected by replacing them 
with higher-likelihood representations during the generative process, 
effectively combining density estimation with the reconstruction-based 
approach (Marimont and Tarroni, 2021; Pinaya et al., 2022b; Marimont 
et al., 2023).

3.3. Synthetic anomaly/synthetic groundtruth-based methods

In the domain of UAD in brain MRI, another common strategy 
involves the use of synthetic training data or a synthetic groundtruth, 
which we refer to as ‘‘Synthetic Anomaly Methods’’. While these ap-
proaches can be categorized as self-supervised or even supervised, we 
distinguish them here to emphasize their specific focus on leveraging 
synthetic anomalies. This separation aims to reduce potential confu-
sion, as the term ‘‘self-supervised’’ encompasses a broader range of 
techniques beyond synthetic anomaly generation, such as contrastive 
learning or masked image modeling. Synthetic Anomaly methods gen-
erate synthetic anomalies and integrate them into normal brain MRIs 
to create training data for anomaly detection. Subsequently, segmenta-
tion networks are trained to segment the added anomalies within the 
images. During testing, this segmentation network is directly employed 
to provide prediction masks for the detected pathologies. For the seg-
mentation task, architectures akin to Unet are frequently deployed and 
trained with segmentation loss functions.

While this approach is shared among various methods, distinctions 
often arise in the nature and integration of synthetic anomalies into 
real images during training. A rudimentary approach coming from 
the generic image domain involves cutting and pasting the abnormal 
patterns into the real images (Li et al., 2021; Zavrtanik et al., 2021). 
Nevertheless, recognizing that the aim is to segment subtle patholo-
gies that seamlessly blend with the normal brain anatomy, recent 
approaches adopt more sophisticated fusion strategies (Tan et al., 2021, 
5 
2022a). Additionally, a pivotal aspect of Synthetic Anomaly methods 
that rely on this ‘‘generate-and-detect’’ strategy is to generate patholo-
gies with considerable variance. This is important as UAD methods aim 
to function as robust anomaly detectors capable of identifying a broad 
spectrum of anomalies (Zimmerer et al., 2022a).

4. Data sets for UAD

When developing DL models, the selection of appropriate data sets 
for training and evaluation is a critical consideration. While UAD 
methods can, in principle, be trained with contaminated data (i.e., 𝜂 >
0) (Zhou and Paffenroth, 2017; Hendrycks et al., 2019; Ruff et al., 
2021), only a minority of approaches in the domain of brain MRIs 
leverage such training strategies (Cai et al., 2023; Siddiquee et al., 
2024). More commonly, training data sets consist of brain scans labeled 
as healthy, enabling models to learn a reference distribution of purely 
normal samples. Popular training data sets include both in-house data 
sets and publicly available data sets such as IXI, HCP, and Cam-CAN. 
Additionally, subsets of cognitively normal participants from data sets 
like ADNI, OASIS-3, and UK Biobank are frequently used.

Evaluation data sets, by contrast, are typically composed of scans 
with pathologies to assess the models’ anomaly detection capabilities. 
Commonly used evaluation data sets include BraTS, which provides 
detailed segmentation masks for brain tumors, and data sets like ATLAS 
and ISLES, which focus on stroke lesion segmentation. Other specialized 
data sets, such as MSSEG, MSLUB, and WMH, are used for conditions 
like multiple sclerosis and white matter hyperintensities.

A comprehensive overview of the data sets, including their pathol-
ogy types, number of subjects and imaging modalities, is provided in 
Table  2. Fig.  10 illustrates the distribution of these data sets across the 
studied approaches, highlighting the frequent use of in-house data sets, 
which are often tailored to specific research objectives but may lack 
generalizability. Further discussion on nuances such as the definition 
of ‘‘healthy’’ and the interpretation of abnormalities is provided in 
subsequent sections.

5. Review of approaches to UAD in brain MRI

In this chapter, we provide overview tables, grouped by the under-
lying UAD approaches. We describe the approaches briefly, focusing on 
the developed method and outcome of the respective studies.

5.1. Feature modeling methods

Feature extraction is commonly performed using either AE-based 
architectures (see Section 5.2.1 for a detailed introduction) or self-
supervised learning frameworks such as SimCLR (T. Chen et al., 2020). 
These approaches learn representations in a lower-dimensional latent 
space that preserve relevant structural characteristics of the input data. 
In this latent space, statistical or machine learning methods, such as 
density estimation techniques like Gaussian Mixture Models or one-
class classifiers, like OC-SVMs are employed. Anomalies are identified 
as deviations from this distribution, often quantified using measures 
like Mahalanobis distance, the negative log-likelihood, or the distance 
to the support vectors. This approach is illustrated in Fig.  2.
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Table 2
Collection of publicly available MRI data sets used in UAD studies. DWI denotes Diffusion-weighted imaging and MRA denotes Magnetic Resonance Angiography. 
T1c denotes contrast-enhanced T1 weighting. 
 Data set Pathology Subjects Weighting Reference  
 IXI None 560 T1, T2, PD, DWI, MRA Biomedical Image Analysis Group (2026)  
 HCP None 1200 T1, T2 van Essen et al. (2012)  
 CamCan (CC) None 653 T1, T2, DWI, others Taylor et al. (2017)  
 NFBS None 125 T1 Puccio et al. (2016)  
 IBC None 12 T1, T2, FLAIR Pinho et al. (2020)  
 KIRBY None 21 T1, T2, FLAIR, DWI Landman et al. (2010)  
 CC359 None 359 T1 Souza et al. (2018)  
 Oasis (OA) Mixed 1378 T1, T2, FLAIR, DWI, others LaMontagne et al. (2018)  
 ADNI (AD) Mixed 510 T1 Weiner et al. (2017)  
 UKB Mixed 100000 T1, T2, FLAIR, others Sudlow et al. (2015)  
 FastMRI (fMR) Mixed 6970 T1, T2, FLAIR Zbontar et al. (2019)  
 MagNets (MG) Mixed 78 T1, T2, FLAIR, others Gullapalli (2011)  
 BR35H Mixed 3000 (slices) T1, T2, FLAIR Hamada (2020)  
 PPMI Mixed 600 T1, DWI Parkinson Progression Marker Initiative (2011) 
 AGES Reykjavik Study (AGE) Mixed 5764 T1, T2, FLAIR Harris et al. (2007)  
 dHCP Mixed 113 T1, T2 Hughes et al. (2017)  
 BraTS13 - BraTS21 (BR) Tumor 30–2040 T1, T1c, T2, FLAIR Baid et al. (2021)  
 CBS Tumor 22 T1, T2, DWI Pernet et al. (2016)  
 MSLUB (MB) Multiple sclerosis 30 T1, T2, FLAIR Lesjak et al. (2018)  
 MSSEG (MG) Multiple sclerosis 38 FLAIR Commowick et al. (2018)  
 MSISBI (MI) Multiple sclerosis 82 T1, T2, FLAIR Carass et al. (2017)  
 WMH White matter lesions 60 T1, FLAIR Kuijf et al. (2019)  
 ATLAS v1 (AT1) Stroke 160 T1 Liew et al. (2022)  
 ATLAS v2 (AT2) Stroke 655 T1 Liew et al. (2022)  
 ISLES (IL) Stroke 250 FLAIR, DWI Maier et al. (2017)  
Table 3
Feature modeling methods for UAD in brain MRI. Tasks: Volume/Slice-wise Detection (Det), Segmentation (Seg). Representation: 2-Dimensional (2D), 3-
Dimensional (3D), patched processing (-pp). Data set (Train/Eval): Inhouse (IH). Weighting: T1 contrast-enhanced (T1c), FLAIR (FL).
 Citation Method Task Dimension Data set Weighting  
 Martins et al. (2019a) Symmetry based anomaly scoring Det 3D-pp IH/IH T1  
 Alaverdyan et al. (2020) One-Class SVM based on features of siamese AEs Det, Seg 2D IH/IH T1, FL  
 Doorenbos et al. (2022) OOD detection by the Mahalanobis distance based on SimCLR-features Det 3D MD/MD T1  
 Kascenas et al. (2022b) Context and local feature matching based on pretext tasks Seg 2D-pp BR/BR T1, T1c, T2, FL 
 Meissen et al. (2022c) Structural feature discrepancies as anomaly score Det, Seg 2D MD/MD, BR T1  
 Pinon et al. (2023a) One-Class SVM and Gaussian modeling based on AE-features Seg 2D-pp PPMI/PPMI T1, DWI  
 Pinon et al. (2023b) One-Class SVM based on AE-features Seg 2D-pp IH/WMH T1, FL  
 Guo et al. (2023) Encoder–decoder dissimilarity as anomaly score Det 2D BR35H/BR35H T1, T2, FL  
 Frolova et al. (2023) Feature-based anomaly score refinement Det, Seg 2D IXI/BR T2  
 Lüth et al. (2023) Gaussian modeling based on SimCLR-features Det, Seg 2D HPC/BR, IL T2  
 Schwarz et al. (2024) Student–teacher pyramid matching Det, Seg 3D IXI/BR T2  
Another direction within feature-based methods involves directly 
analyzing discrepancies between features extracted at different stages 
of a neural network. For example, anomaly detection can be per-
formed by comparing features extracted from the encoder and decoder 
networks of an AE. Similarly, frameworks utilizing a student–teacher 
paradigm compare features derived from a pre-trained teacher model 
(often trained on general or mixed data) with those from a student 
model trained exclusively on normal samples. Often the cosine simi-
larity in feature representations between the two models is used as an 
anomaly score. This approach is illustrated in 3. A general overview of 
feature-based approaches is provided in Table  3.

Alaverdyan et al. propose an approach utilizing a Siamese AE to 
extract features from patches of brain pairs (Alaverdyan et al., 2020). 
In addition to the reconstruction objective, the methods leverage the co-
sine similarity score between latent representations of the two encoders 
as a regularization term. Subsequently, the latent features are classified 
using an OC-SVM. According to the results, the OC-SVM identifies 
unhealthy patches given the extracted features and demonstrates the 
capability to discriminate epilepsy patients from healthy individuals.

Similar to Alaverdyan et al. Pinon et al. suggest using AE features 
to score anomalies in brain MRIs of de novo Parkinson patients (Pinon 
et al., 2023a). They explore using OC-SVMs to discriminate the fea-
ture vectors and measure the distance to a normative multivariate 
Gaussian distribution tailored to the features of healthy training data. 
The results indicate that reconstruction-based AEs are on par with the 
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proposed method. Furthermore, they show competitive performance to 
supervised techniques, highlighting the challenge of the task.

Extending their work in a follow-up publication, Pinon et al. cali-
brate the OC-SVM with specific unhealthy samples of WMH, allowing 
for a margin of potential unhealthy patches (Pinon et al., 2023b). The 
authors state that this extension facilitates a patient-specific normal 
representation and decision, enhancing the method’s adaptability to 
individual variances in brain anatomy.

Taking inspiration from radiological practices, Martins et al. employ 
symmetry-based anomaly detection by utilizing an AE to model typical 
asymmetries between the brain hemispheres (Martins et al., 2019a). 
This method extends previous approaches of the authors (Martins et al., 
2019c,b) and utilizes AEs to capture normal variations in symmetry, 
identifying deviations from these patterns as anomalies during testing. 
The results show the potential of this approach in detecting epilepsy, 
highlighting the significance of symmetry analysis in brain MRI.

Doorenbos et al. employ the self-supervised technique SimCLR (T. 
Chen et al., 2020) to learn meaningful representations from different 
slices at varying plane views (Doorenbos et al., 2022). Anomaly scoring 
is done by fitting a multivariate Gaussian distribution to these represen-
tations and utilizing the Mahalanobis distance for scoring outlier slices. 
This approach achieved fourth place in the MOOD challenge’s sample-
wise detection task. Furthermore, the results suggest the potential for 
coarse localization of synthesized abnormalities.

Kascenas et al. propose a self-supervised context and feature match-
ing approach for UAD (Kascenas et al., 2022b). In this approach, a 
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CNN is trained in a pretext task to differentiate between augmented 
patches of different locations, focusing on local and context information 
by employing different classification heads to the CNN backbone. At 
test time, each patch is processed by the network, and the classification 
head predicts match probabilities, which serve as anomaly scores. 
According to the results, this strategy demonstrates effectiveness in 
anomaly segmentation and outperforms several reconstruction-based 
baselines.

Frolova et al. propose to refine the anomaly score by relying on fea-
ture discrepancies (Frolova et al., 2023). They employ PatchCore (Roth 
et al., 2022) to obtain a coarse anomaly map that is multiplied with the 
detailed anomaly maps of different UAD methods. Furthermore, they 
extend PatchCore to 3D and train it on medical data. According to their 
results, all evaluated UAD methods show improved performance by the 
proposed refinement.

Lüth et al. investigate the use of contrastive pretext tasks using Sim-
CLR to obtain feature representations (Lüth et al., 2023). Subsequently, 
a Gaussian Mixture Model is used to fit the healthy feature distribu-
tion using expectation maximization. The negative log-likelihood of 
the features is used for anomaly scoring. Furthermore, a pixel-wise 
score is derived by backpropagating the sample-wise log-likelihood to 
the input image. According to the results, their method outperforms 
reconstruction-based VAEs on most data sets.

Meissen et al. suggest leveraging the structural differences within 
the feature space of CNNs for anomaly scoring (Meissen et al., 2022c). 
Initially, they transform an input image into a predefined feature space 
of a ResNet CNN. Following this, they employ an AE to reconstruct 
the extracted features at multiple resolutions. Subsequently, they resize 
the features to match the original image size and compute the Struc-
tural Similarity Index Metric (SSIM) (Wang et al., 2004) between the 
input and the reconstructions. The results indicate that their proposed 
method is more effective in capturing anomalies that display small 
intensity gradients and primarily exhibit structural differences.

Similarly, Guo et al. introduce a method that utilizes the contrast 
between Encoder–Decoder features for UAD (Guo et al., 2023). Overall, 
cosine-similarity measures between encoder and decoder features are 
used as anomaly scores. Traditional feature-based methods often lean 
on pre-trained encoders from the natural image domain, which seldom 
align with the specific features needed for medical images. The authors 
address this by optimizing AE-based networks with contrastive learning 
to avoid the phenomenon of pattern collapse. The results indicate 
the methods’ effectiveness, outperforming other state-of-the-art UAD 
approaches across various medical image types.

Schwarz et al. propose a 3D Student–Teacher Feature Pyramid 
Matching (3D-STFPM) approach for anomaly detection in brain MRIs
(Schwarz et al., 2024). The framework leverages self-supervised patch 
learning and Axial-Coronal-Sagittal convolutions to adapt ImageNet-
pretrained networks for 3D settings, following the approach in Wang 
et al. (2021). In this architecture, a teacher network is pre-trained on 
both healthy and unhealthy inputs to extract domain-specific features, 
while a student network is trained only on healthy inputs, with differ-
ences between their feature maps generating anomaly maps. The results 
show that the method outperforms a baseline f-AnoGAN in image- and 
pixel-wise anomaly detection on the BraTS data set.

5.2. Reconstruction methods

5.2.1. Autoencoder
AEs are widely used in UAD for brain MRI as shown in Table 

4. As illustrated in Fig.  4, AEs consist of an encoder, 𝑓 (𝒙), which 
maps the input 𝒙 to a lower-dimensional latent representation 𝒛, and a 
decoder, 𝑔(𝒛), which reconstructs the input as 𝒙̂ = 𝑔(𝑓 (𝒙)). The model is 
optimized by minimizing the reconstruction error, typically defined as 
the pixel-wise mean squared error (MSE) or mean absolute error (MAE), 
to ensure accurate reconstruction of healthy, in-distribution data.
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Fig. 3. Student–teacher anomaly detection: A pretrained Teacher network 
provides feature supervision for a Student network distilled on healthy data. At 
test time, feature discrepancies at different levels are upsampled to the input 
image resolution, generating a pixel-level anomaly map.

Fig. 4. Autoencoder-based anomaly detection: An autoencoder is trained to 
reconstruct healthy images. At test time, discrepancies between the input and 
its reconstruction highlight anomalies, forming an anomaly map.

While AEs can effectively capture the training data distribution of 
healthy brain MRIs, they often yield blurry reconstructions, making it 
challenging to discriminate smaller anomalies from noise in the residual 
map. Various strategies are proposed to enhance the quality of the 
reconstructed images.

Baur et al. explore using Laplacian pyramid representations to 
combine and reconstruct different frequency bands of MRI scans with 
AEs (Baur et al., 2020c). In this method, a sample is broken down using 
a 3-level Laplacian pyramid, each employing a separate AE to recon-
struct the associated frequency component. According to the authors, 
this approach aids in creating high-quality reconstructions at different 
resolutions, which is crucial for small lesions. The results show that 
while the proposed method improves baseline AEs, it is outperformed 
by Gaussian-Mixture VAEs.

Integrating skip connections within the AE architecture, similar to 
those in Unets, emerges as another strategy to improve reconstructions. 
However, this can lead to content from the input image being copied, 
necessitating additional regularization methods.

Therefore, Baur et al. experiment with skip connections at different 
resolution levels and introduce dropout to the connections to prevent 
bypassing the latent space (Baur et al., 2020b). Furthermore, Bayesian 
AEs are built by deriving a predictive mean from 100 Monte Carlo 
samples given a certain dropout probability. According to the results, 
skip connections enhance segmentation slightly with no clear indication 
regarding the optimal placement of these connections. Furthermore, the 
Bayesian variant outperforms the classic AE baseline but falls short of 
the non-Bayesian version with skip connections.

In a subsequent exploration, Baur et al. further investigate the 
use of skip AEs for UAD, examining various pathologies (Baur et al., 
2021b). They evaluate the skip AE against a straightforward threshold-
ing method and a supervised U-Net CNN across several lesion types, 



F. Behrendt et al. Medical Image Analysis 112 (2026) 104076 
Table 4
Autoencoder-based approaches for UAD in brain MRI. Tasks: Volume/Slice-wise Detection (Det), Segmentation (Seg). Representation: 2-Dimensional (2D), 3-
Dimensional (3D), patched processing (-pp). Data set (Train/eval): Inhouse (IH). Weighting: T1 contrast-enhanced (T1c), FLAIR (FL).
 Citation Method Task Dimension Data set Weighting  
 Atlason et al. (2019b,a) AEs with linear unmixing Seg 3D-pp AGE/AGE T1, T2, FL  
 Baur et al. (2020b) AEs Laplacian pyramid decomposition Seg 2D IH/IH, MB FL  
 Baur et al. (2020c) Bayesian AEs with skip connections Seg 2D IH/IH FL  
 Baur et al. (2021b) Application Study of Bayesian skip AEs Seg, Det 2D IH/WMH, BR FL  
 Aswani and Menaka (2021) AEs with singular value decomposition Seg 2D-pp HCP, BR/BR T1c  
 Naval Marimont and Tarroni (2021) Auto-Decoders for implicit field learning Seg 2D, 3D HCP/BR T2  
 Kascenas et al. (2022a) Denoising AEs Seg 2D BR/BR T1, T1c, T2, FL 
 Chen and Konukoglu (2022) Constrained adversarial AEs Seg 2D HCP/BR T2  
 Bercea et al. (2022) AEs with disentangled latent space Seg 2D OA, AD/MB, MI, IH FL  
 Behrendt et al. (2022b) AEs with outlier cleaning Det 3D OA, IXI/BR T1  
 Ma et al. (2022) Application of AE reconstructions as a biomarker Det 1D UB/UB T1, FL  
 Muñoz-Ramírez et al. (2022) Application study of AEs Seg 2D IH/IH DWI  
 Cai et al. (2023) Dual AEs to leverage unlabeled data Det 2D BR35H/BR35H T1, T2, FL  
 Luo et al. (2023) Application study of 3D AEs Det, Seg 3D IXI/BR, IH T2  
 Avci et al. (2024) Dual Deformation AE Seg 3D AD/AD T1  
 Rashmi et al. (2024) Masked AE for anomaly detection Seg 2D IXI/BR, MB T1, T2  
including MS lesions, microangiopathy, and glioblastoma. The findings 
suggest that the unsupervised skip AE competes well against the super-
vised U-Net in many data sets, especially when adapting across data 
sets or when only a limited amount of training samples is available.

An interesting extension to AEs are denoising AEs (DAE). In contrast 
to the AE, the DAE is designed to learn the reconstruction of the 
original input 𝒙 from a noise-corrupted version 𝒙̃. Here, noise can be 
of various types, e.g. by cutting out entire areas of the image as is the 
case for CE-AEs (Pathak et al., 2016). Such denoising processes force 
the DAE to embed the structural characteristics of the underlying data 
distribution (Bengio et al., 2013; Alain and Bengio, 2014).

Following this principle, Kascenas et al. employ an Unet architec-
ture as AE to aim for improved reconstructions (Kascenas et al., 2022a). 
To prevent the Unet from copying the image, they add a unique type of 
upscaled Gaussian noise into the image. The idea is to force the Unet to 
eliminate the noise from the image, preventing the copying task. During 
testing, the Unet reconstructs unhealthy brain scans without any added 
noise and demonstrates superior performance on the evaluated BraTS 
data set, outperforming standard AE approaches that rely on a more 
restricted, dense latent space.

Avci et al. introduce MORPHADE, a framework for analyzing
Alzheimer’s Disease using 3D deformable autoencoders (Avci et al., 
2024). The method extends the method presented in Bercea et al. 
(2023c) to 3D, leveraging a dual deformation strategy. A constrained 
deformation field prediction reduces false positives by refining pseudo-
healthy reconstructions, while an unconstrained deformation field pre-
diction is used to identify atrophy through foldings in the deformation 
maps. The resulting anomaly maps are used to localize AD-related 
atrophy in clinically relevant brain regions, such as the hippocampus 
and amygdala. According to the results, the proposed method achieves 
an AUC of 80% for AD detection, outperforming both supervised and 
unsupervised baselines. Furthermore, the results indicate alignment 
with clinical atrophy assessments.

Another research direction focuses on structuring the latent space 
of AEs to improve the learned representations.

Chen et al. present an adversarial AE for the UAD task (Chen and 
Konukoglu, 2022). By regularizing the latent space structure through a 
loss function constraint, they aim to achieve better consistency within 
the latent representations. This constraint measures the distance be-
tween the latent vector of the original image and that of the recon-
structed image. Their experiments indicate that this constraint en-
hances detection performance compared to VAEs. Moreover, the au-
thors show that the weighting parameter of the constraint plays a 
crucial role in detection performance.

While the adversarial training in Chen and Konukoglu (2022) im-
pacts the whole structure of the latent manifold, Bercea et al. propose 
to boost the transfer learning capabilities of AEs by disentangling the la-
tent space of different AEs in a federated learning setting (Bercea et al., 
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2022). This idea revolves around training global model parameters with 
diverse data sets, for example, from different institutions. They suggest 
a framework that disentangles model parameters and latent dimensions 
into shape and appearance, sharing only the shape parameters among 
the different data sets. By integrating this disentangled extension into 
the federated learning framework, they observe improved performance 
across all data sets, surpassing the AE baseline trained centrally with 
all data.

Taking a unique route, Atlason et al. harness a 3D AE coupled 
with linear unmixing for unsupervised detection of White Matter le-
sions (Atlason et al., 2019b). Instead of traditional reconstruction of 
input volumes, they propose reconstructing from five different channels 
corresponding to segmentation predictions of various brain tissue types, 
using linear unmixing for combination. Their results indicate the strong 
performance of this approach in segmenting white matter lesions, even 
exceeding a supervised baseline.

In a follow-up study, Atlason et al. suggest enhancements like a 
scale-invariant loss function, increased regularization, additional MR-
sequences, inhomogeneity correction, and incorporating more data sets 
for evaluation (Atlason et al., 2019a). These steps result in an improved 
system with higher performance than the initial study.

Aswani et al. propose a dual AE with latent space optimization for 
brain tumor segmentation (Aswani and Menaka, 2021). Their work 
utilizes singular value decomposition and an auxiliary encoder that 
processes the AEs’ reconstruction to obtain a rich latent representation. 
A decoder computes the final reconstruction from this latent space, 
which is then compared with the input scan for anomaly scoring. 
Vertical and horizontal crops are used as input within their method. 
The results indicate strong performance compared to other unsuper-
vised approaches and similar performance to supervised segmentation 
networks.

Luo et al. investigate a residual 3D AE architecture and evaluate it 
based on brain tumors, MS lesions and cerebral infarction (Luo et al., 
2023). Similar to Baur et al. (2021a), they show that a spatial latent 
space enables the AE to reconstruct unhealthy anatomy, contradicting 
the UAD principle. The results furthermore show that their method 
outperforms 2D versions of VAE and f-AnoGAN.

Marimont et al. diverge from traditional voxel-based representa-
tions, proposing to learn implicit field representations for 3D MRI 
scans (Naval Marimont and Tarroni, 2021). Through a continuous 
function mapping of spatial coordinates and latent variables to a prob-
ability distribution over intensity ranges, voxel intensities are classified 
into distinct clusters to generate images. Anomaly scoring is achieved 
through cross-entropy loss, comparing voxel-wise intensity clusters 
between test and restoration images. The results indicate this method’s 
potential for accurate segmentation with moderate inference time. 
Rashmi et al. present a transformer-based masked autoencoder frame-
work, leveraging computationally efficient Swin-Transformers (Rashmi 
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et al., 2024). The approach leverages masked AEs to reconstruct images 
by cutting out regions of input images during training and tasking 
the transformer with inpainting. During inference, a sliding window 
approach is utilized. Residual maps between the reconstructed pseudo-
healthy images and the original images are computed for anomaly scor-
ing. Furthermore, the method incorporates extensive post-processing 
steps, including morphological filters and connected component anal-
ysis and a Gaussian mixture model-based segmentation to enhance the 
precision of the anomaly maps. The results indicate that the model, 
in combination with the extensive post-processing steps, demonstrates 
competitive performance on data sets like BraTS21 and MSLUB, com-
pared to autoDDPMs (Bercea et al., 2023b).

Across the reviewed studies of brain MRIs, most approaches operate 
under the assumption that the training data consists solely of healthy 
or in-distribution samples. However, achieving this level of normality, 
especially in the medical domain, is challenging and human labeling 
errors can further lead to impure data sets.

Behrendt et al. investigate these effects of impure training data in 
the UAD setting (Behrendt et al., 2022b). They employ an AE architec-
ture and simulate impure training data by injecting certain percentages 
of abnormal data into the training data set. The findings indicate that 
even a small fraction of unhealthy data within the training distribution 
can severely degrade the performance of AE-based UAD models. To 
address this, they suggest a straightforward outlier removal strategy 
during training and online data cleaning. According to the results, they 
manage to attenuate the negative impact of impure training data by 
periodically discarding outliers based on the average reconstruction 
error from the training set. However, this comes at the cost of removing 
samples labeled as healthy.

Cai et al. (2023) propose utilizing noisy or unlabeled data sets. The 
authors propose using ensembles of AEs for dual-distribution learning, 
incorporating a healthy data pool (normative AE) and a mixed data 
pool containing normal and abnormal images (mixed AE). At test time, 
the intra-discrepancy of the normative AEs’ reconstructions and the 
inter-discrepancy of both AEs’ reconstructions are used as anomaly 
scores. Furthermore, a self-supervised refinement network is used to 
improve the anomaly scores. The results indicate that strong sample-
wise detection can be achieved even without the mixed data and adding 
the unknown and mixed data distribution can further increase the 
performance.

While the presented studies propose unique UAD approaches, some 
assess the efficacy of existing AE-based UAD approaches in different 
settings.

Ma et al. leverage the reconstruction errors of AEs as biomarkers 
for outlier detection within a large data set comprising 15,000 brain 
MRI scans (Ma et al., 2022). Alongside conventional biomarkers like 
ventricle volume or cortical thickness, they employ AEs in the UAD 
setting, utilizing the residual error as a biomarker for outlier detection. 
Their findings point to the presence of abnormal phenotypes within the 
data set, which could be identified using the AE-based biomarkers.

Munoz-Ramirez et al. explore and compare different AE architec-
tures to detect subtle anomalies in brain scans of de novo Parkinson’s 
patients (Muñoz-Ramírez et al., 2022). They compare spatial and dense 
AEs and VAEs, scoring anomalies based on the residual error between 
input and reconstruction. The results hint at the DL model’s capability 
to spot potentially pathological areas in de novo Parkinson’s patients 
without requiring expert delineation. This, they argue, could ease 
the extraction of neuroimaging biomarkers for Parkinson’s disease in 
future research, although validation on larger cohorts is needed for 
confirmation.

5.2.2. Variational autoencoder
Variational Autoencoders (VAEs) (Kingma and Welling, 2014) are 

generative models that extend the principles of AEs by introducing 
a probabilistic latent space constrained by a prior distribution, typi-
cally modeled as a Gaussian distribution. A collection of VAE-based 
approaches is provided in Table  5.
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Fig. 5. Variational autoencoder-based anomaly detection: A variational au-
toencoder is trained to reconstruct healthy images. At test time, discrepancies 
between the input and its reconstruction highlight anomalies, forming an 
anomaly map. Additionally, some approaches leverage the KLD between the 
prior distribution enforced during training and the encoded distribution as an 
auxiliary anomaly score.

The VAE framework, illustrated in 5, approximates the posterior 
distribution of the latent variables using variational inference. The opti-
mization objective minimizes the reconstruction error while regulariz-
ing the latent space by encouraging the approximate posterior to match 
the prior distribution. This is achieved through the Kullback–Leibler 
divergence (KLD) term, resulting in the VAE objective:
𝑉 𝐴𝐸 = 𝑅𝑒𝑐 (𝒙, 𝒙̂) +𝐷𝐾𝐿(𝑞𝜙(𝑧|𝒙) ∥ 𝑝𝜃(𝑧)),

where 𝑅𝑒𝑐 represents the reconstruction error, and 𝐷𝐾𝐿 enforces the 
structure of the latent space. The probabilistic nature of VAEs enables 
smooth interpolation within the latent space and facilitates sample 
generation. Additional flexibility can be achieved by using Gaussian 
Mixture Models instead of the standard Gaussian prior distribution, 
leading to Gaussian Mixture VAEs (GMVAE) (Dilokthanakul et al., 
2017). However, similar to AEs, VAEs often produce blurry reconstruc-
tions (Bredell et al., 2022), which can challenge anomaly detection 
performance. Efforts to mitigate this issue include leveraging spatial 
context to improve reconstruction quality and enhance the detection 
of anomalies.

Zimmerer et al. propose a variational variant of the CE-AE (CE-
VAE) for the UAD task (Zimmerer et al., 2019b). The objective is 
to utilize spatial context to learn discriminative features that remain 
robust against perturbations. Therefore, a two-path model with twin 
inputs and outputs is investigated. While one part mirrors a traditional 
VAE, the other is inspired by the CE-AE. The CE-VAE, acting as a 
denoising VAE, receives a distorted version of the input with a missing 
patch, contrasting the VAE branch, which receives a normal brain 
MRI. An additional term encompassing the CE reconstruction error is 
integrated into the VAE loss function. This approach aims to better 
harness the context of the input image, with results indicating enhanced 
performance in slice-wise and pixel-wise detection. The authors argue 
that the CE path in the CE-VAE facilitates better utilization of input 
context and latent variables for reconstruction and anomaly detection.

To further validate their proposed method (Zimmerer et al., 2019a), 
Zimmerer et al. extend their evaluation to real-world medical imag-
ing applications, focusing on a large-scale population study involving 
10,000 participants (Zimmerer et al., 2022b). Their method success-
fully identifies 31 previously unreported anomalies. However, a radiol-
ogist’s evaluation underscores challenges in detecting subtle anomalies, 
casting doubts on the immediate clinical applicability of the method.

Shifting the focus to 3D context, Uzunova et al. (2019) exploit the 
volumetric information of brain MRI for UAD. They compare a 3D 
conditional VAE with a 2D counterpart, where the latter only uses 
small image patches as input, with the VAE conditioned by the patch 
location. The 3D VAE leverages 3D convolutional layers, contrasting 
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Table 5
Variational autoencoder-based approaches for UAD in brain MRI. Tasks: Volume/Slice-wise Detection (Det), Segmentation (Seg). Representation: 2-Dimensional 
(2D), 3-Dimensional (3D), patched processing (-pp). Data set (Train/eval): Inhouse (IH). Weighting: T1 contrast-enhanced (T1c), FLAIR (FL).
 Citation Method Task Dimension Data set Weighting  
 Akrami et al. (2020) Robust VAEs for transfer learning Seg 2D MG/IL, BR T1, T2, FL  
 Uzunova et al. (2019) Position-conditioned 3D VAE Seg 3D BR/BR T1, T1c, T2, FL 
 Zimmerer et al. (2019b) Context denoising task for VAEs Det, Seg 2D HCP/BR, IL T2  
 Zimmerer et al. (2019a) KLD gradients as anomaly score Det, Seg 2D HCP/BR, IL T2  
 Sato et al. (2019) log-likelihood decomposition of VAEs Seg 2D IXI/BR, AT1 T1, T2  
 X. Chen et al. (2020) Restoration by expectation maximizing of the VAE ELBO Seg 2D CC/BR, AT1 T1, T2  
 Albu et al. (2020) Focusing on Dissimilarities in the Latent Space of a VAE Det 2D HCP/BR T2  
 Bengs et al. (2021) 3D VAEs with spatial erasing Seg 2D, 3D IH/BR, AT1 T1, T1c  
 Heer et al. (2021) Comparison of OOD and UAD tasks Det, Seg 2D CC/CC, BR T1, T2  
 Lambert et al. (2021) 3D VAE Seg 3D AD IBC, KIRBY/MG, ML, WMH, BR FL  
 Marimont and Tarroni (2021) VQ-VAE with PixelSNAIL for density estimation Det, Seg 2D MD/MD T1  
 Akrami et al. (2021, 2022) Quantile regression with VAEs Seg 2D MG/IL T1, T2  
 Silva-Rodríguez et al. (2022) Activation maps to refine anomaly scores Seg 2D BR, ICH/BR ICH FL  
 Chatterjee et al. (2022) Compact context encoding VAE Seg 2D IXI, MD/MD BR T1  
 Bengs et al. (2022) 3D VAEs with age incorporation Det 3D IH/BR T1  
 Behrendt et al. (2022a) Sequential 3D VAEs Seg 2D, 3D IXI/BR, AT1 T1  
 Meissen et al. (2022d) Study on the reconstruction error as anomaly score Seg 2D MD/MD T1  
 Pinaya et al. (2021, 2022b) VQ-VAE with transformers for density estimation Det, Seg 2D, 3D UB/WMH, BR, MB FL  
 Bercea et al. (2023a) Soft-intro VAE Det, Seg 2D fMRI, IXI/fMRI T1  
 Marimont et al. (2023) VQ-VAE with masked image modeling Seg 2D HPC/BR T2  
 Raad et al. (2023) Application of VAEs in neonatal brain MRI Det 3D dHCP/dHCP T2  
 Loizillon et al. (2024) Application of 𝛽-VAEs for WMH detection Det, Seg 3D UKB, IH/MG, AD, IH FLAIR  
the 2D version based on fully connected layers. The results favor 
the multi-modal approach of the 3D model over solely utilizing T1c-
weighting, although the 3D tasks’ complexity prevents the 3D model 
from outperforming its 2D counterpart, according to the authors.

Similarly, Bengs et al. utilize the 3D-contextual information inherent 
to brain MRI scans for UAD, proposing 3D-VAEs as an extension to 
classical 2D VAEs (Bengs et al., 2021). They also explore a patch-based 
denoising task akin to Zimmerer et al. (2019b) to regularize training 
and enforce the use of 3D spatial context. In contrast to Uzunova et al. 
(2019), their findings indicate superior performance for 3D methods 
over 2D counterparts and that the spatial erasing strategy can improve 
segmentation performance.

Similarly, Lambert et al. compare spatial and dense AEs and VAEs 
to their 3D counterparts (Lambert et al., 2021). To prevent posterior 
collapse, the authors use an adapted loss function, following a cyclical 
annealing approach for the KLD. The results indicate that for all data 
sets, the segmentation performance is improved by the use of 3D 
architectures. Furthermore, it is shown that the spatial variants of both 
AE and VAE tend to reconstruct the lesions from the input MRI scans. 
Hence, their performance is low compared to their dense counterparts.

In a similar study design, the authors Raad et al. conduct an 
application study of 3D VAEs for UAD in neonatal brain MRIs (Raad 
et al., 2023). For dense and spatial architectures, 3D VAEs and 3D 
AEs are compared with varying latent space dimensions. The results 
show that VAEs can be used to identify abnormalities in neonatal brain 
MRI. Furthermore, large latent dimensions in a spatial shape show 
benefits regarding the Area under Receiver Operator curve (AUC) in 
the compared test cases.

Taking a different track, Bengs et al. propose utilizing brain age 
as an additional biomarker, contrasting with earlier approaches solely 
reliant on 2D or 3D structural context (Bengs et al., 2022). By incor-
porating age as additional information, the authors aim to mitigate 
the challenges of age-related ambiguities in brain MRIs. They examine 
various age-conditioned 3D VAEs that capture the age information of 
a given brain. Furthermore, a multi-task learning strategy is proposed 
where the VAE encoder derives features for age estimation. The mean 
absolute difference between the estimated and actual age serves as an 
additional anomaly score. The results suggest that appending age infor-
mation to the VAEs’ latent space enhances discriminative performance. 
Moreover, employing age estimation error as an additional biomarker 
significantly elevates detection performance.
10 
In addition to modifications in architecture, various approaches 
emphasize enhancing the anomaly scoring mechanism, which is piv-
otal in obtaining the anomaly map from an unhealthy input and a 
pseudo-healthy reconstruction.

Zimmerer et al. focus on pixel-wise KLD- or ELBO-based scores 
instead of solely relying on the reconstruction error (Zimmerer et al., 
2019a). These scores are derived using the derivative of either the 
ELBO term or the KLD with respect to the input image. The authors 
argue that these scores exhibit greater robustness to hyperparameter 
changes. Their results indicate that the proposed methods maintain 
similar performance across a wide spectrum of hyperparameters, aiding 
in avoiding tedious hyperparameter tuning and aligning towards a 
more assumption-free UAD approach with the proposed KLD-based 
Anomaly score.

Chen et al. integrate image restoration methods with VAEs and 
GMVAEs for UAD in brain MRI scans (X. Chen et al., 2020). The 
VAE or GMVAE assists in deriving the prior distribution for image 
restoration through expectation maximization. According to the results, 
their method outperforms its purely reconstruction-based counterparts, 
namely VAE, AAE, and AnoGAN. They also report a relationship be-
tween the Dice score and the size of the segmented lesion, with larger 
lesions yielding higher segmentation performance.

Silva-Rodriguez et al. leverage a VAE to derive network activa-
tion maps for improved anomaly delineation (Silva-Rodríguez et al., 
2022). Training the VAE to reconstruct normal images, they introduce 
constraints on the attention maps generated from the encoder via 
GradCAM techniques (Selvaraju et al., 2017) to ensure comprehensive 
image coverage. The results indicate that their method, AMCons and 
its variations, outperforms prior approaches, elevating segmentation 
performance. The results highlight the superior efficacy of imposing 
constraints at the image level over pixel-wise constraints when using 
L2-penalty functions.

Bercea et al. present an approach employing soft-intro VAE (SI-VAE) 
as an alternative to standard VAEs (Bercea et al., 2023a). They propose 
an SI-VAE with a reversed multi-scale embedding loss to compare input 
and reconstruction features at multiple encoder stages. This aims to 
improve the generation of healthy anatomy while preserving input-
reconstruction coherence. Furthermore, they aim to minimize false 
positives in the anomaly map by employing a blend of LPIPS and 
𝑙1-loss as a pixel-wise anomaly score. Their results indicate robust 
performance in detecting global and local pathologies compared to 
recent baseline methods.
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Table 6
GAN-based approaches for UAD in brain MRI. Tasks: Volume/Slice-wise Detection (Det), Segmentation (Seg). Representation: 
2-Dimensional (2D), 3-Dimensional (3D), patched processing (-pp). Data set (Train/eval): Inhouse (IH). Weighting: T1 contrast-
enhanced (T1c), FLAIR (FL).
 Citation Method Task Dimension Data set Weighting 
 Baur et al. (2019) Combination of VAEs and GANs Seg 2D IH/IH FL  
 Baur et al. (2020a) CycleGAN for UAD Seg 2D IH/IH, WMH FL, T1  
 Han et al. (2021) Adjacent slice reconstruction with GANs Det 2D OA, IH/OA, IH T1, T1c  
 Nguyen et al. (2021) Image inpainting with GANs Seg 2D NFBS/CBS T1  
 van Hespen et al. (2021) GANomaly for UAD Seg 2D-pp IH/IH T1, FL  
 Bercea et al. (2023d) Combination of SI-VAEs and GANs Seg 2D fMRI, IXI/fMRI, AT2 T1  
 Siddiquee et al. (2024) GAN-based image-to-image translation Det, Seg 3D AD, IXI/AD, IH T1  
Fig. 6. Latent generative models for anomaly detection: An Encoder–Decoder 
architecture maps input images to a latent representation, where density 
estimation enables likelihood computation for each latent variable. Low-
likelihood anomalies are replaced with samples from the learned normative 
distribution. Anomaly scoring is then performed by comparing the input to its 
resampled reconstruction.

Another avenue of research with VAEs focuses on their probabilistic 
properties.

Akrami et al. utilize an adapted version of the VAE to harness 
transfer learning, replacing the log-likelihood term of the VAE loss 
with the 𝛽-divergence (Akrami et al., 2020). This aims to mitigate the 
sensitivity of VAEs to outliers. According to the authors, this is a crucial 
step for successful transfer learning, especially when data set distribu-
tions diverge. The results showcase the robustness of their approach 
in capturing lesion locations and improved performance compared to 
a baseline VAE concerning the AUC values in re-training and transfer 
learning scenarios.

Sato et al. propose an anomaly measure for VAEs grounded on 
uncertainty estimation. They dissect the negative log-likelihood of a 
reconstructed pixel into predictable uncertainty and normalized er-
ror, assuming parametrized Gaussian distributions for each pixel (Sato 
et al., 2019). According to the results, their methodology consistently 
performs the baselines in T1-weighted MRI scans across the compared 
data sets and adds a layer of robustness against image variations.

Akrami et al. investigate deep quantile regression alongside VAEs, 
proposing a Quantile-Regression VAE (QR-VAE) (Akrami et al., 2021, 
2022). Inspired by conformal predictions, this model estimates con-
ditional quantiles for each input image, addressing the issue of un-
derestimated variances. The QR-VAE, with its principled statistical 
approach for thresholding through computed p-values, outperforms the 
traditional VAE in detecting brain lesions, showcasing the potential of 
quantile regression in anomaly detection.

VAEs can be extended through hybrid approaches that incorporate 
advanced density estimation techniques for both anomaly detection and 
masking. These methods utilize VAEs or their quantized variants, such 
as Vector Quantized-VAEs (VQ-VAEs), to compress input data into a 
latent representation where anomalies are identified by estimating the 
probabilities of the latent variables. Latent values with low probabilities 
indicate outliers and can either be flagged directly as anomalies or 
replaced with more likely values based on the estimated probability 
distribution. While direct voxel-wise anomaly scoring is challenging to 
achieve with density estimation approaches, this replacement strategy 
enables the generation of a ‘‘healed’’ reconstruction image, which 
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is then compared to the input, enabling fine-grained localization of 
anomalies. This framework is illustrated in Fig.  6.

For example, Marimont et al. utilize VQ-VAEs for compression 
and autoregressive modeling with PixelSNAIL to learn the probability 
density function of the latent representation of healthy brain MRI 
scans (Marimont and Tarroni, 2021). Their approach performs a form 
of inpainting within the latent space to replace latent variables with 
low likelihood with more likely ones. For pixel-wise anomaly detection, 
the pixel-wise difference between input and restoration is used as an 
anomaly map. For sample-level detection, the negative log-likelihood 
of the latents is used as anomaly score. The results show improved 
performance in comparison to plain VAEs on simulated pathologies.

Pinaya et al. take a similar approach and utilize VQ-VAEs in combi-
nation with an ensemble of transformer networks for density estimation 
instead of PixelSNAIL (Pinaya et al., 2021, 2022b). The results indicate 
a substantial performance improvement compared to the evaluated 
baseline methods across various real-world data sets, particularly the 
variant employing an ensemble of transformers.

In a subsequent work, Marimont et al. replace the autoregressive 
models used for estimating the density function and inpainting with 
two separate transformer-based networks (Marimont et al., 2023). One 
serves to identify abnormal tokens that have to be replaced. The second 
one is used to inpaint the abnormal tokens and is trained with masked 
image modeling. According to the results, their approach increases the 
segmentation performance while reducing inference time compared to 
earlier autoregressive approaches.

In an application study, Loizillon et al. assess the feasibility of using 
a 𝛽-VAE for anomaly detection of age-related WMHs in clinical routine 
brain MRIs (Loizillon et al., 2024). The model is pre-trained utilizing 
healthy MRIs from the UKB data set to learn the distribution of healthy 
brains and fine-tuned on 674 clinical FLAIR images from a heteroge-
neous in-house data set encompassing different hospitals with varying 
scanners and acquisition parameters. The approach achieves promising 
results, showing a correlation between Fazekas scores (a clinical WMH 
severity scale) and the detected lesion volumes, and demonstrates 
robustness to image quality variations. However, limitations include 
occasional failures to detect certain lesions due to poor reconstruction 
quality, particularly in heterogeneous or low-quality clinical data. The 
authors conclude that while UAD is encouraging, the invested VAE 
method requires further optimization before clinical deployment.

Meissen et al. highlight common pitfalls in using residual error for 
scoring anomalies, shedding light on the tendency of state-of-the-art 
UAD methods to perform ‘‘white-object-detection’’ rather than general 
anomaly detection (Meissen et al., 2022d). Their findings underscore 
the inability of AEs and VQ-VAEs to detect synthesized deviations in 
normal brain structure when the intensity remains unaltered.

Similarly, Heer et al. highlight the challenges and limitations of 
unsupervised lesion detection using VAEs, spotlighting the ‘‘OOD Blind 
Spot’’ (Heer et al., 2021). Their discourse emphasizes the difficulty in 
discerning anomalies stemming from actual lesions or domain shifts, 
urging further exploration to unravel the underlying causes and mark-
ing samples as OOD.
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Table 7
Diffusion model-based approaches for UAD in brain MRI. Tasks: Volume/Slice-wise Detection (Det), Segmentation (Seg). Representation: 2-Dimensional (2D), 
3-Dimensional (3D), patched processing (-pp). Data set (Train/eval): Inhouse (IH). Weighting: T1 contrast-enhanced (T1c), FLAIR (FL). 
 Citation Method Task Dimension Data set Weighting  
 Pinaya et al. (2022a) Diffusion models for sampling in a compressed space Seg 2D UB/BR MB WMH FL  
 Wyatt et al. (2022) Diffusion models with simplex noise Seg 2D NFBS/CBS T1  
 Behrendt et al. (2023) Patched Diffusion models Seg 2D IXI/BR, MB T2  
 Behrendt et al. (2025) context-conditioned Diffusion models Seg 2D IXI/BR, AT2, MB, WMH T1, T2  
 Kascenas et al. (2023) Investigation of the noise in Diffusion models Seg 2D BR T1, T1c, T2, FL 
 Bercea et al. (2023b) Self-masked sampling with Diffusion models Seg 2D IXI, fMRI/AT2 T1  
 Iqbal et al. (2023) Frequency masked Diffusion models Seg 2D IXI/BR, MB T2  
 Kumar et al. (2023) Diffusion models with selective denoising Seg 2D BR/BR T1, T1c, T2, FL 
 Liang et al. (2023) Modality cycling with Diffusion models Seg 2D BR/BR T1, T1c, T2, FL 
 Marimont et al. (2024) Disyre v1: Cold diffusion with synthetic anomalies. Seg 2D-pp CC/BR, AT2 T1, T2  
 Naval Marimont et al. (2024) Disyre v2 with sophisticated synthetic anomalies and test 

time ensembling
Seg 2D-pp CC/BR, AT2 T1, T2  

 Behrendt et al. (2024b) Adaptive ensemble of SSIM scores for robust anomaly scoring Seg 2D IXI/BR, AT2, MB, WMH T1, T2  
 Behrendt et al. (2024c) Leveraging the Mahalanobis Distance for Anomaly scoring Seg 2D IXI/BR, AT2, MB, WMH T1, T2  
 Behrendt et al. (2024a) Combining supervised and unsupervised anomaly detection Seg 2D IXI/BR, AT2 T1  
 Wolleb et al. (2024) Masked Bernoulli Diffusion models Seg 2D BR T1, T1c, T2, FL 
 Bercea et al. (2024) Diffusion models with implicit guidance Seg 2D IXI/AT2 T1  
 Baugh et al. (2024) Diffusion models with synthetic anomaly conditioning Seg 2D IXI/AT2 T1  
 Damudi and Kini (2024) Single-step sampling with diffusion models Seg 2D NFBS/CBS T1  
5.2.3. GAN
Generative Adversarial Networks (GANs) (Goodfellow et al., 2014) 

are a class of generative models that use adversarial training to repli-
cate the distribution of a given data set. A collection of GAN-based 
approaches is provided in Table  6. GANs consist of two neural net-
works: a generator, which creates samples from a random latent vector 
𝑧, and a discriminator, which differentiates between real and generated 
data. The adversarial training process optimizes the generator to pro-
duce samples indistinguishable from real data, while the discriminator 
is optimized to detect samples that are generated by the generator 
network. This adversarial interplay is defined by the objective:
min
𝐺

max
𝐷

𝑉 (𝐷,𝐺) = E𝒙∼𝑝𝑑𝑎𝑡𝑎(𝒙)
[

log(𝐷(𝒙))
]

+ E𝑧∼𝑝𝑧(𝑧)
[

log(1 −𝐷(𝐺(𝑧)))
]

.

While GANs are known for producing sharp and high-quality samples 
compared to AEs and VAEs, they face significant challenges. Their 
training can be unstable, and they are prone to issues such as non-
convergence and mode collapse (Kodali et al., 2018; Chu et al., 2020). 
Furthermore, since the vanilla GAN architecture generates images from 
a random noise vector rather than reconstructing images, their appli-
cation in reconstruction-based UAD is not straightforward. To adapt 
GANs for UAD, methods such as AnoGAN (Schlegl et al., 2017) and its 
improved variant f-AnoGAN (Schlegl et al., 2019) derive a latent vector 
for a given input image, enabling anomaly detection, as illustrated in 
7.

Another exploration is by Baur et al. where a CycleGAN
Steganomaly (Chu et al., 2017) model is introduced, employing a style-
transfer network to translate healthy data distributions into different 
styles corresponding to T1-, or FLAIR-weighted MRI scans (Baur et al., 
2020a). Furthermore, filtering high-frequency bands from intermedi-
ate translations reveals significant advancements in Dice score and 
AUPRC, suggesting a superior performance of CycleGAN over AE-based 
methodologies, specifically with high-resolution data.

In another publication, Baur et al. fuse GANs and VAEs, creating a 
hybrid model called AnoVAEGAN to segment MS lesions (Baur et al., 
2019). The adversarial training embedded in this setup demonstrates 
performance enhancements, indicating the potential synergy between 
GANs and VAEs.

Bao Nguyen et al. propose GAN-based inpainting (Nguyen et al., 
2021). A target patch is shifted across the image, and the GAN is used to 
inpaint the patch region. Furthermore, superpixel segmentation is uti-
lized as post-processing to obtain the segmentation. Their exploration 
of patch sizes suggests a performance peak for a 32 × 32 pixel window 
size, outperforming the baseline AnoGAN performance.
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Fig. 7. Illustration of the f-AnoGAN framework: An encoder maps the input to 
a latent vector z, which a generator uses to reconstruct the image. During train-
ing (*), a discriminator is also trained, and an adversarial loss is minimized. 
At test time, the pixel-wise anomaly score, derived from input-reconstruction 
discrepancies, forms the anomaly map.

In another approach, Changhee Han et al. deploy a GAN-based 
reconstruction technique, employing an image-to-image GAN to predict 
adjacent slices (Han et al., 2021). Anomalies are identified by compar-
ing the predicted slices to the real slice using the 𝑙2-error. According 
to the results, the proposed approach can detect accumulations of 
subtle anatomical anomalies and hyper-intense lesions, especially for 
late-stage Alzheimer’s diseases. Furthermore, a notable enhancement in 
detection performance can be achieved by integrating the 𝑙1-loss into 
the Wasserstein GAN training objective.

Van Hespen et al. draw inspiration from the GANomaly framework, 
utilizing a GAN to compute anomaly scores based on the similarity 
between different latent manifolds (van Hespen et al., 2021). The 
results show that this methodology can yield a coarse segmentation of 
lesions while achieving a classification rate of 97.5% of the total brain 
infarct volume.

Bercea et al. propose a hybrid concept by integrating a GAN with 
a VAE-based GM for inpainting tasks (Bercea et al., 2023d). Through 
generating binary masks from a reversed SI-VAE’s residual map, the 
subsequent GAN training facilitates inpainting, which, in turn, aids 
in reducing false positives and generating pseudo-healthy anatomy 
according to the results. Furthermore, the residual errors are combined 
with feature-based LPIPS scores to improve anomaly localization.
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Table 8
Other approaches for UAD in brain MRI and comparative studies. Tasks: Volume/Slice-wise Detection (Det), Segmentation (Seg). Representation: 2-Dimensional 
(2D), 3-Dimensional (3D), patched processing (-pp). Data set (Train/eval): Inhouse (IH). Weighting: T1w (T1), T2w (T2), FLAIR (FL).
 Citation Method Task Dimension Data set Weighting  
 Saase et al. (2020) Statistical methods for UAD Det, Seg 3D IH/IH T1, T1c, T2, FLAIR, DWI 
 Baur et al. (2021a) Comparative study for UAD Seg 2D IH/IH, MB, MG FL  
 Meissen et al. (2022b) Thresholding as a Baseline Seg 2D None/MB, BR, WMH FL  
 Lagogiannis et al. (2023) Comparative study for UAD Det, Seg 2D CC/AT1, BR T1, T2  
 Zimmerer and Maier-Hein (2024) Evaluation of UAD metrics Det, Seg 2D CC, MD/CC, MD T1  
 Attyé et al. (2024) Generative manifold learning Det 3D IH, AD/IH, AD T1  
Fig. 8. Diffusion model-based anomaly detection: The forward process grad-
ually adds noise to the input image up to a predefined noise level. In the 
backward process, noise is removed to generate a noise-free reconstruction. 
At test time, the anomaly score is computed by comparing the input with its 
reconstruction.

Siddiquee et al. propose a GAN-based image-to-image translation 
framework (Siddiquee et al., 2024). The model utilizes unannotated 
data sets containing a mix of healthy and unhealthy subjects to generate 
voxel-wise ‘‘additive maps’’ that transform input images into their 
corresponding healthy appearance. The difference between the input 
and the generated healthy image then serves as the basis for anomaly 
scoring. According to the results, the proposed approach outperforms 
existing methods in detecting Alzheimer’s disease and headaches. While 
effective for patient-level detection, the generated localization maps are 
not highly precise, limiting their utility for segmentation. The method 
demonstrates strong potential for unsupervised detection in clinical 
scenarios with minimal labeled data.

5.2.4. Diffusion models
Denoising Diffusion Probabilistic Models (DDPM) represent a more 

recent class of GMs increasingly used for UAD in brain MRI. These 
models aim to learn the underlying data distribution through a two-
step process: a forward process that gradually transforms input samples 
into noise and a backward process that generates samples from noise. 
In the forward process, a sample 𝒙0 is transformed into a noisy version 
𝒙𝑡 through a predefined noise schedule. This process progressively 
degrades the sample until it becomes pure noise at 𝑡 = 𝑇 . The backward 
process then reverses this transformation, recovering a reconstructed 
sample 𝒙̂0 e.g., by using a trainable Unet. The optimization objective is 
derived via variational inference and simplified into the loss:
𝑠𝑖𝑚𝑝𝑙𝑒 = ‖𝝐 − 𝝐𝜃(𝒙𝑡, 𝑡)‖2,

as shown in Ho et al. (2020). Here 𝝐 represents the noise, added during 
the forward process and 𝝐𝜃 is the predicted noise. Unlike traditional 
generative tasks that focus on creating entirely new samples, for the 
UAD tasks, DDPMs are often applied by starting the backward process 
from a partially noised version of the input rather than pure noise. 
A collection of DDPM-based approaches is provided in Table  7. The 
framework to use DDPMs in anomaly detection is illustrated in Fig.  8.

Pinaya et al. pioneer adapting latent DDPMs for UAD in brain MRI, 
combining a compression model with a DDPM for efficient anomaly 
segmentation (Pinaya et al., 2022a). Instead of solely relying on the 
13 
model’s capacities to reconstruct only healthy structures, the authors 
follow the combined approach of compressing the image to a latent rep-
resentation and using the likelihood of the generative process to inpaint 
anomalies. Low-likelihood regions are identified and replaced with 
higher-likelihood representations during the reverse diffusion process. 
Through this ‘‘healing process’’, unlikely latent values are replaced with 
more probable ones via the DDPM, effectively filtering out anomalies 
in the reconstructed image. The results indicate robust performance 
with fast sampling comparison to autoregressive models that utilize 
transformers (Pinaya et al., 2022b).

Operating directly on the input image, Wyatt et al. introduce the 
AnoDDPM model, which limits the sampling steps at test time, thereby 
enhancing the efficiency of DDPMs for UAD in brain MRI (Wyatt 
et al., 2022). Furthermore, the authors propose to use a certain kind 
of simplex noise, instead of Gaussian noise. As shown in the results, 
the initialization with partially noised inputs, as opposed to pure noise, 
coupled with the adoption of structured simplex noise, can facilitate 
a more accurate tumor removal from unhealthy test images, thereby 
improving segmentation performance. This study underscores the piv-
otal role of the initial noise level and the noise structure in replicating 
unhealthy regions from the input image.

Behrendt et al. extend the application of DDPMs by employing a 
patch-wise approach for UAD (Behrendt et al., 2023). By adding sim-
plex noise to individual image patches, reconstructing them, and stitch-
ing them back together, they aim to enhance image context understand-
ing and anatomical coherence in brain image reconstruction. According 
to the results, the patch-wise methodology demonstrates superior per-
formance to its non-patched counterpart, AnoDDPM, underscoring the 
potential of patched DDPMs in UAD.

Bercea et al. highlight the ‘‘noise-paradox’’ in DDPMs for UAD
(Bercea et al., 2023b). They show the trade-off between the noise level 
chosen during evaluation and the detection of pathologies, particularly 
considering different pathology sizes. To overcome this issue, they 
propose to utilize a primary masking step based on an initial reconstruc-
tion, followed by a subsequent inpainting step, similar to Bercea et al. 
(2023d) but without the reliance on an external GAN-based inpainting 
model. Their results show that the approach outperforms AnoDDPM, 
particularly considering smaller lesion sizes.

The examination of noise types in DDPMs by Kascenas et al. pro-
vides an analysis of the noise type’s impact on denoising tasks in 
UAD methods (Kascenas et al., 2023). Through comparative analysis 
between various noise types, including Gaussian, simplex, and coarse 
Gaussian noise, across their proposed DAEs (Kascenas et al., 2022a) 
and DDPMs, the study unveils performance enhancement achieved by 
the proposed coarse noise model. Although the authors show that 
DAEs outperform other methods in simplicity and inference speed, they 
accentuate the potential of DDPMs.

Liang et al. introduce a method called Masked Modality Cycles with 
Conditional Diffusion (Liang et al., 2023). This approach, akin to the 
CycleGan approach by Baur et al. (2020a), employs cyclic modality 
translation to learn the mapping from one sequence weighting to 
another for healthy brain MRIs. The authors accomplish the forward 
translation using a masked diffusion model, conditioned by the partially 
masked input image, to circumvent the reconstruction of abnormal 
structures. For the backward cycle, an Unet is utilized to obtain an 
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MRI in the original MRI weighting. The findings suggest that a simple 
Unet executing the cyclic transformation already demonstrates robust 
segmentation performance. Moreover, integrating the diffusion model 
can enhance the performance of the latent DDPM by Pinaya et al. 
(2022a) regarding the BraTS data set.

Iqbal et al. further develop the method of Behrendt et al. (2023) 
by applying the patching strategy in the Fourier space (Iqbal et al., 
2023). Furthermore, they investigate a combination of cutmix (Yun 
et al., 2019) with the patched input image and the original. The 
results suggest improved performance compared to simple image-based 
patching.

Kumar et al. propose extending AnoDDPM with a selective denois-
ing strategy (Kumar et al., 2023). They use masked attention modules 
inspired by Ristea et al. (2022) within the denoising Unet to alter 
the features for reconstruction. This aims to optimize the restoration 
process of potentially unhealthy structures. The results show improved 
segmentation performance of the proposed method compared to the 
baseline DDPM.

Behrendt et al. explore the use of SSIM as an anomaly score within 
DDPMs for unsupervised anomaly detection (Behrendt et al., 2024b). 
To improve robustness across varying pathology scales, they propose 
SSIM-ens, an adaptive method that computes a weighted average of 
SSIM scores across multiple kernel sizes, mitigating the limitations of 
relying on a fixed kernel. Their findings demonstrate that the kernel 
size significantly impacts segmentation performance when using SSIM. 
According to the results, the proposed approach mitigates this depen-
dency, facilitating robust anomaly detection performance across a wide 
range of anomaly types.

Behrendt et al. (2025) propose utilizing conditioned DDPMs (cD-
DPMs) for UAD in brain MRI. This approach integrates a conditioning 
mechanism that supplies the denoising process with contextual infor-
mation derived from the input image. A dedicated encoder network 
generates a context vector representing abstract input features, which 
adaptively conditions the feature maps at each level of the U-Net-
based denoising network. This ensures that input image context is 
utilized without allowing direct copying, guiding the denoising process 
more effectively. The results indicate that the proposed method can 
enhance alignment between local intensity distributions of input and 
reconstructed images. Additionally, the adaptive conditioning mech-
anism shows promising results regarding generalization and domain 
adaptation capabilities.

Building upon the cDDPM architecture and SSIM, Behrendt et al. 
propose leveraging the Mahalanobis Distance (MHD) for anomaly scor-
ing in UAD (Behrendt et al., 2024c). In their approach, the authors 
aim to address the differentiation between genuine anomalies and 
reconstruction artifacts. Instead of relying on a single reconstruction or 
aggregate statistics (e.g., mean or variance), the method utilizes mul-
tiple reconstructions from cDDPMs (Behrendt et al., 2025) to generate 
a pseudo-healthy distribution, incorporating both variance and inter-
pixel covariance through the MHD. By considering the normal variation 
across reconstructions, this approach aims to reduce the influence of 
reconstruction artifacts, facilitating more accurate anomaly scoring and 
segmentation. The results suggest that the MHD enhances UAD per-
formance by distinguishing true anomalies from common variations in 
pseudo-healthy reconstructions, providing a robust and precise method 
for anomaly detection. Furthermore, the authors state that the MHD 
can be used for any GM capable of generating multiple reconstructions 
of a given input image.

Marimont et al. introduce an approach that integrates synthetic 
anomalies into the diffusion process (Marimont et al., 2024), leveraging 
the concept of Cold Diffusion (Bansal et al., 2024). Instead of Gaussian 
noise, synthetic anomalies are progressively introduced during the 
forward process, and a U-Net is trained during the backward process 
to remove these anomalies while minimizing the reconstruction error 
between the anomaly-free input image and its reconstruction. Their 
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method, referred to as DISYRE, demonstrates superior performance 
compared to certain baselines evaluated in Lagogiannis et al. (2023).

In a subsequent study, the authors present DISYRE v2 (Naval Ma-
rimont et al., 2024), which enhances the original approach by diver-
sifying the synthetic anomalies and refining the anomaly scoring. The 
updated synthetic anomalies are based on a combination of intensity, 
texture, and shape alterations, randomly applied during each forward 
process. Additionally, an ensembling mechanism for different back-
ward process start values is introduced. Results show that DISYRE v2 
achieves improved performance over DISYRE v1.

Behrendt et al. propose a two-branch framework that combines the 
strengths of reconstruction-based UAD methods and synthetic anoma-
lies to improve anomaly detection and segmentation accuracy
(Behrendt et al., 2024a). The framework includes a GM which is trained 
to reconstruct healthy images, producing pseudo-healthy reconstruc-
tions for inputs with potential anomalies. A supervised segmentation 
model is then trained to segment deviations between the input image 
and its pseudo-healthy reconstruction. At inference, the anomaly maps 
generated by the reconstruction branch are combined with the seg-
mentation predictions from the supervised branch to produce a unified 
anomaly score. The results indicate, that the framework facilitates en-
hanced performance and generalization across both synthetic and real 
pathologies. Furthermore, utilizing small subsets of real pathologies 
during training can enhance the segmentation performance for these 
pathologies while maintaining generalizability for previously unseen 
pathologies.

Bercea et al. present THOR, a diffusion-based model designed to 
guide the backward process in DDPMs by selectively focusing on ab-
normal regions (Bercea et al., 2024). The method iteratively replaces 
regions of presumably healthy anatomy with the original input image 
during the backward process at fixed intervals. These regions are 
identified by comparing intermediate deviations between the input 
and reconstruction. By concentrating the reconstruction process on 
abnormal areas, the proposed method aims to minimize false positives 
caused by reconstruction imperfections. The results indicate perfor-
mance improvements in comparison to AnoDDPM (Wyatt et al., 2022), 
pDDPMs (Behrendt et al., 2023) and AutoDDPMs (Bercea et al., 2023b) 
considering the ATLAS v2 data set.

Wolleb et al. propose an approach to UAD utilizing latent Bernoulli 
diffusion models (Wolleb et al., 2024). The method compresses input 
images into a binary latent representation using an AE and applies a 
Bernoulli noise schedule for diffusion. A U-Net-based DDPM is trained 
to restore healthy representations, with flipping probabilities indi-
cating potential anomalies. According to the results, the proposed 
approach achieves competitive performance with state-of-the-art base-
lines while reducing sampling time and memory consumption, making 
it particularly suitable for computationally constrained settings.

Baugh et al. propose to leverage image-conditioned diffusion models 
for anomaly detection in medical imaging. Their method introduces 
synthetic anomalies to healthy images, which are used as condition-
ing inputs for the reverse process in DDPMs (Baugh et al., 2024). 
The model’s objective is to reconstruct the original image, with a 
noise-free conditioning input aiding the replication of healthy regions. 
This approach aims to remove synthetic anomalies while avoiding the 
reproduction of unhealthy structures. According to the results, the 
approach outperforms the baselines compared in Lagogiannis et al. 
(2023) demonstrating its efficacy in detecting anomalies across various 
data sets and modalities.

Damudi et al. compare single-step sampling with diffusion models to 
the full iterative sampling process that is traditionally used by DDPMs 
for image synthesis (Damudi and Kini, 2024). The authors directly use 
the output of the unet after a single denoising step, leveraging partial 
diffusion starting at different noise levels. Their results show that 
single-step sampling achieves comparable segmentation performance to 
the full-step AnoDDPM, while drastically reducing inference time.
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Table 9
Synthetic anomaly methods for UAD in brain MRI. Tasks: Volume/Slice-wise Detection (Det), Segmentation (Seg). Representation: 
2-Dimensional (2D), 3-Dimensional (3D), Channel Stacking (2.5D). Data set (Train/eval): Inhouse (IH), MOOD Challenge (MD). 
 Citation Method Task Dimension Data set Weighting 
 Tan et al. (2022a) Synthetic pathologies via patch interpolation. Det, Seg 2D MD/MD T1  
 Meissen et al. (2022a) Synthetic pathologies via polygon interpolation. Det, Seg 2.5D MD/MD T1  
 Cho et al. (2022) Synthetic pathologies via Copy paste Det, Seg 3D MD/MD T1  
 Park et al. (2022) Synthetic pathologies via 3D Cutout Det, Seg 3D MD/MD T1  
 Tan et al. (2022b) Segment synthetic pathologies with meta-learning Det, Seg 2D MD/MD T1  
 Baugh et al. (2023) Cross-validation for various synthetic pathologies Det, Seg 3D HPC/BR IL T2  
 Xu et al. (2024) synthetic brain tumors Seg 3D HCP/BR T2  
5.2.5. Other approaches and comparative studies
So far, we have provided an overview of different GMs for

reconstruction-based UAD. In the following, we present alternative 
approaches and collect comparative studies. A collection of these 
alternative approaches is provided in Table  8.

Victor Saase et al. adopt simple statistical methods, like voxel-
wise covariance models and linear projection with spatial patterns for 
UAD (Saase et al., 2020). The study finds these methods outperform 
a 3D-AE in voxel-wise performance while falling short in sample-wise 
evaluation. They speculate that spatial correlations learned by the 3D-
AE could contribute to discrepancies between voxel- and sample-wise 
performances, shedding light on the capability of simple statistical 
methods in UAD.

Meissen et al. challenge the reconstruction-based UAD principle by 
comparing it to simple thresholding with histogram equalization (Meis-
sen et al., 2022b). Their findings demonstrate that many UAD methods 
can be outperformed by the thresholding strategy for hyper-intense 
pathologies, underlining the limitations of current UAD approaches.

Baur et al. conduct a comparative study across different AE-based 
models for UAD, striving for a fair evaluation of numerous proposed 
methodologies (Baur et al., 2021a). They compare several models, 
including AE, VAE, AAE and GANs. The study emphasizes the su-
perior performance of restoration-based methods, especially with the 
restoration-based VAE of X. Chen et al. (2020), in lesion segmentation 
tasks. They recommend the VAE for UAD due to their reduced hyperpa-
rameters, stable training behavior, and competitive performance. Simi-
larly, Lagogiannis et al. evaluate UAD in medical images, benchmarking 
new methods within a fixed framework for evaluation (Lagogiannis 
et al., 2023). They compare feature-based methods, reconstruction-
based and Synthetic Anomaly Methods methods, indicating promising 
performance for recent feature-modeling methods. They also specu-
late that these methods could further improve by leveraging recently 
developed self-supervised pre-training algorithms.

Attyé et al. investigate generative manifold learning for quantitative 
MRI analysis (Attyé et al., 2024). The model employs UMAP (Uniform 
Manifold Approximation and Projection) to construct a latent manifold 
of healthy brain structures, identifying a ‘‘digital twin’’ for each patient 
from the closest healthy controls in this space. The objective is to detect 
anomalies such as cortical hypertrophy or atrophy by comparing the pa-
tient’s brain metrics to the personalized normative values derived from 
their digital twin. The results indicate superior sensitivity compared to 
traditional lifespan models in detecting abnormalities, such as epilepsy-
related cortical hypertrophy and hippocampal atrophy in Alzheimer’s 
disease.

Zimmerer et al. critically examine evaluation metrics for anomaly 
localization in medical imaging, emphasizing the limitations of current 
methods derived from either image segmentation or out-of-distribution 
detection (Zimmerer and Maier-Hein, 2024). They introduce the Soft-
InstanceIoU metric, which combines instance segmentation principles 
with continuous anomaly scores. The study highlights the importance 
of tailored metrics for evaluating heatmaps, object detection, and lo-
calization tasks, demonstrating through controlled experiments and 
benchmarks that metric choice significantly influences model assess-
ment. Their findings underscore the need for nuanced and task-specific 
evaluation in anomaly localization.
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5.3. Synthetic anomaly methods

Exploring synthetic anomaly methods is another trajectory for UAD 
in brain MRI. A common strategy involves training a segmentation 
network to detect synthetic anomalies that are randomly added dur-
ing training. A collection of GAN-based approaches is provided in
Table  9. A notable catalyst for developing such ‘‘generate and detect’’ 
strategies is the MOOD challenge, introduced by Zimmerer et al. In 
a summarizing paper (Zimmerer et al., 2022a), the authors compare 
different submitted solutions, unveiling a strong correlation between 
the algorithms’ performance and the perceived difficulty in anomaly 
detection. The results underscore the higher performance for global 
anomalies compared to local anomalies with semantic variances. The 
authors question the universal applicability of the proposed algorithms 
across varying pathology types due to their frequent reliance on prior 
knowledge of pathologies’ shapes and appearances.

Therefore, ongoing effort is put into developing and designing 
synthetic anomalies that generalize well to a wide range of pathologies.

Tan et al. introduce Foreign Patch Interpolation (FPI) to generate 
subtle anomalies. In their approach, patch regions are extracted from 
two independent samples at the same location and replaced with an 
interpolation between both patches. An Unet-like architecture is trained 
to predict the location and interpolation factor of the patch. This 
approach achieves first place in global and local detection tasks of the 
MOOD 2020 challenge (Tan et al., 2022a).

Meissen et al. explore artificially synthesized pathologies for UAD
(Meissen et al., 2022a). Subsequently, they employ an Unet to segment 
generated pathologies during training and utilize the Unet to seg-
ment real pathologies during testing. Although their method performs 
strongly on synthetic data, it fails to generalize to specific pathologies 
in the MOOD 2021 challenge.

Park et al. experiment with cutting out shapes and replacing them 
with patches of varying intensity to simulate pathologies, leveraging 
a transformer-based 3D Unet for segmentation, and securing third and 
fifth places in the global and local detection tasks of the MOOD 2021 
challenge, respectively (Park et al., 2022).

Cho et al. utilize an Unet for classification and segmentation by 
employing a training method for anomaly generation with a copy-
paste strategy. During training, they contrast the normal image with 
the generated abnormal image, processing the volumes in 3D patches. 
They evaluate their approach in the MOOD 2021 challenge, achieving 
first place in global and local detection (Cho et al., 2022).

Independent of the MOOD challenge, Tan et al. investigate meta-
learning strategies to enhance the adaptability of synthetic anomaly 
methods like FPI (Tan et al., 2022b). They employ an optimization 
strategy involving inner and outer training loops. The results indicate 
improvement in the performance and the adaptability of synthetic 
anomaly methods.

Baugh et al. propose using a wide variability of synthetic anomalies 
together with a cross-validation strategy to avoid overfitting certain 
anomaly types (Baugh et al., 2023). Anomalies include patch-blending, 
image deformation and intensity modulations. Furthermore, the au-
thors extend the Poisson image interpolation proposed in Tan et al. 
(2021) to 3D and propose continuous anomaly labels. The results indi-
cate superior or similar performance compared to reconstruction-based 
VAEs and the CRADL method.
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Fig. 9. General pipeline for UAD in brain MRI from data acquisition to the post-processing of anomaly maps.
Xu et al. propose a framework for brain tumor synthesis and seg-
mentation (Xu et al., 2024). The method aims to synthesize tumors 
with realistic heterogeneity in shape, size, and intensity by lever-
aging prior knowledge of brain tissues. These synthetic tumors are 
integrated into a multi-target segmentation network trained to seg-
ment both brain tissues and tumors. According to the results, the 
proposed approach achieves performance close to supervised methods, 
outperforming unsupervised baselines. Notably, while showing robust 
segmentation performance, the method is tailored for brain tumor 
segmentation and generalization beyond this task is not evaluated.

6. Context, challenges and future directions of UAD in brain MRI

Approaching UAD in brain MRI is not just about selecting DL mod-
els. As illustrated in Fig.  9, this process encompasses data acquisition, 
pre-processing, model selection, anomaly scoring, and post-processing 
steps. The combination of these individual steps forms the context of 
UAD in brain MRI and can significantly influence performance out-
comes. In this chapter, we spotlight the key differences in the context of 
the approaches reviewed and discuss the impact of individual settings. 
Furthermore, we identify existing challenges and point to potential 
future directions in this field.

6.1. Data sets

Data is the core of machine learning, influencing performance even 
in unsupervised approaches. Several widely used data sets, listed in 
Table  2, come with their respective pathologies and image acquisition 
parameters. The utilization of this data for training and evaluation is 
depicted in Fig.  10, which shows that the reviewed studies frequently 
employ IXI, MOOD, and BraTS for training and BraTS, MOOD and 
ISLES for evaluation. In-house data is also widely used, often motivated 
by specific clinical applications and data requirements. Overall, the 
size of data sets used for evaluation is increasing. For instance, the 
number of annotated samples in the updated versions of the ATLAS 
and BraTS2021 data sets increased roughly by a factor of two and 
three, respectively, from 2017 to 2021. Furthermore, initiatives like 
the public MOOD challenge (Zimmerer et al., 2022a) aim for com-
prehensive benchmarking of UAD approaches. This shift towards large 
data sets facilitates a more robust evaluation of UAD methods in brain 
MRI. However, while publicly available data sets adequately represent 
stroke lesions and tumors, the amount of annotated collections of other 
pathologies, such as MS lesions or WMH, is much lower. This imbalance 
is a critical factor as the type and size of the pathologies repre-
sented in the data can significantly influence UAD performance. Studies 
by Bengs et al. (2021) and Lagogiannis et al. (2023) demonstrate 
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this correlation between pathology size and segmentation performance, 
reporting an increase in performance with increasing pathology size. 
Specifically, Bercea et al. (2023b) report a Dice score of 36.77% for 
lesions in the largest 25th percentile, compared to a Dice score of only 
7.46% for lesions in the smallest 25th percentile in the ATLAS data set. 
However, it should be noted that the Dice score is inherently sensitive 
to object size. Therefore, lower Dice scores for small pathologies may 
partly reflect this metric-related effect rather than solely indicating 
inferior segmentation performance. Overall, these results indicate that 
the performance of individual models depends on the task and data at 
hand, as also demonstrated in Baur et al. (2021a). The results from 
the MOOD challenge highlight the utility of synthetic anomalies for 
systematically evaluating UAD methods in brain MRI. However, studies 
by Cai et al. (2023) and Lagogiannis et al. (2023) demonstrate that 
approaches that perform well in detecting the synthetic anomalies 
used for evaluation in the MOOD challenge often fail to generalize 
to data sets containing real pathologies. These findings indicate that 
evaluating novel approaches should incorporate a broad spectrum of 
data sets containing various pathologies with different morphologies. 
While synthetic anomalies provide controlled benchmarks, they cannot 
fully replicate the complexity and variability of real-world data. Ideally, 
evaluation should rely on sufficiently diverse real-world data sets that 
capture a broad range of pathologies. However, such data sets are 
often limited in practice. Therefore, synthetic anomalies can be a useful 
complementary tool for controlled experimentation and benchmarking 
if combined with real pathological data sets to ensure a comprehensive 
and clinically meaningful assessment of UAD performance.

A challenge that is particularly important in the field of UAD is 
that existing evaluation data sets may have incomplete annotations. For 
instance, Bercea et al. (2023b) demonstrate that in the commonly used 
ATLAS v2 data set, several scans show substantial hypo-intense imaging 
artifacts that are not annotated. This lack of comprehensive labeling 
skews the evaluation of UAD models, which aim to reconstruct healthy 
anatomy and flag deviations. Furthermore, most data sets only annotate 
overt pathologies, ignoring anatomical changes caused by phenomena 
such as space-occupying lesions. These structural changes, though not 
annotated by radiologists, would be detected as anomalies by successful 
UAD systems, potentially leading to false positive segmentation results.

Biases in data acquisition further compound these challenges. Pub-
licly available data sets often reflect biases stemming from demographic 
or institutional factors, such as overrepresentation of specific scan-
ner models, field strengths, or acquisition protocols. These biases can 
limit the generalizability of UAD models to unseen domains or under-
represented populations. For example, data collected primarily from 
high-field 3T scanners may not generalize well to lower-field 1.5T 
scans, potentially leading to domain shifts that might be detected as 
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Fig. 10. Distribution of used data sets across all reviewed approaches. Top: 
Training data sets, Bottom: Evaluation data sets.

pathological anomalies. Furthermore, variations in demographic repre-
sentation, such as age, gender, or ethnicity, could result in models that 
perform suboptimally for underrepresented cohorts, emphasizing the 
need for diverse and representative data sets. Ambiguities in the clinical 
significance of certain abnormalities also complicate evaluation. For in-
stance, WMH associated with vascular aging may be considered normal 
in older populations, whereas visually similar features caused by subtle 
strokes are pathologically significant (Wood et al., 2021). Such am-
biguities necessitate careful curation and interpretation of evaluation 
data sets to ensure that models are tested in clinically meaningful ways. 
These challenges underscore the importance of developing evaluation 
protocols designed for UAD tasks that account for the complexity and 
variability inherent in real-world clinical scenarios.
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Future efforts should focus on creating data sets with more gran-
ular and comprehensive annotations, capturing a wide spectrum of 
anomalies, including subtle structural changes, imaging artifacts, and 
clinically ambiguous features. Additionally, integrating demographic 
and scanner metadata into data sets will facilitate the evaluation of 
model generalizability across diverse populations and imaging con-
ditions. This approach not only addresses biases resulting from the 
overrepresentation of specific scanner types, field strengths, or demo-
graphic groups but also enables models to be conditioned on contextual 
factors, such as patient age or scanner characteristics, thereby reducing 
ambiguity by providing context. Additionally, the development of stan-
dardized benchmarking frameworks is imperative to ensure consistent 
and fair comparisons across UAD approaches. These frameworks should 
incorporate both synthetic and real-world pathologies and include 
different anomaly categories, allowing for a thorough assessment of 
models’ ability to detect diverse types of anomalies.

In addition to evaluation data, acquiring sufficient and high-quality 
training data is a challenge for UAD methods in brain MRI. While 
UAD approaches, in principle, can be trained with unlabeled or con-
taminated data (contamination factor 𝜂 > 0) (Zhou and Paffenroth, 
2017; Hendrycks et al., 2019; Ruff et al., 2021), brain MRI studies 
often rely on training data sets labeled as healthy (𝜂 = 0) to ensure the 
models learn a reference distribution of normal anatomy. These healthy 
labels are crucial for the performance of UAD systems, as they enable 
the detection of deviations that indicate anomalies. Studies show that 
even minor labeling errors can significantly reduce model effective-
ness (Behrendt et al., 2022b; Pinaya et al., 2022b). Recent studies (Cai 
et al., 2023; Siddiquee et al., 2024) suggest that incorporating partially 
or fully unlabeled data sets can improve detection performance while 
reducing dependency on curated labels. Leveraging contaminated data 
sets, where anomalies are present during training, offers a way to 
enhance model robustness and better reflect real-world data variability. 
However, this approach remains largely underexplored in the field of 
UAD for brain MRI, highlighting a significant opportunity for further 
research and development.

6.2. Image acquisition parameters

The MRI acquisition parameters are a critical consideration when 
studying brain MRIs, as they directly affect image contrasts and the 
intensity distribution of anatomical structures, including pathologies. 
Among the reviewed approaches, T1, T2, and FLAIR weightings are 
used in 64%, 38%, and 38% of studies, respectively. These differ-
ences in weighting significantly influence segmentation performance, 
as demonstrated by Sato et al. (2019), who observe higher segmen-
tation performance with T2-weighted scans compared to T1-weighted 
scans in the BraTS data set. Similarly, Uzunova et al. (2019) report 
that contrast-enhanced T1 scans yield superior Dice scores compared 
to T2 and FLAIR scans. Combining multiple weightings further im-
proves performance, achieving a Dice score of 50%, highlighting the 
complementary information provided by different MRI sequences.

While there is no clear trend favoring a specific weighting across 
the reviewed approaches, some weightings, such as FLAIR, are par-
ticularly effective for specific pathologies. For instance, hyper-intense 
tumors in combination with the hypo-intense cerebrospinal fluid in 
FLAIR-weighted scans allow straightforward thresholding to achieve 
performance comparable to state-of-the-art UAD approaches concern-
ing BraTS data (Meissen et al., 2022b). However, such methods are 
ineffective for pathologies that manifest as subtle structural changes 
rather than intensity differences. Studies by Meissen et al. (2022d) 
and Lagogiannis et al. (2023) reveal that reconstruction-based UAD 
methods often fail to detect structural anomalies, underscoring the 
need to improve GMs and to develop anomaly scoring mechanisms that 
incorporate structural information.

Beyond these methodological insights, a critical challenge in deploy-
ing UAD systems lies in achieving domain invariance across diverse 
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acquisition parameters. Variability in MRI acquisition, such as differ-
ences in scanner models, field strengths, or imaging protocols, can 
introduce domain shifts. As highlighted by Heer et al. (2021), these 
domain shifts can mimic pathological anomalies, leading to false pos-
itive detections. For example, changes in magnetic field strength may 
alter image intensity distributions, causing a model trained on one do-
main to misinterpret healthy regions in another domain as anomalous. 
Approaches like cDDPMs (Behrendt et al., 2025), which are adaptively 
conditioned on the original image to preserve intensity information 
during the reconstruction process, show promise in enhancing recon-
struction coherence and improving domain adaptation. However, it is 
required to evaluate domain shifts and pathologies as separate phe-
nomena to disentangle these effects fully. Heer et al. propose specific 
strategies to separate domain-shifted samples from those containing 
true lesions (Heer et al., 2021). These methods rely on capturing 
global distribution differences versus localized reconstruction errors, 
offering promising avenues to enhance robustness. Hence, in addition 
to the aforementioned need for comprehensive evaluation data sets, 
further work should focus on integrating these insights into scalable 
and reliable UAD frameworks and benchmarks.

6.3. Data representation

Brain MRIs, typically acquired slice-wise, usually result in volu-
metric images. Several studies indicate that using this inherent 3D 
information can be beneficial. For instance, Bengs et al. (2021) report 
that using 3D VAEs instead of 2D VAEs improves the Dice score by 6.4% 
and 28.4% for tumors and stroke lesions, respectively. Similarly, Naval 
Marimont and Tarroni (2021) report that a 3D CNN outperforms its 
2D counterpart by 5.1% on the BraTS data set. Also Behrendt et al. 
(2022b), who feed the different latent vectors of individual slices to 
a transformer, report improvements in the segmentation performance 
by 10.0% and 10.5% for the BraTS and ATLAS data sets, respectively. 
In the study of Pinaya et al. (2022b), 3D processing led to a relative 
performance improvement of 14.9% and 58.6%, for the BraTS and 
UKB data sets, respectively. However, in the same study, 3D processing 
substantially decreased the performance, with Dice scores dropping 
from 37.8% to 13.3% (MSLUB) and from 42.9% to 13.3% (WMH). This 
demonstrates that extending existing architectures to 3D does not nec-
essarily lead to consistently improved performance. Consequently, the 
majority of the considered approaches perform slice-wise processing, 
ignoring the information of spatial neighborhoods across slices.

Another key factor contributing to this imbalance is the compu-
tational demand for 3D models. Generally, 3D models have a higher 
parameter count than 2D models, and processing 3D volumes necessi-
tates significant computational memory (Pinaya et al., 2022b; Behrendt 
et al., 2022b). Moreover, the high parameter count in 3D models is cou-
pled with data scarcity, as the number of training samples effectively 
decreases to the number of volumes rather than the number of slices as 
in slice-wise processing. This combination of increased parameters and 
reduced training samples can lead to overfitting, potentially impacting 
the performance of 3D models (Bengs et al., 2021).

There is a noticeable gap in recent literature regarding a compre-
hensive study that contrasts 2D and 3D methodologies, considering 
the changing number of parameters and different data set sizes. In-
vestigating these effects is essential to understand the advantages and 
limitations of 3D methods for UAD in brain MRI. A valuable research 
direction is seen in the exploration of efficient 3D processing strategies. 
For instance, parameter-efficient approaches such as latent diffusion 
models (Pinaya et al., 2022a) or wavelet diffusion models (Friedrich 
et al., 2024) could significantly reduce computational costs and, thus, 
make 3D processing more applicable to the field of UAD in brain MRI.
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6.4. Pre-processing

The reviewed approaches apply several pre-processing strategies 
specifically designed for brain MRIs. Given the general size of the 
image data and variations in the actual size and image resolution, 
focusing on relevant regions and resizing them to some fixed values 
is common practice. The size in the reviewed papers ranges from 32 to 
256 voxels per axis, with several studies indicating that larger images 
often result in improved performance. For instance, Zimmerer et al. 
(2019a) demonstrate that changing the input size from 32 × 32 pixels 
to 192 × 192 pixels increases the AUC from approximately 70% to 
80% for the baseline VAE. Similarly, Baur et al. (2020c) report that 
an input size of 256 × 256 pixels results in a relative increase of the 
Dice score of 145% compared to an input size of 64 × 64 pixels when 
studying MS lesions. However, Baur et al. (2020c) and X. Chen et al. 
(2020) show that for the BraTS data set, an input size of 128 × 128 
pixels outperforms larger input sizes of 256 × 256. Cropping is another 
frequent adaptation, particularly trimming a certain number of top 
and bottom slices where no significant information is assumed. In 
more extreme cases, evaluations focus on one to four central slices 
only (Pinaya et al., 2021, 2022b; Bercea et al., 2023a,d,b). While 
this approach reduces computational demands, Meissen et al. (2022b) 
demonstrated that evaluating only the central slices can substantially 
boost performance metrics compared to using all slices in an MRI 
volume. However, this selective evaluation may lead to overestimated 
performance, raising concerns about whether models generalize well 
to other slices or different imaging protocols. In addition to these 
strategies, many methods incorporate skull stripping, which involves 
the removal of the skull from MRI scans using CNN-based tools like 
ROBEX (Iglesias et al., 2011) or HD-Bet (Isensee et al., 2019). Another 
frequent pre-processing step uses registration techniques to align the 
scans with a standardized MRI space, such as MNI space (Mazziotta 
et al., 2001) or SRI space (Rohlfing et al., 2010). Often, bias correction 
filters are applied to eliminate artifacts. Some approaches also utilize 
histogram equalization (Akrami et al., 2020; Martins et al., 2019a; 
Akrami et al., 2021, 2022; Meissen et al., 2022a).

While these pre-processing steps can reduce memory requirements 
and facilitate model training, they can inadvertently introduce biases. 
For example, excessive cropping may exclude peripheral regions of the 
brain where anomalies could occur, potentially biasing models towards 
detecting central anomalies only. Similarly, normalization techniques, 
such as histogram equalization, may obscure subtle intensity-based 
anomalies, limiting the ability of models to capture fine-grained patho-
logical changes. Registration, while useful for standardization, can 
introduce variability depending on the tool or algorithm used, further 
complicating generalizability. Furthermore, skull stripping can lead to 
the removal of extracranial abnormalities, making the detection of 
these conditions impossible (Wood et al., 2021). In summary, selecting 
pre-processing steps can substantially affect the UAD performance, 
particularly regarding the size of the processed volumes or slices. 
The lack of systematic evaluation of these pre-processing strategies 
across studies adds to these challenges. Despite the evidence that 
pre-processing choices can significantly impact UAD performance, the 
reviewed literature does not establish a standard pipeline or quanti-
tatively assess the trade-offs of different strategies. Consequently, the 
selection of pre-processing steps is often empirical, relying on specific 
task requirements and available data. Future work should focus on 
systematically evaluating pre-processing strategies to better understand 
their impact on model performance and reduce biases introduced dur-
ing data preparation. This effort could help establish standardized 
processing frameworks tailored to specific scenarios.

6.5. Model type

UAD methods in brain MRI can be categorized into reconstruction-
based, synthetic anomaly, and feature-based approaches, each with 
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specific strengths and limitations. As Fig.  1 indicates, reconstruction-
based approaches dominate the field, likely reflecting their broad ap-
plicability and their operation directly in image space, making them 
well-suited for segmentation tasks. These methods rely on GMs to 
reconstruct healthy anatomy, with anomalies identified as deviations 
from the reconstructed image. However, high reconstruction fidelity 
often results in the replication of anomalous structures, leading to false 
negatives, while overly regularized models may produce generic or 
blurred reconstructions, introducing false positives. Recent advance-
ments, such as incorporating skip connections and spatial latent di-
mensions, have enhanced the information flow within GMs, improving 
reconstruction accuracy (Baur et al., 2021b). Regularization objectives 
like denoising further prevent models from directly replicating anoma-
lous inputs (Kascenas et al., 2022a). DDPMs exemplify this approach, 
presenting a promising GM for reconstruction-based UAD (Wyatt et al., 
2022; Pinaya et al., 2022b; Behrendt et al., 2023). However, the 
characteristics and magnitude of the added noise in DDPMs can affect 
the detection performance on specific pathologies, posing a challenge 
for a general UAD solution (Kascenas et al., 2023; Bercea et al., 2023b). 
Furthermore, as reconstruction-based approaches utilize the anomaly 
maps derived from discrepancies between the input and reconstruction 
for segmentation, these methods are highly sensitive to reconstruction 
artifacts due to imperfect reconstructions. This necessitates robust post-
processing techniques and anomaly scoring functions, as detailed in 
Sections 6.6 and 6.7.

Promising future directions for reconstruction-based approaches in-
clude adaptive masked regularization strategies that apply varying 
levels of regularization to specific regions of the input, as well as 
the integration of metadata, such as patient age or scanner informa-
tion, to condition GMs and reduce ambiguities associated with certain 
pathologies (Wood et al., 2021; Bengs et al., 2022).

Synthetic anomaly methods introduce artificial anomalies during 
training, allowing direct segmentation of predefined anomaly types, 
trained in a supervised fashion. This strategy has shown promise in 
controlled scenarios, such as the MOOD challenge, where simulated 
pathologies are part of the evaluation. However, as recent studies show, 
using simulated pathologies adds a strong bias towards specific anoma-
lies seen during training. The study (Cai et al., 2023) demonstrates 
that synthetic anomaly methods only perform well on a few particular 
data sets and are often outperformed by reconstruction-based AEs. 
Similarly, Lagogiannis et al. (2023) report that synthetic anomaly meth-
ods perform poorly across all evaluated data sets. Therefore, recent 
studies aim to generate a wide range of diverse anomalies to cover 
the morphology of potential pathologies and employ specific cross-
validation strategies to reduce the risk of overfitting to the synthetic 
anomalies (Baugh et al., 2023).

Feature-based approaches have shown strong performance in non-
medical anomaly detection tasks, such as industrial defect detection 
(e.g., MVTEC Bergmann et al., 2021), where large-scale pre-training on 
natural images enables robust feature extraction. Although industrial 
images can differ from natural image data sets such as ImageNet, they 
often share low-level statistics, allowing pretrained representations to 
transfer effectively. In contrast, the transfer to medical imaging data, 
including brain MRI, can be less straightforward because of differ-
ences in appearance, signal characteristics, and underlying semantics. 
In addition, anomalies in brain MRI are often subtle and context-
dependent, which may limit the effectiveness of approaches based 
solely on feature-space discrepancies. These factors may contribute to 
the comparatively lower adoption of feature-based methods in brain 
MRI reported in the current literature, although this relationship is 
not yet fully understood and warrants further systematic investigation. 
Domain-adapted pre-training on large-scale medical data sets, such 
as UKB, therefore appears to be a promising direction for improving 
feature-based methods in brain MRI. Furthermore, recent advance-
ments in self-supervised learning, such as masked image modeling 
approaches (e.g., MAEs He et al., 2022 or their CNN-based counterparts 
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such as Spark (Tian et al., 2023)) and improved contrastive and self-
distillation-based methods (e.g., BYOL Grill et al., 2020, MoCo He 
et al., 2020, or DINO Caron et al., 2021; Oquab et al., 2023), could 
enhance feature-based methods. Conducting a comprehensive compar-
ison of these approaches in the context of UAD could provide valuable 
insights into their relative strengths and limitations, thereby guiding 
the development of optimized feature extraction strategies.

Overall, each approach has specific use cases and limitations.
Reconstruction-based methods are well-suited for tasks requiring fine-
grained anomaly localization and detecting a wide spectrum of patholo-
gies. Synthetic anomaly methods excel in controlled environments 
where the anomaly types are well-defined, but they require careful de-
sign to avoid overfitting to specific anomalies. Feature-based methods 
can offer computational efficiency and may be particularly useful for 
tasks where coarse or sample-level anomaly detection is sufficient.

Hybrid approaches that combine these methodologies are promising 
for advancing UAD in brain MRI. For example, feature-based methods 
can be integrated with reconstruction-based frameworks by apply-
ing density estimation in the latent space of GMs (Marimont et al., 
2023; Pinaya et al., 2022a). Modeling the latent vector distribution of 
normal brain MRIs allows for efficient density estimation in a lower-
dimensional space, while anomaly detection remains in the image 
space, enabling precise, pixel-wise comparisons. Furthermore, coarse 
feature discrepancies from feature-based methods such as LPIPs can 
refine reconstruction-based anomaly scores, reducing the impact of 
background artifacts induced by imperfect reconstructions.

Synthetic anomaly methods can also complement reconstruction-
based approaches by providing precise segmentation maps for known 
pathologies, which can be combined with the general anomaly maps 
of reconstruction-based methods. This integration enables enhanced 
segmentation performance for specific pathologies while maintaining 
sensitivity to unseen anomalies. Following such a strategy, as demon-
strated in Behrendt et al. (2024a), offers a pathway towards achieving 
supervised-level performance in segmentation while preserving the 
flexibility of unsupervised methods.

Furthermore, the concept of leveraging semi-supervised learning 
further enriches this integration. Semi-supervised anomaly detection 
methods, such as Deep SAD (Ruff et al., 2020), utilize a limited amount 
of labeled normal and anomalous data to guide the model in dis-
tinguishing normal from anomalous patterns. This principle can be 
particularly valuable in UAD for brain MRIs, where labeled anoma-
lies (e.g., certain pathologies) can guide the detection process while 
retaining flexibility for identifying novel anomalies.

6.6. Anomaly scoring

Anomaly scoring is a critical aspect in the pipeline of UAD. As 
discussed above, reconstruction-based approaches derive the anomaly 
score as the deviation between the potentially abnormal input image 
and its reconstruction. The most common metrics for this measure-
ment are intensity-based metrics, such as pixel-wise 𝑙1- or 𝑙2-errors. 
However, these metrics face challenges when detecting anomalies that 
exhibit structural changes rather than intensity differences (Meissen 
et al., 2022b). Studies propose alternative anomaly scores to improve 
segmentation performance. For example, Zimmerer et al. (2019a) sug-
gest a KLD-based anomaly score, reporting performance improvements 
compared to the 𝑙1-error. The authors Silva-Rodríguez et al. (2022) 
report that using CNN activation maps for anomaly scoring can improve 
the Dice score by 85%, compared to the 𝑙1-error. However, Lagogiannis 
et al. (2023) contradicts these findings, reporting that these approaches 
lead to poor generalization across different data sets. As an alterna-
tive, anomaly scoring functions that assess structural similarities have 
been shown to outperform intensity-based scoring functions (Bergmann 
et al., 2020; Lagogiannis et al., 2023; Behrendt et al., 2024b). Another 
approach involves measuring structural similarities of input and recon-
struction in the feature space of pre-trained CNNs rather than the image 
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space (Meissen et al., 2022c). Learned perceptual similarity scores have 
also demonstrated their value in refining the anomaly scores derived by 
reconstruction-based approaches. These methods leverage the comple-
mentary information from the coarse but robust feature-based anomaly 
map and the highly sensitive reconstruction-based residual map to 
enhance segmentation performance (Bercea et al., 2023a,d). Future 
research should focus on developing hybrid anomaly scoring strategies 
that integrate and combine the strengths of these methods to achieve 
robust segmentation across diverse pathologies. For instance, ensemble-
based structural similarities (Behrendt et al., 2024b) could be extended 
to multiple scales, potentially improving generalization across differ-
ent pathology sizes. Furthermore, integrating reconstruction-based and 
synthetic anomaly methods to directly learn the difference between 
inputs and reconstructions (Zavrtanik et al., 2021), holds potential for 
clinically relevant UAD in brain MRIs. This approach is particularly 
valuable in weakly supervised settings, where a small, labeled subset 
of data can be leveraged effectively to enhance model performance and 
generalizability (Behrendt et al., 2024a).

6.7. Post-processing

Typically, the raw error metrics of UAD methods lead to small local 
artifacts and noise in the anomaly maps, necessitating further post-
processing steps. Typical steps include median filtering and removing 
connected components with a volume below a certain threshold. How-
ever, only a few studies explore how these post-processing steps can 
impact performance. For instance, Kascenas et al. (2022a) found that 
using median filtering can improve the performance of DAEs and VAEs 
by 2% and 39%, respectively, when considering the Dice score for the 
BraTS data set. This finding suggests that specific models benefit more 
from additional post-processing steps than others. The same study also 
reports that removing connected components with a volume no larger 
than 20 voxels after binarization leads to only moderate performance 
improvements. Similar trends were observed for DDPMs in Behrendt 
et al. (2025), where median filtering consistently showed the most sub-
stantial impact across various post-processing strategies. Furthermore, 
the results of Behrendt et al. (2025) demonstrate that the effectiveness 
of different post-processing strategies varies across different data sets. 
This highlights that while post-processing can significantly enhance 
segmentation performance, it often introduces a degree of supervision. 
For example, the kernel size of the commonly used median filter can 
lead to specialization towards specific pathology sizes, as larger kernel 
sizes would erase small pathologies. Consequently, kernel sizes vary 
across the reviewed approaches. Most approaches chose a kernel size 
of 5 × 5 × 5, although some approaches use 7 × 7 × 7 (Akrami et al., 
2021, 2022), or 3 × 3 × 3 (Bercea et al., 2022) kernel sizes.

For UAD approaches, finding an appropriate threshold for bina-
rization is crucial. Many studies utilize a data set of unhealthy MRI 
scans for a greedy search of the threshold that maximizes segmentation 
performance. Other approaches consider the marginal percentiles of 
reconstruction errors on healthy data or use OTSU thresholding. In their 
study, Silva-Rodríguez et al. (2022) demonstrate that the threshold 
search can substantially affect the segmentation performance. Specifi-
cally, they report Dice scores of 69.3% and 58.7% for thresholds found 
by using unhealthy validation data, compared to thresholds based on 
the 98% percentile of the healthy validation data. These results suggest 
that calibrating the threshold on unhealthy validation data improves 
the segmentation performance. However, this strategy introduces a 
level of supervision and contradicts the principle of UAD as it may limit 
generalizability to other pathologies not included in the calibration set.

A thorough comparative analysis of post-processing strategies across 
various UAD approaches is essential to fully understand their impact 
on model performance. Future studies should focus on systematically 
evaluating different post-processing techniques to identify generaliz-
able methods that perform well across diverse pathologies and imaging 
conditions. This evaluation should prioritize transparency and fairness 
20 
to ensure a consistent assessment of novel approaches to UAD in brain 
MRI. To reduce reliance on potentially bias-inducing post-processing, 
future research could explore adaptive post-processing strategies that 
dynamically adjust based on the characteristics of individual scans and 
thereby enhance robustness while minimizing the risk of overfitting to 
specific pathologies or data sets. Combining the probabilistic properties 
of DDPMs with uncertainty-based measures such as the Mahalanobis 
distance (Behrendt et al., 2024c) represents a promising direction for 
robust anomaly score refinement. Furthermore, such an approach could 
provide calibrated confidence levels or prediction sets (Akrami et al., 
2022), providing robust thresholds for the final anomaly segmentation.

6.8. Summary

This chapter underscores that beyond selecting specific DL models, 
the entire pipeline design can have a substantial effect on anomaly de-
tection performance and should be tailored specifically for the context 
of UAD in brain MRI. This pipeline includes data selection, acqui-
sition, pre-processing, post-processing, and anomaly scoring. Impor-
tantly, these elements are interconnected. For instance, the quality and 
type of generative models, along with the available data, can dictate 
the necessary pre- and post-processing steps and the choice of suitable 
anomaly scores. This interconnectivity underscores the necessity of 
a complete understanding of the impact of different elements in the 
UAD pipeline when designing and evaluating novel approaches. There-
fore, in addition to addressing the individual challenges of generative 
models, synthetic anomaly methods, and feature modeling approaches, 
there is a crucial need to systematically compare and evaluate different 
aspects of the entire UAD pipeline along with the DL approach.

7. Conclusion

UAD in brain MRI represents a promising research direction, as 
it identifies abnormal structures as deviations from a learned norm, 
thereby enabling the detection of pathologies that are unseen dur-
ing training. In this paper, we provide a systematic literature review 
and categorize the collected DL-based UAD approaches. We present 
their key differences within the overall UAD pipeline and highlight 
challenges faced by these approaches, while also suggesting potential 
avenues for future research.

Our review shows that reconstruction methods are most commonly 
applied across the literature, followed by feature modeling and syn-
thetic anomalies. However, substantial differences exist across and 
within these categories in terms of data handling and processing, 
model architectures, and anomaly scoring strategies. This complexity 
makes it challenging to identify which elements of individual ap-
proaches contribute to robust performance across different scenarios. 
Therefore, comparative studies that consider this context of UAD in 
brain MRI while comparing different state-of-the-art approaches are 
important. Furthermore, an important direction is to address the issue 
of potentially impure or unlabeled training data, which could enhance 
the applicability of UAD in real-world scenarios. Moreover, clinical 
application studies that compare existing UAD methods in various real-
world settings could shed light on the strengths, weaknesses and clinical 
significance of UAD in brain MRI.
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