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Abstract
Due to the diversity of brain anatomy and the scarcity of an-
notated data, supervised anomaly detection for brain MRI
remains challenging, driving the development of unsuper-
vised anomaly detection (UAD) approaches. Current UAD
methods typically utilize artificially generated noise pertur-
bations on healthy MRIs to train generative models for nor-
mal anatomy reconstruction, enabling anomaly detection via
residual maps. However, such simulated anomalies lack the
biophysical fidelity and morphological complexity character-
istic of true clinical lesions. To advance UAD in brain MRI,
we conduct the first systematic frequency-domain analysis
of pathological signatures, revealing two key properties: (1)
anomalies exhibit unique frequency patterns distinguishable
from normal anatomy, and (2) low-frequency signals main-
tain consistent representations across healthy scans. These
insights motivate our Frequency-Decomposition Preprocess-
ing (FDP) framework, the first UAD method to leverage
frequency-domain reconstruction for simultaneous pathol-
ogy suppression and anatomical preservation. FDP can in-
tegrate seamlessly with existing anomaly simulation tech-
niques, consistently enhancing detection performance across
diverse architectures while maintaining diagnostic fidelity.
Experimental results demonstrate that FDP consistently im-
proves anomaly detection performance when integrated with
existing methods. Notably, FDP achieves a 17.63% increase
in DICE score with LDM while maintaining robust improve-
ments across multiple baselines.

Code— https://github.com/ls1rius/MRI FDP.

Introduction
Magnetic resonance imaging (MRI) play a crucial role in
medical imagine system to provide detailed tissue informa-
tion without requiring invasive procedures or exposure to
radiation for aiding radiologists with their diagnostic and
decision-making processes. In typical clinical MRI systems,
a strong static magnetic field aligns hydrogen nuclei in the
body. The nuclei are then excited by radiofrequency (RF)
pulses, and as they return to equilibrium they emit detectable
signals. Spatial localization is achieved using gradient fields
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that modulate the phase and frequency of the signal. The
measurements are acquired as samples in k-space, a spatial-
frequency domain in which each point encodes a spatial-
frequency component of the image (Sarracanie et al. 2015;
McRobbie et al. 2017; Rinck 2018). The spatial-domain
MRI is then reconstructed by applying an inverse Fourier
transform to the k-space data.
Unsupervised anomaly detection (UAD) methods over-

come the limitations of supervised approaches by eliminat-
ing the need for annotated pathological data. Typically, these
methods learn representations of healthy anatomy through
generative models trained on normal MRI scans with artifi-
cial noise. During inference, the models process input scans
(which may contain anomalies) and attempt their reconstruc-
tion under the learned healthy representation. The pixel-wise
residuals between original and reconstructed scans serve as
anomaly scores, enabling detection of pathologies such as
tumors or lesions without requiring abnormal training sam-
ples. This paradigm addresses key challenges including an-
notation scarcity, privacy constraints, and class imbalance,
while being applicable to real-world clinical scenarios where
abnormalities are rare and exhibit high variability (Bercea
et al. 2025; Bao et al. 2024; Behrendt et al. 2024; Kascenas,
Pugeault, and O’Neil 2022; Wyatt et al. 2022). However,
such synthetic noise is limited in reflecting the complexity
of real pathological variations, which restricts generalization
to clinical cases.
Given the inherent frequency-domain nature of MRI gen-

eration (via k-space acquisition), recent studies have increas-
ingly explored frequency-based approaches for reconstruc-
tion and analysis (Yi et al. 2023; Liu et al. 2024; Zou et al.
2025). However, UAD in brain MRI remains predominantly
spatial-domain focused, neglecting the diagnostic potential
of frequency-component analysis. This represents a signifi-
cant oversight, as k-space data naturally encodes structural
information through distinct frequency components - fea-
tures that conventional image-space methods cannot directly
access. The analytical potential of frequency-domain repre-
sentations remains particularly underutilized for character-
izing pathological deviations in unsupervised settings.
In this paper, we conduct the first systematic frequency-

domain analysis of brain MRI anomalies, focusing on: (1)
characterizing the intrinsic relationship between pathologi-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

6118



0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50
Frequency Cutoff Ratio

(Higher values retain less low-frequency information)

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

D
ic
e
Si
m
ila
rit
y
C
oe
ffi
ci
en
t

(L
es
io
n
R
eg
io
n
O
nl
y)

Mean Dice

Figure 1: The effect of high-pass filter threshold on anomaly
content in brain MRIs. The DICE coefficient between high-
pass-filtered images and ground truth shows anomaly infor-
mation primarily reside in low-frequency components.

cal features and their frequency signatures, (2) verifying the
consistency of the low frequency representations, and (3)
developing Frequency-Decomposition Preprocessing (FDP)
- a modular component that mitigates pathological arti-
facts by low-frequency reconstruction while preserving di-
agnostically critical high-frequency details. This module
could directly enhances existing anomaly simulation meth-
ods through its capability to separate and process pathologi-
cal signatures in the frequency domain, significantly improv-
ing the quality of synthesized healthy MRIs without requir-
ing modifications to downstream pipeline architectures.
Our main contributions are summarized as follows:

• We present the first comprehensive frequency-domain
analysis of pathological MRI anomalies, revealing their
distinctive frequency characteristics that are specific to
lesion pathology.

• We propose FDP, a novel preprocessing framework for
unsupervised anomaly detection that enhances MRI re-
construction by selectively filtering lesion-related fre-
quencies while preserving anatomical integrity.

• We demonstrate that FDP consistently improves the per-
formance of existing anomaly detection methods through
comprehensive experimental validation.

Related Work
Generative Models Recent advances in generative mod-
els have significantly impacted medical image analysis,
with several architectures demonstrating particular promise.
Among these, generative adversarial networks (GAN)-
based (Goodfellow et al. 2020; Isola et al. 2017) and vari-
ational autoencoder (VAE)-based (Pinaya et al. 2021; Raad
et al. 2023; Wijanarko et al. 2024) methods have gained at-
tention for their success in image generation and translation.
The emergence of Denoising Diffusion Probabilistic Models
(DDPMs) (Ho, Jain, and Abbeel 2020; Nichol and Dhariwal
2021) marked a significant breakthrough, achieving superior
generation quality through iterative denoising processes that
provide better distribution coverage and training stability
compared to previous approaches. Building on these foun-
dations, the Latent Diffusion Model (LDM) (Rombach et al.

2022) improves computational efficiency by performing the
diffusion process in a compressed latent space, and has been
applied to medical and heterogeneous imaging (Kebaili et al.
2025; Dong et al. 2025; Lin et al. 2024).

Unsupervised Anomaly Detection in Brain MRI Baur
et al. (Baur et al. 2019) initiated UAD in brain MRI le-
sion analysis by training spatially variant autoencoders on
normal data only, using spatial bottlenecks to preserve
spatial details, and detected lesions by analyzing pixel-
wise reconstruction errors. Subsequent methods such as
F-AnoGAN (Schlegl et al. 2019) and AAE (Chen and
Konukoglu 2018) introduced generative adversarial net-
works for UAD in MRI, assuming that healthy regions re-
main unchanged during reconstruction and that latent repre-
sentations of lesion and non-lesion images are similar. How-
ever, this assumption often fails, as lesion intensities can
distort latent projections (Wijanarko et al. 2024). With the
rise of denoising-based techniques, denoising autoencoders
(DAEs)(Kascenas, Pugeault, and O’Neil 2022) and related
approaches simulate anomalies by adding noise, typically
in the form of discrete points. Others (Iqbal et al. 2023;
Behrendt et al. 2024) apply large regular masks and re-
construct the original image from the corrupted input. An-
oDDPM (Wyatt et al. 2022) introduced a partial diffusion
scheme that adds noise at a specific timestep and recon-
structs from the corrupted image. Recently, Tri-VAE (Wi-
janarko et al. 2024) improved UAD by introducing noise
while decoupling metric learning from latent sampling. It
aligns images to a lesion-free distribution, incorporates a
semantic-guided retrieval module, and uses structural sim-
ilarity as an additional training objective. Despite their con-
trollability, artificial noise methods often lack natural vari-
ability and anatomical structure, limiting their realism and
effectiveness. mDDPM (Iqbal et al. 2023) applies masking
in both the image and frequency domains during training to
encourage a diffusion model to learn a prior over healthy
anatomy. At inference, no masking is introduced, and the
model is directly conditioned on the unhealthy input. As a
result, the reconstruction is not explicitly constrained to sup-
press pathology-related cues, and the generated image may
retain lesion information, which can weaken residual-based
anomaly localization.

Fourier Transform Fourier Transform converts a signal
from the spatial domain into the frequency domain by break-
ing it down into its sine and cosine components at different
frequencies, revealing the signal’s frequency characteristics.
In image processing, the Fourier Transform is used for fre-
quency domain analysis (Wang et al. 2024; Vaish, Wang,
and Strisciuglio 2024; Dong et al. 2024). High-frequency
components capture fine details, edges, and textures, while
low-frequency components represent broader and regional
structural features. Fourier Transform converts signals into
the frequency domain, enabling the application of filters
for tasks such as noise reduction, edge detection, and com-
pression, enhancing image processing capabilities (Cochran
et al. 1967; Ye et al. 2024; Zhou et al. 2024). Given a 2D
image I → R

H→W , where I(x, y) denotes the image sig-
nal located at position (x, y), the corresponding 2D Discrete
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Figure 2: Training and inference pipeline of the proposed FDP method. Left: Training Phase. High-frequency signals are
used for both frequency-domain reconstruction and as auxiliary input (HFSup) to enhance structural details. Right: Inference
Phase. The input MRI with lesions is processed by FDP for frequency reconstruction, then fed into the generative model.

Fourier Transform (2D-DFT) can be represented as follows:

f(u, v) = DFT(I(x, y))

=
H↑1∑

x=0

W↑1∑

y=0

I(x, y)e↑j2ω(
ux

H
+

vy

W
)
,

(1)

here u and v serve as indices representing the horizontal
and vertical spatial frequencies in the Fourier spectrum, and
f(u, v) denotes the corresponding frequency signal. The
2D-IDFT is defined as follows:

I(x, y) = IDFT(f(u, v))

=
1

HW

H↑1∑

u=0

W↑1∑

v=0

f(u, v)ej2ω(
ux

H
+

vy

W
)
.

(2)

Both DFT and IDFT can be computed using Fast Fourier
Transform (FFT) algorithm (Brigham and Morrow 1967).

Methodology
We start with a systematic analysis of pathological signa-
tures in the frequency domain of brain MRI, identifying
their distinct frequency signal patterns. Building on the find-
ings, we propose a novel frequency-domain signal process-
ing framework that selectively suppresses anomalies while
preserving anatomical features. The overall structure of
Frequency-Decomposition Preprocessing (FDP) pipeline is
shown in Figure 2. FDP primarily consists of the Frequency
Reconstruction Module (FRM) for core frequency signal
reconstruction, supplemented by the High-Frequency com-
ponent (HFSup) for enhanced structural detail refinement.
MRIs are first transformed into the frequency domain and
split into high- and low-frequency components using a fre-
quency filter. The FRM reconstructs the low-frequency part,
which is then merged with the preserved high-frequency
signals to form a complete frequency-domain representa-
tion. This is converted back into the spatial domain to guide
healthy MRI reconstruction using a generative model. In
parallel, the high-frequency signals are also transformed into
an image and used as an auxiliary structural prior, which
helps preserve anatomical structures and sharpen edges.

Characteristics of Anomaly in Frequency Domain
From the right part of Figure 2, we observe that the le-
sion region in pathological MRI appears as a smooth, ho-
mogeneous area in the spatial domain. According to Fourier
principles, such gradual intensity variations primarily con-
tribute to low-frequency signal components (Additional vi-
sual comparisons are provided in the Appendix). To ver-
ify this assumption, we transform the MRI into the fre-
quency domain and apply a high-pass filter with thresh-
old m, retaining a proportion of (1 ↑ m) of the high-
frequency components. Meanwhile, we employ the DICE
coefficient (Dice 1945) to quantitatively assess the correla-
tion between low-frequency components and lesion-related
information. As shown in Figure 1, the DICE coefficient
decreases rapidly as the high-pass filtering threshold m in-
creases, dropping below 0.1 when m reaches 0.2. This indi-
cates that lesion-related signals are primarily contained in
the low-frequency components and can be effectively re-
moved through high-pass filtering.Unlike general anomaly
detection tasks where anomalies aremainly concentrated
in high-frequency components, MRI lesions typically
manifest as continuous, low-frequency regional signals.
Leveraging this property, high-pass filtering not only sup-
presses irrelevant smooth or uniform background signals but
also enhances the visibility of structural features such as
edges and textures. Since high-frequency components con-
tain minimal lesion-related information, emphasizing them
allows the model to better capture anatomical structural in-
formation and improves its reconstruction fidelity.

Consistency of Low Frequency Signals
However, simply removing low-frequency signals may lead
to information loss. To address this, we investigate whether
it was possible to recover the lost low-frequency signals
without reintroducing lesion-related information as much as
possible. Our systematic frequency-domain analysis reveals
fundamental differences between normal and pathological
MRIs in their real and imaginary components. As demon-
strated in Figure 3, through log-amplitude analysis in the
frequency domain, two principal findings emerge: (1) nor-
mal MRIs exhibit highly consistent real-component patterns

6120



R
el
at
iv
e
L
og
A
m
pl
itu
de
s
R
ea
l

R
el
at
iv
e
L
og
A
m
pl
itu
de
s
im
ag1.0

0.9

0.8

0.7

0.6

0.5 0.50

0.45

0.55

0.60
0.65
0.70

0.75

0.80

0.85

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.90.00.10.0 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Relative Log Amplitudes of Fourier Components Relative Log Amplitudes of Fourier Components

Anomaly

Normal
Anomaly

Normal

Figure 3: The horizontal and vertical axes represent the high-pass filtering threshold m and the normalized real and imaginary
parts of the amplitude, respectively.

in low-frequency regions (m ↓ 0.1), whereas pathologi-
cal cases show substantially greater dispersion in the same
bands; (2) both groups display comparable signal variabil-
ity in high-frequency ranges (m > 0.1). These observations
are consistent with basic frequency-domain principles: low-
frequency components (m ↓ 0.1) represent global anatomi-
cal structures, while high-frequency components (m > 0.1)
capture local details. In normal MRIs, stable low-frequency
patterns reflect structural homogeneity, while pathological
alterations disrupt this coherence, manifesting as increased
dispersion in low-frequency bands—consistent with lesion-
induced anatomical discontinuities (More quantitative anal-
ysis is provided in the Appendix).

Frequency Decomposition
The signal processing is performed in the frequency domain.
Although direct access to native k-space data is ideal for
this purpose, such data are often difficult to obtain in prac-
tice. This is due to several factors, including patient privacy
considerations, the large storage requirements of raw fre-
quency data, and substantial variability in acquisition proto-
cols across MRI vendors. Moreover, most publicly available
datasets provide only reconstructed images rather than raw
k-space measurements. Therefore, we apply a Fourier trans-
form to convert MRI images back into the frequency domain
for subsequent processing.
For a MRI I → R

H→W , we apply 2D Discrete Fourier
Transform (2D-DFT) to convert the image from the spatial
domain to the frequency domain. We then use an ideal high-
pass filter Hhp(u, v) to retain the high-frequency compo-
nents and remove the low-frequency components. The filter
Hhp(u, v) is defined as follows:

Hhp(u, v) =

{
0 if D(u, v) ↓ D0

1 if D(u, v) > D0

, (3)

where D(u, v) is the distance from the frequency origin and
D0 refers to the distance from the current point to the center
of the frequency domain, given by:

D(u, v) =
√
(u↑H/2)2 + (v ↑W/2)2, (4)

D0 = min(m ↔H,m ↔W ),m → [0, 1], (5)

wherem represents the threshold of the high-pass filter.
Finally, the 2D Inverse Discrete Fourier Transform (2D-

IDFT) converts the filtered signal back from the frequency
domain to the spatial domain, i.e.,

f(u, v) = DFT(I(x, y)), (6)

fh(u, v) = f(u, v)↗Hhp(u, v), (7)

fl(u, v) = CROP(f(u, v), fh(u, v)), (8)

Ih = IDFT(fh(u, v)), (9)
here CROP(a, b) means to delete off the high-frequency
signals b from the complete frequency signals a. In this way,
we decompose an MRI I into low-frequency signals fl and
high-frequency signals fh using a high-pass filter. In addi-
tion, the high-frequency image Ih can later be used to en-
hance image detail quality.

Frequency Reconstruction Module
Through comprehensive quantitative analyses (e.g., PCA,
t-SNE, and maximum likelihood estimation) presented in
the Appendix, we demonstrate that these low-frequency sig-
nals exhibit low variance and lie approximately on a low-
dimensional manifold. This motivates us to model the dis-
tribution of low-frequency signals using a prior context
bank P , estimated from healthy MRIs, such that the low-
frequency component of any healthy MRI can be approxi-
mated via latent sampling and mapping.
We therefore propose the Frequency ReconstructionMod-

ule (FRM), which serves as a decoder or a linear map-
ping based on learned dictionaries. This is analogous to
the reparameterization trick used in variational inference,
enabling us to sample smooth, consistent low-frequency
signals in a differentiable manner. We adopt an attention-
based retrieval strategy from a learnable set of prior context
P = [p1, p2, . . . pk], where k denotes the number of learn-
able prior context elements and each pi → R

(m↓H)→(m↓W ).
These contexts are initialized using k-means++ (Arthur and
Vassilvitskii 2006) clustering over the training set to pro-
mote faster and more stable convergence. Given a low-
frequency query fl, we reconstruct the MRI via:

f̂l = ATTN(fl, P, P ), (10)
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f̂ = MERGE(f̂l, fh), (11)

Î = IDFT(f̂), (12)

where ATTN represents an attention module, and
MERGE(a, b) merges the low-frequency component a

and the high-frequency component b into a complete
frequency representation. In this way, the reconstructed
low-frequency signals f̂ l are integrated with the original
high-frequency signals fh to obtain the reconstructed
frequency signals f̂ , which are subsequently transformed
back to the spatial domain to produce the frequency-
reconstructed MRI Î . We supervise the reconstruction of
the low-frequency signals using the L1 loss, formulated
as L1(f̂ l, f l). This design enables the model to generate
plausible low-frequency content conditioned on the pre-
served high-frequency signal and the prior context, thereby
minimizing the chance that lesion-related information is
reintroduced during reconstruction.
Subsequently, Î and Ih can be used for MRI reconstruc-

tion using generative models such as VAEs and LDMs. Ad-
ditionally, the obtained Ih can serve as auxiliary structural
information, which we term High-Frequency Supplement
(HFSup), to enhance anatomical detail preservation.

Experiments
DataSets
We adopted T2-weighted MRI as the primary modality be-
cause it is widely available and provides strong tissue con-
trast. In comparison, T1-weighted images primarily capture
anatomical detail but often show weaker conspicuity for
many lesions. FLAIR acquisition protocols are less stan-
dardized across sites, and its advantage can be region de-
pendent.
For training, we used the publicly available IXI dataset,

which includes 560 T1- and T2-weighted brain MRI scans
from three clinical centers. The dataset comprises only
healthy subjects, providing a clean distribution for modeling
normal anatomy. For evaluation, we conduct 10 evaluation
runs, each using 32 cases randomly sampled from BraTS
2020 dataset (Bakas et al. 2018; Menze et al. 2014), which
includes 369 annotated brain MRI scans across four modali-
ties (T1, T1-CE, T2, FLAIR) and corresponding tumor seg-
mentations. Each scan contains roughly 155 slices, with T2
images acquired at 0.9375 ↘ 0.9375 mm2 in-plane resolu-
tion, 0.125 mm slice thickness, and 240↘ 240 image size.
In addition, to further validate the generalization ca-

pability of our model, we conducted experiments on the
T2-weighted modality across several additional MRI brain
datasets, including the Multimodal Brain Tumor Segmen-
tation Challenge 2021 (BraTS21) (Baid et al. 2021), the
multiple sclerosis dataset (MSLUB) (Lesjak et al. 2018),
and the Multiple Sclerosis Lesion (MSSEG-2) (Commow-
ick et al. 2021). These datasets use similar storage formats
as BraTS20 but cover more diverse brain pathologies, offer-
ing broader scenarios to evaluate model generalization.

Implementation Details
We applied skull stripping with HD-BET (Isensee et al.
2019) to filter out the regions belonging to the foreground
area so that the masking block can only be applied to the
foreground pixel patches. During the experiments, all slices
are resized to a uniform resolution of 256 ↘ 256 after nor-
malization. Unless otherwise specified, the LDM was cho-
sen as the default generative model, the number of prior
context was set to 128 by default, and the high-pass filter-
ing threshold m used for FRM and HFSup are both set to
0.10 as default. The model was trained on 4 NVIDIA V100
GPUs (32GB) using the Adam optimizer, with a learning
rate of 2e-5 and a batch size of 32 for 800 epochs. The de-
tails of evaluation metrics (DICE, AUPRC, AUROC) and
post-processing can be found in Appendix. All of our exper-
iments adopted the unified post-processing method.

Results and Analysis
We evaluated our method’s compatibility with other open-
source approaches. As presented in Table 1, integrating
FDP with the base LDM results in a 17.63% improve-
ment in the DICE score and a 20.92% improvement in the
AUPRC score. Furthermore, when FDP is integrated with
other methods, the results improve by at least 6.16% in
DICE and 11.37% in AUPRC. In terms of AUROC, our im-
provements are limited, with some methods exhibiting slight
performance drops after integration. We attribute this to the
task’s complexity and the trade-offs in anomaly removal.
As shown in Figure 4, our predictions contain fewer errors,
while the predicted lesion regions tend to be slightly smaller
than those of other methods and the ground truth, indicat-
ing that our method achieves higher precision at the cost of
slightly lower recall. To intuitively demonstrate FDP’s effec-
tiveness in removing MRI anomalies, we include visualiza-
tions of results at each pipeline stage in the Appendix.
Furthermore, our method exhibits strong generalization

across multiple MRI datasets, achieving substantial im-
provements over the baseline LDM. As shown in Ta-
ble 2, it yields significant performance gains of 15.53% and
14.48% DICE points on standard benchmarks (BraTS21 and
MSSEG-2, respectively). Notably, even for the more chal-
lenging MSLUB dataset, it maintains a robust improvement
of 4.71% DICE points. These results collectively demon-
strate the consistent effectiveness of our method across di-
verse MRI data domains.

Ablation Studies
In this section, we analyze the impact of mFRM (m used
for FRM), mHFSup (m used for HFSup), and the number of
prior context on model performance. We further investigate
how different hyperparameter settings for each component
affect the overall performance. By default, we employ LDM
without noise-adding as our generative model, with mFRM

set to 0.10,mHFSup also set to 0.10, and the number of prior
context set to 128.
As shown in Table 2 and Table 3, high-frequency infor-

mation alone does not substantially improve performance.
Instead, it serves as a supplementary feature that enhances
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Model DICE AUPRC AUROC
Base Models
VAE (Chen et al. 2020) 34.90± 2.1 29.95± 3.3 94.46± 0.5

LDM (Rombach et al. 2022) 35.02± 1.8 30.75± 2.7 91.62± 1.1

AnoDDPM (Wyatt et al. 2022) 36.19± 1.5 32.01± 2.4 91.37± 1.3

F-AnoGAN (Schlegl et al. 2019) 37.68± 1.2 35.05± 1.9 91.88± 0.9

DAE (simplex) (Kascenas, Pugeault, and O’Neil 2022) 37.38± 1.4 32.93± 2.8 94.65± 0.6

DAE (coarse) 56.87± 3.2 43.23± 2.5 95.71± 0.5

pDDPM (Behrendt et al. 2024) 46.15± 2.4 45.67± 2.9 92.01± 0.9

FDP-enhanced Models
FDP + VAE 46.32± 1.9 (+11.42) 41.32± 2.6 (+11.37) 92.16± 0.8 (-2.30)
FDP + LDM 52.66± 2.4 (+17.63) 51.67± 3.1 (+20.92) 93.12± 0.9 (+1.50)
FDP + AnoDDPM 48.24± 1.7 (+12.05) 47.56± 2.9 (+15.55) 92.97± 1.0 (+1.60)
FDP + F-AnoGAN 52.96± 2.1 (+15.28) 50.70± 2.7 (+15.65) 93.84± 0.7 (+1.96)
FDP + DAE (simplex) 54.77± 2.3 (+17.39) 51.88± 3.0 (+18.95) 94.69± 0.6 (+0.04)
FDP + DAE (coarse) 63.03± 3.5 (+6.16) 61.41± 3.3 (+18.18) 93.95± 1.2 (-1.76)
FDP + pDDPM 54.09± 1.9 (+8.04) 51.03± 3.0 (+5.36) 93.72± 1.0 (+1.62)

Table 1: Comparing anomaly detection performance on the BraTS20 dataset. Values in parentheses indicate performance
changes after integrating FDP. Red indicates improved performance, while blue indicates reduced performance.

Dataset Model DICE AUPRC AUROC

BraTS21 LDM 29.53 27.52 92.26
LDM+FDP 45.06 37.17 93.13

MSLUB LDM 8.35 8.62 84.98
LDM+FDP 13.06 14.28 87.14

MSSEG-2 LDM 20.15 25.67 85.22
LDM+FDP 34.63 37.29 88.32

Table 2: Comparison of models across different datasets.

FRM HFSup DICE AUPRC AUROC

35.02 30.75 91.62
↭ 42.18 40.55 92.25

↭ 50.00 45.86 92.97
↭ ↭ 52.66 51.67 93.12

Table 3: Ablation results on the impact of FRM and HFSup.

the baseline model. Relying exclusively on high-frequency
information may lead to the loss of essential details in the
input image, providing insufficient information for accu-
rate MRI reconstruction. The FRM plays a pivotal role in
enhancing overall model performance by effectively sup-
pressing lesion-related information while preserving struc-
tural details in high-frequency components, thereby improv-
ing image reconstruction quality. The synergistic integration
of these modules leads to significant performance gains.

High Frequency Filtering Threshold To determine the
appropriate mFRM and mHFSup values for FRM and HF-
Sup, we evaluated different mask ratios on each to assess
their respective optimal settings. The results are presented
in Table 4a and Table 4b, respectively. In Table 4a,mFRM is

mFRM DICE AUPRC AUROC

0.01 39.45 37.13 90.54
0.05 50.00 44.86 92.97
0.10 52.66 51.67 93.12
0.15 45.24 43.56 91.78
0.20 43.89 41.87 93.08
0.25 43.75 41.68 92.73
0.30 41.82 39.02 92.45

(a) Effects of mFRM (with
mHFSup = 0.10).

mHFSup DICE AUPRC AUROC

0.01 38.27 38.48 90.01
0.05 50.13 49.04 92.88
0.10 52.66 51.67 93.12
0.15 51.31 42.78 93.82
0.20 49.44 49.47 92.67
0.25 49.93 48.64 93.85
0.30 50.76 49.49 93.75

(b) Effects of mHFSup (with
mFRM = 0.10).

Table 4: Comparison of hyperparameter sensitivity for FRM.

the variable parameter, while mHFSup is fixed at 0.10. Con-
versely, in Table 4b, mHFSup is the variable parameter, and
mFRM is fixed at 0.10.

As shown in Table 4a, when mFRM is set to 0.10, the
model achieves optimal performance by effectively remov-
ing lesions while retaining high-frequency MRI informa-
tion and supplementing low-frequency signals through re-
construction. When mFRM is set to 0.01, the low-frequency
signals primarily capture general image characteristics (e.g.,
illumination intensity, etc.), which are common across sim-
ilar images. In this case, the method fails to remove lesions
effectively during inference, rendering it ineffective. When
mFRM is too large, the frequency representation mainly en-
codes subject-specific features, causing the signals to be-
come overly dispersed and difficult to simulate using the
prior context. This leads to substantial deviations between
the generated and original images, resulting in suboptimal
performance.
As shown in the Table 4b, when mHFSup is set to 0.01,

lesion information is directly introduced due to the overly
low threshold. The retention of excessive information shifts
the model’s focus toward high-frequency signals contain-
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Figure 4: Visual comparison of results with other methods. Origin means the input MRIs, and Seg denotes the ground truth.

ing lesion details, leading to degraded performance. Con-
versely, when mHFSup exceeds 0.15, the high-frequency
structural information becomes insufficient, markedly re-
ducing its contribution to model performance.

Prior Context Number We conducted experiments with
varying amounts of prior context, evaluating five configu-
rations (16, 32, 64, 128, and 256) to identify the optimal
configuration for reconstructing low-frequency signals of
healthy MRI images. As shown in Table 5, increasing the
amount of prior context improves performance, with gains
plateauing around 128. The initial addition of 16 contexts
yields about a 2% improvement, but further increases bring
limited benefit due to empty boundary slices and high inter-
slice similarity. Given that typical MRI scans contain ap-
proximately 155 slices, 128 contexts effectively capture the
volume’s low-frequency structure without incurring unnec-

Prior Context Number DICE AUPRC AUROC

16 45.94 45.23 92.56
32 47.55 47.29 94.13
64 50.31 49.70 92.78
128 52.66 51.67 93.12
256 52.74 50.56 93.01

Table 5: Effects of different numbers of prior context.

essary computational overhead.

Conclusion
In this paper, we present the first systematic frequency-
domain analysis of pathological signatures in brain MRI,
revealing two key properties: (1) the frequency separa-
bility between lesions and normal anatomy, and (2) the
consistent low-frequency representations in healthy brain
MRIs. Motivated by these insights, we propose Frequency-
Decomposition Preprocessing (FDP), the preprocessing
framework for UAD that leverages frequency-domain recon-
struction to suppress pathologies and preserve anatomical
structures. FDP integrates seamlessly with existing meth-
ods, without requiring any architectural changes to the orig-
inal model. Through extensive experiments, we show that
frequency-domain processing effectively suppresses patho-
logical information, providing a reliable solution for unsu-
pervised anomaly detection in brain MRI. We hope that our
method will inspire new research directions for UAD inMRI
and contribute to advancing the field.
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Lesjak, Ž.; Galimzianova, A.; Koren, A.; Lukin, M.; Pernuš,
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