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Abstract
Purpose: T∗2 quantification from gradient echo magnetic resonance imaging is
particularly affected by subject motion due to its high sensitivity to magnetic
field inhomogeneities, which are influenced by motion and might cause signal
loss. Thus, motion correction is crucial to obtain high-quality T∗2 maps.
Methods: We extend PHIMO, our previously introduced learning-based
physics-informed motion correction method for low-resolution T∗2 mapping.
Our extended version, PHIMO+, utilizes acquisition knowledge to enhance
the reconstruction performance for challenging motion patterns and increase
PHIMO’s robustness to varying strengths of magnetic field inhomogeneities
across the brain. We perform comprehensive evaluations regarding motion
detection accuracy and image quality for data with simulated and real motion.
Results: PHIMO+ outperforms the learning-based baseline methods both qual-
itatively and quantitatively with respect to line detection and image quality.
Moreover, PHIMO+ performs on par with a conventional state-of-the-art motion
correction method for T∗2 quantification from gradient echo MRI, which relies
on redundant data acquisition.
Conclusion: PHIMO+’s competitive motion correction performance, com-
bined with a reduction in acquisition time by over 40% compared to the
state-of-the-art method, makes it a promising solution for motion-robust T∗2
quantification in research settings and clinical routine.
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1 INTRODUCTION

Patient head motion during image acquisition remains
a major challenge for brain magnetic resonance imag-
ing (MRI). Motion-related artifacts-like blurring or
ghosting-do not only result from positional inconsisten-
cies during k-space acquisition but also from secondary
effects, such as changes in the local magnetic field (B0),
gradient nonlinearities, as well as transmit and receive
field heterogeneity affecting coil sensitivities.1,2 The extent
to which these secondary effects degrade image quality
depends on the specific imaging sequence and hardware
and their sensitivity to such perturbations.

To quantify the brain’s oxygen metabolism, the
multi-parametric quantitative BOLD (mqBOLD) tech-
nique uses noise-robust multi-echo T∗2-weighted gradient
echo (GRE) acquisitions at low spatial resolution (2 × 2 ×
3 mm3).3 However, T∗2-weighted MRI is particularly sensi-
tive to B0 inhomogeneities and thus, highly susceptible to
motion, as motion-induced B0 variations can lead to signal
loss.4,5 The impact of motion-induced B0 inhomogene-
ity changes on T∗2-weighted GRE images increases with
increasing echo times.6 Since T∗2 quantification requires
multiple echoes, motion may lead to erroneous T∗2 param-
eter maps, which can further affect derived parameter
maps, such as the susceptibility related R2’ relaxation
rate in the mqBOLD technique.3,7 Since mqBOLD is
highly sensitive to motion effects in T∗2 parameter maps,
redundant acquisitions of the k-space center are currently
used for motion correction (MoCo), which significantly
increases the overall acquisition time.8 Various prospec-
tive and retrospective approaches have previously been
proposed for rigid-body MoCo in brain MRI.1 A few
methods also take into account motion-induced B0 inho-
mogeneity changes.9–12 While retrospective methods are
attractive as they do not rely on external hardware or
sequence modifications for motion and field estimates,
they are particularly challenged by the signal loss due
to motion-induced B0 inhomogeneity variations.1 In
recent years, deep learning has shown to be capable
of learning complex patterns and dealing with incon-
sistent data and, thus, might offer promising solutions
to address this challenge. Many learning-based MoCo
approaches have already been proposed for brain MRI.13

MoCo can be addressed with image denoisers, using
convolutional14,15 or generative adversarial networks.16–18

Yet, relying exclusively on image data, these methods
cannot guarantee consistency with the measured k-space
data, which limits their clinical translation potential. Data
consistency can only be ensured by integrating MoCo
into the model- or learning-based image reconstruction
process.19–22 However, previous methods have been devel-
oped mainly for higher resolution qualitative MRI or, if

developed in the context of T∗2 quantification, they do
not enforce data consistency.15 Furthermore, with respect
to motion-induced B0 inhomogeneity changes, Motyka
et al.23 employ deep learning to predict motion-related
B0 inhomogeneity variations. Yet, to the best of our
knowledge, no learning-based MoCo method exists that
incorporates information on these B0 variations into the
reconstruction.

We have recently introduced PHIMO, a PHysics-
Informed Motion cOrrection technique for low-resolution
GRE-based T∗2 mapping in mqBOLD applications,24

which implicitly utilizes the above-described B0
inhomogeneity-induced signal loss to detect motion
events. In particular, PHIMO employs a physics-informed
loss function to detect motion-corrupted k-space lines and
exclude them from a data consistent reconstruction. This
physics-informed loss has proven promising in detect-
ing motion events, but the final image quality strongly
depends on the performance of the reconstruction net-
work, which is challenged by specific motion patterns,
i.e., when central k-space lines need to be excluded. Addi-
tionally, varying strengths of B0 inhomogeneities across
the brain make a consistent estimation of exclusion masks
challenging.

In this work, we leverage MR acquisition physics
to enhance the robustness of PHIMO with two major
extensions. We validate the underlying assumptions of
these extensions and the physics-informed loss (i.e.,
its correlation with the severity of motion) and per-
form comprehensive evaluations. Our contributions are
three-fold:

1. We improve the performance of PHIMO’s reconstruc-
tion module for scenarios where the subject moves
during acquisition of the k-space center.

2. We accelerate the self-supervised line detection and
improve PHIMO’s robustness to varying strengths of
inhomogeneities throughout the brain.

3. We perform extensive evaluations and comparisons
with other conventional and learning-based MoCo
methods, using simulated and real motion data.

2 THEORY

2.1 T∗2 mapping from GRE MRI

The effective transverse relaxation time T∗2 can be deter-
mined from a series of GRE images x = [x1, … , xN]
acquired at increasing echo times TEn for n = 1, … ,N.
Without motion and without B0 inhomogeneities, the time
evolution of the signal magnitude sn = |xn| for an individ-
ual voxel can be approximated by6:
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sn = s0 ⋅ exp
(

−TEn

T∗2

)

(1)

with s0 representing the signal magnitude at TEn = 0.
T∗2 and s0 can thus be obtained by voxel-wise least-squares
fitting of the multi-echo GRE data.

2.2 MRI forward model with motion

The multicoil MRI forward model, accounting for motion,
involves the sampling mask St (including the line-wise
k-space acquisition pattern), the Fourier transform  , the
coil sensitivity maps C, and the motion transform Ut.
To obtain the motion-affected k-space data ŷ, these are
applied to the motion-free image x for each time point t25:

ŷ =
T∑

t=1
StCUtx (2)

For rigid-body motion in the presence of field inhomo-
geneities, Ut consists of translation and rotation trans-
forms, Tt and Rt, as well as a phase shift which is induced
by the position-dependent in-plane B0 inhomogeneities𝜔t
and increases with echo time TEn

26:

Ut = e−2i𝜔tTEn TtRt (3)

2.3 Assumptions on motion patterns

Head motion is commonly modeled as rigid-body motion
that occurs at random timings, e.g., caused by the patient’s
discomfort or lack of attention. We assume that the patient
is able to stay still for most of the scan with only occa-
sional movements. Thus, it is possible to define an under-
sampling mask 𝛀 that excludes these individual motion
events, so that the masked motion-corrupted data closely
approximate the masked motion-free data y:

𝛀ŷ ≃ 𝛀y (4)

This allows us to split the MoCo into two subprob-
lems: (1) finding the optimal exclusion mask 𝛀 and
(2) reconstructing the undersampled k-space data 𝛀ŷ.
We have recently introduced a solution to these two
subproblems,24 which we briefly describe together with
the current major improvements in Section 3.1.

If the subject moves, during the acquisition of the
k-space center, Equation 4 leads to the exclusion of cen-
tral k-space lines, which contains important information

about the overall image contrast. Completely disregard-
ing such lines severely hampers the correct reconstruction
of image intensities, and thus falsifies the subsequent T∗2
quantification, depending of the extent of excluded data.
To minimize the impact of excluding central k-space lines,
we propose to utilize the fact that the central k-space
point y0,0 corresponds to the zero spatial frequency, rep-
resenting the mean image intensity: y0,0 = x. Under the
assumption that the mean image intensity does not signif-
icantly change for small amounts of motion (x̂ ≃ x), we set
the central entry of the exclusion mask,𝛀0,0, to 1, indepen-
dent of the central line’s motion status. In practice, for an
even matrix size, we have to set the smallest possible group
of pixels (i.e., the four pixels around the k-space center) in
the exclusion mask to 1.

3 METHODS

3.1 PHIMO

We have previously introduced a physics-informed MoCo
method, which builds on Eq. 4 and splits the MoCo into (1)
a physics-informed detection of motion-corrupted k-space
lines and (2) a recon77struction of undersampled data.24,27

Figure 1 illustrates these steps. In the following, we pro-
vide a short overview of PHIMO and elaborate on the
refinements which we introduce in this extension and
which we refer to as “PHIMO+” for the remainder of this
article.

3.1.1 Self-supervised k-space line detection

For detecting affected k-space lines in motion-corrupted
data, PHIMO freezes the weights of the pretrained recon-
struction model (Sec. 3.1.2) and optimizes for the best
exclusion mask with a self-supervised physics loss24

(Figure 1A and B). The physics loss is calculated as the
empirical correlation coefficient between reconstructed
signal intensities srec

n and mono-exponentially “fitted”
intensities sfit

n (Eq. 1):

Lphys = 1 −
∑

n(srec
n − srec)(sfit

n − sfit)
√

∑
n (srec

n − srec)2(sfit
n − sfit)2

, (5)

with the mean over all echoes s = 1
n

∑
n sn. Lphys makes

use of motion-related B0 inhomogeneity changes, which
disturb the mono-exponential signal evolution.8 Lphys is
calculated voxel-wise across echoes and averaged within
the brain mask.

 15222594, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

rm
.70050 by H

elm
holtz Z

entrum
 M

uenchen D
eutsches Forschungszentrum

, W
iley O

nline L
ibrary on [18/11/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



EICHHORN et al. 349

F I G U R E 1 Illustration of PHIMO+ with the proposed refinements highlighted on green background. (A) Subject-specific line
detection for motion-corrupted data: optimizing one exclusion mask, Ω, for even and odd slices, respectively - by minimizing the
physics-informed loss illustrated in (B). (B) Empirical correlation coefficient as physics-informed loss for the self-supervised optimization of
the exclusion masks in (A). (C) Training an unrolled reconstruction network with randomly undersampled motion-free multi-echo data. The
pretrained weights of the reconstruction network are frozen for the optimization of the exclusion masks in (A). (D) KeepCenter extension:
always keep the central four k-space points regardless of their motion status to avoid severe contrast loss.

Refinements of PHIMO+
To accelerate the self-supervised line detection and reduce
reconstruction times, we directly optimize a parameter
vector, representing each slice’s exclusion mask, instead
of using a multilayer perceptron for predicting the exclu-
sion mask.24 Furthermore, we incorporate knowledge of
the interleaved MRI acquisition scheme and optimize
only one exclusion mask for even and odd slices, respec-
tively, (Figure 1A), instead of individual masks for all
slices. These Even/Odd masks are optimized on the most
inferior eight slices with mean susceptibility gradients <
80 𝜇T/m. We choose this criterion to select a consistent
subset of slices with similarly moderate susceptibility gra-
dients, enabling a robust selection of hyperparameters that
remains effective across different subjects of our data set,
without the need for fine-tuning. The resulting masks are
then applied to all slices during inference.

The output of PHIMO+ is a mask with continu-
ous values between 0 and 1 whose size corresponds to
the number of phase encoding (PE) lines. We do not
binarize the output to benefit from smoother loss min-
imization. The masks are directly multiplied with the
motion-corrupted k-space, and thus, down-weight contri-
butions from motion-affected lines. To achieve a stable
optimization, we include a regularization term Lreg with
weight 𝜆reg to enforce a minimal number of excluded lines:

Lreg = 𝜆reg

(

1 − 1
Y

Y∑

y=1
Ωy

)

, (6)

with Y representing the number of PE lines. In order
to particularly penalize the exclusion of central k-space,
we add a second term with stronger weight 𝜆center on the
central ten k-space lines:

Lreg = 𝜆reg

[(

1 − 1
Y

Y∑

y=1
Ωy) + 𝜆center ⋅

(

1 − 1
10

Y2∑

y=Y1

Ωy

)]

,

(7)
with Y1 = Y

2
− 5 and Y2 = Y

2
+ 5.

Training details
For PHIMO+, a parameter vector of size 184 is optimized
for 100 epochs with Adam,28 a learning rate of 0.01, a
batch of 20 slices and the regularization term is weighted
with 𝜆reg = 0.005 and 𝜆center = 2. Hyperparameters were
empirically derived on the validation set (see Section 3.2),
focusing on general adjustments rather than an exhaustive
optimization. Differentiable least-squares fitting is imple-
mented with torch.linalg.lstsq. The optimization
takes less than three minutes per subject on a NVIDIA RTX
A6000.

3.1.2 Unrolled multi-echo reconstruction

For the reconstruction task, we utilize an unrolled network
(Figure 1C), which is trained on randomly undersampled
motion-free data, utilizing a mean squared error loss. The
reconstruction alternates five times between a CNN-based
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350 EICHHORN et al.

denoiser and gradient descent data consistency layer, with
independent weights for each iteration. Real and imagi-
nary components of the input image and multiple echoes
are stacked in the channel dimension. For more imple-
mentation details, we refer to our previous publication.24

Refinements of PHIMO+
As outlined in Section 2.3, we adapt our previous imple-
mentation to improve the reconstruction performance in
scenarios where the subject moves during the acquisi-
tion of the k-space center. For this KeepCenter setting,
we set the four central pixels in the undersampling mask
to 1, already during training of the reconstruction net-
work (Figure 1D). For the comparison experiments (see
Section 3.4), we train multiple networks with differently
generated masks, e.g., with and without the KeepCenter
setting.

3.2 Data acquisition

We have acquired multi-coil k-space data from 19 volun-
teers (27.0 ± 2.8 years, 7 females) on a 3T Philips Elition X
MR scanner (Philips Healthcare, Best, The Netherlands).
The acquisition consists of an interleaved multi-slice 2D
GRE sequence that acquires even and odd slices in two
packages (12 echoes, 36 slices, 92 PE lines, TE1 = ΔTE =
5 ms, TR = 2300 ms, voxel size: 2 × 2 × 3 mm3, field of
view: 224 × 184 × 118.5 mm3, 32-channel head coil). The
acquisition takes 3 min 39 s. The study has been approved
by the local ethics committee (approval numbers 440/18
S-AS, 2023-386-S-SB).

We have performed repeated scans under two con-
ditions, instructing the subject to (1) remain still and
(2) to move occasionally in random directions (e.g.,
imitating sneezing or coughing). To evaluate PHIMO’s
motion detection performance, we have provided five sub-
jects with precise timings on when to move (three to
six times for five to ten seconds1). We refer to this as
motion timing experiment. To explore different motion
types, we instructed one subject (“MoCo validation sub-
ject”) to perform four motion patterns with three different
amplitudes each. Moreover, we have collected half- and
quarter-resolution data for all subjects under all motion
conditions to compare the performance of PHIMO+ with
the state-of-the-art MoCo method.8

Preprocessing

The data are divided subject-wise into train/validation sets
for reconstruction (6/3 subjects) and validation/test sets
for MoCo (1/9 subjects), including only slices with more

than 20% brain voxels. For input to the reconstruction net-
work, data are normalized per 3D volume based on the
maximum image magnitude.

3.3 Motion simulation

To expand our evaluations and to train a supervised base-
line method (Section 3.4.2), we simulate head motion
in motion-free multi-coil images. The simulation of
rigid-body motion and random B0 inhomogeneity varia-
tions follows our previously presented physics-aware sim-
ulation pipeline.26 The simulations are based on real head
motion, i.e., 82 3D motion curves extracted from in-house
fMRI time series.2 These curves are divided into training,
validation, and test sets (40/15/27 curves).

Principal component analysis is used to determine the
largest modes of variations of the training motion curves.
The largest 20% of all N principal components, pci(t), are
combined with random weights 𝛼i and added to the mean
curve T(t) to generate 90 augmented training samples: 29

Ttrain(t) = T(t) +
0.2⋅N∑

i=1
𝛼i ⋅ pci(t). (8)

Implementation details

We simulate motion only for PE lines, where the aver-
age displacement of points within a sphere with radius
64 mm-modelling the patient’s head-exceeds a thresh-
old of 2 mm, the voxel size of our data. To circum-
vent the requirement of registration when calculating
full-reference metrics of the simulated images relative to
the original motion-free image, the motion curves are
shifted so that the median motion state-measured by aver-
age displacement-is positioned at zero.

3.4 Experiments

3.4.1 Validation of assumptions

PHIMO+ relies on assumptions for the reconstruction
and line detection steps, including the proposed Keep-
Center and Even/Odd extensions. To ensure the validity
of these assumptions, we conduct experiments using the
MoCo validation subject, i.e., the subject performing four
different motion patterns with three different amplitudes.
Regarding the reconstruction choices, we test if the central
four k-space points are affected by motion (Section 2.3).
For this, we compare reconstructions of only the central
four k-space points from acquisitions without and with
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EICHHORN et al. 351

intentional motion. Additionally, we investigate the
impact of KeepCenter on the reconstruction quality
when excluding several central k-space lines. To assess
this, we compare the mean absolute error (MAE) of T∗2
maps obtained from networks trained without and with
KeepCenter.

For the line detection choices, we first validate that the
proposed physics-informed loss function correlates with
the degree of motion that affects the GRE data. For this,
we compare the loss value for motion-free images and
three levels of intentional motion. Furthermore, we evalu-
ate the effects of the Even/Odd extension on the detection
robustness across the brain by analyzing the line detection
accuracy relative to the reference mask for different slice
numbers. Lastly, we investigate if the line detection perfor-
mance depends on the line’s specific k-space location. For
this, we compare the detection accuracy across all slices
and motion experiments for three k-space regions: low fre-
quencies (30 central k-space lines), high frequencies (32
peripheral lines, 16 on each side), and medium frequencies
(30 lines in between).

3.4.2 Comparative evaluation on test set

We compare the proposed refinements of PHIMO+ to
two learning-based alternatives, outlier-rejecting boot-
strap aggregation (ORBA)18 and supervised line detection
(SLD),22,26 as well as to the previous version, PHIMO,24

and the state-of-the-art MoCo for T∗2 quantification from
GRE MRI with redundant k-space acquisition (HR/QR).8

ORBA18

Approaches motion as a probabilistic undersampling
problem and averages reconstructions with 15 random
bootstrap masks that each randomly exclude some lines as
potential motion events. For a fair comparison, we imple-
ment ORBA by training a separate unrolled reconstruction
network with variable density masks at a fixed exclusion
rate of 0.5, utilizing the KeepCenter setting.

SLD22,26

Utilizes simulated data for training a convolutional neu-
ral network to predict exclusion masks for a given
motion-corrupted k-space in a supervised fashion. The
training of the line detection network follows the details in
our previous publication,26 but we reconstruct the result-
ing undersampled data with the same reconstruction net-
work as used for PHIMO+.

PHIMO24

Does not use the KeepCenter setting during training and
inference of the reconstruction network and optimizes an

individual exclusion mask for every slice. For a robust opti-
mization, PHIMO requires a second regularization term
that enforces a small variation of the masks for adjacent
slices. For more details, refer to Eichhorn et al.24

HR/QR8

Leverages additional half- and quarter-resolution acquisi-
tions and calculates a weighted average of the three/two
acquisitions of each PE line in the central half/quarter of
k-space, in order to suppress individual motion events in
one of the acquisitions. The reliance on redundant acqui-
sition of the k-space center prolongs the acquisition time
from 3 min 39 s to 6 min 25 s.

3.5 Evaluation metrics

3.5.1 Line detection

We evaluate the line detection performance of PHIMO+
by calculating the MAE between predicted and refer-
ence masks, and the accuracy, quantified by the fraction
of correctly classified lines when thresholding the pre-
dictions at a level 0.5. Additionally, we analyze the
precision-recall-curve for various thresholds. Precision
measures the fraction of lines that are correctly pre-
dicted as motion-corrupted, relative to the total number
of lines predicted as motion-corrupted. Recall mea-
sures the fraction of lines that are correctly predicted as
motion-corrupted, relative to the total number of actu-
ally motion-corrupted lines. For simulated data, reference
masks are derived from the time points where motion was
simulated (Section 3.3). For real motion data, reference
masks are only available for the motion timing experi-
ment, where the motion timings are converted into masks
using the known k-space acquisition scheme. Note that
these reference masks are subject to some uncertainty,
since they are generated based on the instructed motion
timings and do not incorporate any measurement of the
actual motion amplitude or timing deviations.

3.5.2 Image quality

We quantitatively evaluate the quality of the T∗2 maps based
on MAE, structural similarity (SSIM), feature similarity
(FSIM), and perceptual image patch similarity (LPIPS),
which have been shown to correlate with radiological eval-
uation of image quality.30,31 All metrics are calculated per
slice relative to the motion-free T∗2 map for brain tissue vox-
els with susceptibility gradients smaller than 100 𝜇T/m.

In the case of real motion (Section 4.3), we align
all acquisitions to the motion-free acquisition via 3D
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registration of the stacked slices using SPM1232

coregister. To differentiate between the methods’
performances for more severe and minor motion, we cate-
gorize the nine test subjects based on visual assessment of
the level of motion artifacts in the motion-corrupted GRE
images: data where motion artifacts were clearly visible in
earlier echoes are categorized as “severe” and data where
artifacts were only visibly for later echoes as “minor.” This
results in five subjects with severe and four subjects with
minor motion.

3.5.3 Statistical analysis
and implementation

We use Wilcoxon signed rank tests and False-Discovery
Rate correction for statistical testing. HR/QR motion cor-
rection and segmentation of anatomical scans are per-
formed in MATLAB (R2022b) and SPM12 with custom
programs.33 All other computations are performed in
Python 3.8.12, using PyTorch 2.0.1 and MERLIN.34 Our
code is publicly available at https://github.com/compai
-lab/2025-mrm-eichhorn.

4 RESULTS

4.1 Validation of assumptions

We investigate the assumption that the proposed Keep-
Center setting improves PHIMO’s performance for cases
where the subject moved during the acquisition of the

k-space center. Our analysis is based on the motion-free
acquisition of the MoCo validation subject. The exem-
plary reconstructed images from only four central k-space
points, resulting from data with and without intentional
motion, exhibit some differences in details but their over-
all intensity distributions are comparable (Figure 2A).
Accordingly, for unrolled network reconstructions with
masks that exclude several central k-space lines, the Keep-
Center extension reduces the MAE of the corresponding T∗2
maps, compared to reconstructions with the original full
masks (Figure 2B). Reconstructions for both settings are
provided in the Supporting Information (Figure S1). These
examples illustrate that the KeepCenter extension avoids
severe signal loss and recovers the contrast more correctly.

We further test if our previously introduced physics
loss24 reflects the degree of motion-corruption in the
GRE images, using the repeated acquisitions of the
MoCo validation subject. As illustrated in Figure 2C,
the value of the loss increases from motion-free images
over low and medium to high motion amplitudes. Addi-
tionally, the larger variance of loss values for all slices
compared to selected slices (based on susceptibility gradi-
ent strengths) confirms our assumption that the high vari-
ability of susceptibility strengths across the brain makes
a robust optimization challenging. Moreover, Figure 2D
demonstrates that the Even/Odd extension, which is opti-
mized for selected slices only, results in a robust line
detection accuracy across slices, with only small differ-
ences between even and odd slices. In contrast, optimizing
on individual slices leads to lower accuracies for infe-
rior and superior slices. This quantitative observation is
also obvious in the example exclusion masks for different

F I G U R E 2 Investigating assumptions regarding reconstruction and line detection on the MoCo validation subject. (A) Exemplary
reconstructions of only four central k-space points for acquisitions without and with intentional motion (different echoes). (B) MAE of T∗2
maps resulting from the KeepCenter and the original mask reconstructions for masks that exclude seven, five, and three central k-space lines.
Examples of reconstructed images can be found in the Supporting Information (Figure S1). (C) Values of the physics loss for the motion-free
acquisition compared to the acquisitions with low, medium, and high motion amplitudes. The loss is once shown for all slices (gray) and
once for only the inferior eight slices with mean susceptibility gradients < 80 𝜇T/m (green), as we propose with the Even/Odd extension. (D)
Slice-wise average line detection accuracy (relative to reference mask), comparing the Even/Odd setting (green) to optimizing each slice
individually (gray). Example exclusion masks are provided in the Supporting Information (Figure S2). (E) Line detection accuracy of PHIMO
and PHIMO+ for distinct k-space regions: low frequencies (30 central k-space lines), medium frequencies (30 lines), and high frequencies (32
peripheral lines).
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F I G U R E 3 Testing the adaption-ability of PHIMO+ to different motion levels for the MoCo validation subject. The resulting T∗2 map
from PHIMO+ is compared to the uncorrected, motion-corrupted data, PHIMO, HR/QR, and the separately acquired motion-free data (A).
The corresponding exclusion masks and the reference mask are presented on the right. The three rows show different acquisitions with the
same prescribed motion pattern but different motion amplitudes: low (B), medium (C), and high (D). Green arrows indicate motion artifacts
that are best suppressed by PHIMO+, blue arrows indicate visible T∗2 estimation errors for PHIMO. MAE (in ms) and SSIM values for the
visualized slices relative to the motion-free T∗2 map are provided below each image. Average mask values (𝜇) and fraction of excluded lines (𝜌)
are provided below each mask.

slices in the Supporting Information (Figure S2), which
illustrates that the Even/Odd extension leads to a more
consistent line detection throughout the brain. Lastly,
Figure 2E showcases PHIMO+’s robust line detection per-
formance across different k-space regions. PHIMO+ out-
performs PHIMO throughout the entire k-space, with only

a slight decrease in detection performance from low to
high k-space frequencies.

Additionally, we use the repeated acquisitions of the
MoCo validation subject to compare PHIMO+ to PHIMO
and test if PHIMO+ is able to adapt the predicted masks
to varying levels of motion corruption. Figure 3 shows
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F I G U R E 4 Qualitative examples for test subjects with simulated motion. The T∗2 map resulting from PHIMO+ is compared to the
uncorrected, motion-corrupted data (left), ORBA, SLD, PHIMO, HR/QR, and the separately acquired motion-free data (right). The
corresponding exclusion masks and the reference mask are additionally provided at the right. The top row (A) shows data from one of the
subjects with the highest line detection accuracies (0.989) and the bottom row (B) data from one of the subjects with the lowest accuracies for
PHIMO+ (0.739). Green arrows indicate severe motion artifacts that are reduced by PHIMO+ and partially by PHIMO and HR/QR. Blue
arrows indicate artifacts introduced by SLD. MAE (in ms) and SSIM values for the visualized slices relative to the motion-free T∗2 map are
provided below each image. Average mask values (𝜇) and fraction of excluded lines (𝜌) are provided below each mask.

examples for three repeated acquisitions with different
motion amplitudes but approximately the same pattern.
The mask examples validate that PHIMO+ is able to
adapt the predicted masks to different motion levels.
PHIMO+’s predictions match the reference more closely
than PHIMO. Furthermore, PHIMO+ recovers the T∗2
values more accurately than PHIMO and outperforms
HR/QR in removing ringing artifacts for this motion
pattern.

4.2 Evaluation on simulated test data

We compare example T∗2 maps from different recon-
structions of data without and with simulated motion
(Figure 4). PHIMO+ significantly reduces motion arti-
facts which mostly appear as ringing or wave-like pat-
terns. The top row shows an example where the exclusion
mask estimated by PHIMO+ closely resembles the pre-
scribed reference. In the bottom row, where PHIMO+
does not detect all lines, the corresponding exclusion mask
yet outperforms the previous version, PHIMO, and gen-
erally matches the pattern of the reference mask, which
confirms that PHIMO+ can detect the dominant motion
events. HR/QR also reduces severe motion artifacts, but
shows more residual wave-like artifacts than PHIMO+,

particularly for the subject in the top row. The T∗2 maps
resulting from ORBA show an increased blurring but no
clear reduction of the wave-like artifacts. SLD partially
reduces the wave-like motion artifacts but introduces addi-
tional artifacts in some regions. The exclusion masks from
SLD approximate the patterns of the reference masks but
particularly overestimate motion events in the k-space
center, especially for the subject in the top row, and miss
more lines than PHIMO+ for the subject in the bot-
tom row.

To analyze PHIMO+’s performance quantitatively, we
compare PHIMO+’s line detection results to PHIMO,
ORBA, and SLD on the test data with simulated motion
in Figure 5. PHIMO+ outperforms all comparison meth-
ods in terms of MAE and accuracy as well as in the
precision-recall-curve. Similarly, the quantitative evalua-
tion of the resulting T∗2 maps in Figure 6 demonstrates that
our proposed extension, PHIMO+, outperforms PHIMO as
well as the learning-based baselines, ORBA and SLD, and
approaches the performance of HR/QR.

4.3 Evaluation on real motion test data

We show example T∗2 maps from test subjects with real
motion in Figure 7. For the subject exhibiting strong
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F I G U R E 5 Line detection results
for simulated test data. (A) MAE, (B)
accuracy, and (C) precision-recall-curve
for all PE lines aggregated. All
comparisons in (A) and (B) are
statistically significant (p<0.001).

F I G U R E 6 Quantitative
evaluation of T∗2 maps for test data with
simulated motion. Image quality
metrics (A) MAE, (B) SSIM, (C) FSIM,
and (D) LPIPS are calculated relative to
the motion-free T∗2 map. The proposed
PHIMO+ improves compared to the
uncorrected T∗2 map and outperforms
PHIMO as well as the learning-based
baselines. Gray brackets indicate
comparisons with no statistical
significance (p>0.001). Outlier values
(ranging up to 62.9/0.18 for MAE/LPIPS
and down to 0.13/0.85 for SSIM/FSIM)
were cut off to better visualize the
differences of the mean values.

motion, PHIMO+ outperforms all comparison methods
and effectively suppresses severe motion artifacts that
otherwise cause regional T∗2 misestimation errors. How-
ever, similar to all other methods, PHIMO+ is unable to
fully recover all fine details compared to the separately
acquired motion-free T∗2 map for this level of head motion.
The estimated exclusion mask matches the pattern of the

reference mask (extracted from the prescribed timings),
which confirms PHIMO+’s ability to detect real motion
events. Similar to the simulated motion examples, SLD
somewhat overestimates the exclusion mask, particularly
in the k-space center. For the subject exhibiting minor
motion, the corrupted T∗2 map shows only subtle motion
artifacts and all methods either preserve its quality or lead
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F I G U R E 7 Qualitative examples for test data with real motion. The resulting T∗2 map from PHIMO+ is compared to the uncorrected
data (left), ORBA, SLD, PHIMO, HR/QR, and the separately acquired motion-free data (right). We additionally provide the corresponding
exclusion masks and the reference mask (if available). The top row (A) shows one subject with minor motion (no instructions on timing
given, thus, no reference mask available) and the bottom row (B) one subject with strong motion (motion timing experiment). Green arrows
indicate severe motion artifacts that are suppressed by PHIMO, PHIMO+, and partially by HR/QR, blue arrows indicate subtle residual
artefacts for all methods. MAE (in ms) and SSIM values for the visualized slices relative to the motion-free T∗2 map are provided below each
image. Average mask values (𝜇) and fraction of excluded lines (𝜌) are provided below each mask.

to minor improvements in MAE and SSIM that are diffi-
cult to detect visually. For this subject no reference mask
is available, which precludes a direct evaluation of the pre-
dicted exclusion masks. However, PHIMO+ and PHIMO
detect only a few motion-corrupted lines, as expected for
such minor motion artifacts, while SLD excludes a large
number of lines, especially in the k-space center.

Figure 8 quantitatively compares the line detection per-
formance of PHIMO+ on real motion data for the four
test subjects that performed the motion timing exper-
iment. In line with the qualitative observations from
Figure 7, PHIMO+ shows superior performance compared
to all other methods based on MAE, accuracy, and the
precision-recall-curve.

The quantitative evaluation of the T∗2 maps based
on different image quality metrics in Figure 9 supports
our qualitative observations. For the subjects with strong
motion, PHIMO+ improves all image quality metrics com-
pared to the uncorrected maps and the learning-based
baseline methods. PHIMO+ outperforms the previous ver-
sion, PHIMO, in terms of MAE and SSIM and approaches
the performance of HR/QR. Minor motion data gener-
ally show better metric values with small but consistent
improvements by PHIMO+ and HR/QR. SLD, and to some
extent PHIMO, rather degrades image quality for minor
motion, particularly in terms of MAE. A potential reason

for this could be that they overestimate the amount of
motion in the k-space center. For the subjects with minor
motion, the average value of the exclusion mask for the
central 10 lines is 0.95 for PHIMO+, 0.84 for PHIMO, and
0.65 for SLD.

We additionally evaluate how PHIMO+ and the com-
parison methods deal with acquisitions without inten-
tional motion. Example T∗2 maps for their applications
to apparently motion-free data are provided in the
Supporting Information (Figure S3). In these examples,
PHIMO+, PHIMO, and HR/QR preserve the quality of the
motion-free data, whereas ORBA introduces blurring and
SLD excludes many central k-space lines, partially result-
ing in severe artifacts. This observation is also reflected in
the summary of predicted exclusion masks by ORBA, SLD,
PHIMO, and PHIMO+ for the motion-free data in Table 1.
Assuming that the cooperative volunteers remained still
for the majority of the acquisitions, PHIMO+’s predicted
exclusion masks, with an average of 1.3% excluded lines,
appear more realistic compared to SLD’s average of 13.3%.

5 DISCUSSION

We have proposed two major extensions to our previ-
ously introduced self-supervised and physics-informed
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F I G U R E 8 Line detection
performance on real motion test
data for the four subjects of the
motion timing experiment.
(A) MAE, (B) accuracy, and (C)
precision-recall-curve. Reference
masks were generated from the
prescribed motion timings using
the known k-space acquisition
scheme. All comparisons in (A)
and (B) are statistically significant
(p<0.001).

learning-based MoCo method.24 This extended version,
PHIMO+, improves the robustness of the self-supervised
line detection by optimizing only one mask for even
and odd slices, respectively. Additionally, the KeepCen-
ter extension improves the undersampled reconstruc-
tion and reduces T∗2 quantification errors for challenging
motion patterns affecting the k-space center. We have
validated these extensions and their underlying assump-
tions, performing comprehensive validation experiments.
Moreover, our comprehensive evaluations using simulated
and real motion data have confirmed the superiority of
PHIMO+ to learning-based baseline methods. Our evalu-
ations have further confirmed that PHIMO+ performs on
par with the state-of-the-art HR/QR MoCo method for T∗2
quantification from GRE MRI,8 while substantially reduc-
ing the acquisition time, since PHIMO+ does not rely on
redundant acquisitions of the k-space center.

5.1 PHIMO+ vs. PHIMO

Our validation experiments have supported our
assumption that the reconstruction benefits from keeping
the central four k-space points regardless of their motion
status (Figure 2). The information in the k-space center

appears to not be severely affected by motion but aids the
correct contrast reconstruction and subsequent T∗2 quan-
tification. Furthermore, we have demonstrated that the
proposed physics loss-based on the T∗2 decay fit-is sensi-
tive to the level of motion-corruption. Moreover, the loss
values are more tightly clustered when calculated on a
selected subset of slices (based on susceptibility gradient
strengths), which confirms our assumption that optimiz-
ing the exclusion mask only on a subset of slices allows for
a more robust optimization. Together with our Even/Odd
extension, which groups slices that are acquired within
a sufficiently narrow time frame, we achieve a more
consistent detection performance throughout the brain.
Moreover, the visual and quantitative comparisons of
PHIMO+ and PHIMO24 demonstrate that the KeepCenter
and Even/Odd extensions significantly improve the overall
MoCo performance (Figure 3).

5.2 PHIMO+ vs. learning-based
baselines

We have compared PHIMO+ to two learning-based base-
line methods, ORBA18 and SLD.22,26 These methods are
also based on excluding motion-corrupted k-space lines,
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F I G U R E 9 Quantitative
evaluation of T∗2 maps for real
motion test data. Image quality
metrics MAE, SSIM, FSIM, and
LPIPS relative to the motion-free
T∗2 map for four subjects with
minor motion (A) and five
subjects with strong motion (B).
The proposed PHIMO+ improves
compared to the uncorrected T∗2
map and outperforms PHIMO as
well as the learning-based
baselines (ORBA and SLD). Gray
brackets indicate comparisons
with no statistical significance
(p>0.001).

T A B L E 1 Summary of exclusion masks predicted for
motion-free data by ORBA, SLD, PHIMO, and PHIMO+.

ORBA SLD PHIMO PHIMO+

Average value of
masks

0.503 0.867 0.958 0.967

Fraction of
excluded lines

52.1% 13.3% 0.8% 1.3%

Note: For calculating the fraction of excluded lines, the masks were
thresholded at 0.5.

and thus are applicable to T∗2-weighted GRE MRI with
B0 inhomogeneities as secondary motion effects. For both
simulated and real motion, ORBA results in blurry T∗2
maps and cannot correct the observed motion artifacts, in
particular wave-like patterns and ringing artifacts. This is
not surprising, since - in contrast to PHIMO+ - ORBA does
not specifically exclude motion-corrupted lines but aver-
ages the outcomes of several random masks. Our results
demonstrate that PHIMO+’s explicit self-supervised line

detection is superior to this probabilistic aggregation of
random masks.

The second baseline method, SLD, is trained to exclude
specific k-space lines in a supervised fashion on simu-
lated data. However, compared to PHIMO+, the predicted
masks for unseen data are less accurate across all met-
rics, especially for real motion. We have observed that
SLD tends to exclude too many lines in the k-space cen-
ter, which particularly challenges the reconstruction and
needs to be avoided in the absence of actual motion. In
particular for motion-free data, SLD has partially intro-
duced severe artifacts, while PHIMO+ has preserved
the high quality of the motion-free maps (Figure S3).
This overestimation of motion in the k-space center cer-
tainly contributes to SLD’s lower image quality metrics,
where PHIMO+ outperforms SLD for simulated and real
motion data. The superiority of PHIMO+ to SLD confirms
the benefit of self-supervised scan-specific optimization,
which avoids some generalization issues of supervised
training with limited or potentially not fully realistically
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simulated training data. Furthermore, the scan-specific
design makes PHIMO+ robust across different acquisition
settings, improving its generalizability to new datasets, as
long as the assumptions of the physics-based loss function
remain valid.

5.3 PHIMO+ vs. state-of-the-art HR/QR

We have additionally compared PHIMO+ to HR/QR,
which samples the k-space center three times, combining
the motion-corrupted acquisition with additional half- and
quarter-resolution acquisitions. Quantitatively, HR/QR
achieves slightly higher values for most image quality
metrics in simulated and real motion data; but PHIMO+
more closely approaches HR/QR’s performance than any
other comparison method. HR/QR’s superior metric val-
ues must be considered in the context that it combines
three acquisitions into a weighted average, which inher-
ently improves SNR, even in the absence of motion, at the
cost of longer acquisition times. However, when the sub-
ject moves during the acquisition of peripheral k-space
lines, HR/QR cannot correct the corresponding artifacts,
since it only reacquires the k-space center. The examples
in Figures 3, 4 and 7 demonstrate PHIMO+’s superiority
for these scenarios. Considering quantitative and qualita-
tive results, PHIMO+ performs on par with HR/QR, while
significantly reducing the overall scan time by over 40%,
which is crucial for clinical translation.

5.4 Limitations

Our work is not without limitations. First, similar to all
comparison methods, PHIMO and PHIMO+ assume that
the subject remains mostly still, with only occasional ran-
dom movements. Our evaluation revealed some variation
in line detection accuracy across test subjects (Figures 5
and 8). Beyond the uncertainty of the reference masks
themselves, this could indicate that the performance of
PHIMO+ depends on the specific motion pattern. Fur-
thermore, in the Supporting Information (Figure S4), we
provide an example that was excluded from the main
analysis due to exaggerated motion in the k-space center
(ten seconds or nine lines), which challenges the under-
sampled reconstruction even with the KeepCenter exten-
sion. To improve the resilience to such severe motion
patterns, one potential solution could involve random-
izing the acquisition order in the PE direction, as pro-
posed in the DISORDER framework,35 and thus distribute
potentially long motion events across the entire k-space.
A detailed analysis of how many k-space lines can be

excluded from which region without degrading recon-
struction quality remains a direction for future work. Sec-
ond, in the clinical routine, short reconstruction times are
essential. PHIMO+ currently requires up to three min-
utes for the scan-specific optimization of exclusion masks
and final reconstruction. While this is already practical in
research settings, where reconstructions can be performed
offline, additional efficiency enhancements will be crucial
to further reduce reconstruction times for clinical appli-
cations. Third, our analysis is limited to multi-echo GRE
data at 2 mm resolution. While sufficient for noise-robust
T∗2 quantification in the context of quantifying the oxygen
metabolism with the mqBOLD technique,3 higher resolu-
tion GRE acquisitions are commonly used for instance for
quantitative susceptibility mapping.36 These higher reso-
lution acquisitions have benefited from advances in par-
allel imaging and learning-based accelerated imaging.37

The generalizability of PHIMO+ to high-resolution data
remains to be tested, as the physics-informed loss lever-
ages contrast information which is more prevalent in the
k-space center. However, our validation experiments sug-
gest that PHIMO+’s line detection is relatively robust
across k-space frequencies (Figure 2E). Lastly, PHIMO+
does not directly correct motion-related B0 inhomogene-
ity changes; rather, it excludes k-space lines that are
affected by such motion-induced magnetic field changes,
thereby ensuring more consistent B0 inhomogeneities
across the acquisition. However, static B0 inhomogeneities
are still present and need to be addressed in a separate
post-processing step.38 In order to disentangle motion and
static B0 inhomogeneity artifacts in our analysis, we only
evaluated the T∗2 maps for voxels with susceptibility gradi-
ents smaller than 100 𝜇T/m.

6 CONCLUSION

In conclusion, we have developed two key extensions
to our previously introduced physics-informed motion
correction method, PHIMO. With these extensions,
we enhance PHIMO+’s robustness to highly variable
magnetic susceptibility gradients across the brain and
enhance its reconstruction performance for challenging
motion patterns, in particular motion events occurring in
the k-space center. Our comprehensive evaluation con-
vincingly demonstrates that PHIMO+ outperforms two
learning-based baseline methods and matches the per-
formance of a state-of-the-art MoCo technique, while
significantly reducing the total acquisition time. This
makes PHIMO+ a promising option for motion-robust
T∗2 quantification from GRE MRI in clinical and research
applications.
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SUPPORTING INFORMATION
Additional supporting information may be found in the
online version of the article at the publisher’s website.

Data S1. Supporting Information
Figure S1. Examples of reconstructed images (first echo)
for networks trained conventionally (with original masks
and no KeepCenter) and with the KeepCenter exten-
sion, compared to the fully sampled image. From top to
bottom, the masks exclude three, five, and seven cen-
tral k-space lines. Green arrows indicate brain areas
with more correctly recovered contrast in the KeepCenter
reconstructions.
Figure S2. Example exclusion masks estimated from infe-
rior, middle, and superior slices, comparing the Even/Odd
extension to an optimization of individual slices for two
different motion patterns of the MoCo validation subject.
For these acquisitions, the slice range based on the suscep-
tibility gradient strength for the Even/Odd optimization is
[10, 17]. These examples demonstrate a more stable-line
detection profile across the brain for the Even/Odd opti-
mization compared to masks optimized for individual
slices.
Figure S3. Qualitative examples for applying PHIMO+
and the comparison methods to apparently motion-free
data. The resulting T∗2 maps (and, if available, exclu-
sion masks) are compared for the original data without
intentional motion, ORBA, SLD, PHIMO, PHIMO+, and
HR/QR for two different subjects. Blue arrows indicate T∗2
quantification errors introduced by SLD.
Figure S4. Acquisition excluded from the main analysis
due to excessive motion in the k-space center (10 s/nine
lines). The T∗2 maps are compared for ORBA, SLD, PHIMO,
PHIMO+, and HR/QR to the uncorrected acquisition
(left) and the separate motion-free acquisition (right). The
respective exclusion masks are shown on the right. Green
arrows indicate areas where PHIMO and PHIMO+, and
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to some extent HR/QR, clearly mitigate the extent of
wave-like motion artifacts, blue arrows indicate missing
details across all methods. PHIMO and PHIMO+ overes-
timate the exclusion mask, likely due to excessive motion
in the k-space center, which challenges the reconstruction
network even with the KeepCenter extension. Note that the
current standard, HR/QR, is also challenged by such an
extreme motion case, which, in clinical applications, may
ultimately require reacquisition.

How to cite this article: Eichhorn H, Spieker V,
Hammernik K, et al. Motion-robust T∗2
quantification from low-resolution gradient echo
brain MRI with physics-informed deep learning.
Magn Reson Med. 2026;95:346-362. doi:
10.1002/mrm.70050
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