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Abstract— Objective: Quantitative Susceptibility Map-
ping (QSM) faces challenges due to the ill-posed nature of
the inverse problem, which necessitates multi-orientation
(MO) acquisitions to resolve susceptibility ambiguities.
However, existing MO methods have several practical lim-
itations. 1) Calculation Of Susceptibility through Multiple
Orientation Sampling (COSMOS) requires four to five ori-
entations, resulting in prohibitively long scan times that
are unsuitable for clinical use. 2) Nonlinear Dipole Inver-
sion (NDI) requires substantial computational resources
for gradient evaluations across all orientations at each
iteration and lacks systematic validation. This study aims to
facilitate the clinical adoption of MO-QSM methods. Meth-
ods: This study proposes the Optimized Multi-orientation
Nonlinear Inversion of Susceptibility (OMNIS), a QSM re-
construction approach that integrates averaged Kaczmarz-
style iterative updates with a nonlinear data fidelity for-
mulation. Our proposed approach computes only a single-
orientation gradient per iteration while preserving MO in-
formation. Furthermore, this study introduced an idealized
MO simulated dataset with a known ground truth and pro-
vided comprehensive validation across simulated and in
vivo datasets. Results: The proposed method achieves an
approximately 80% reduction in total gradient evaluations
and 50% reduction in runtime compared to the NDI, without
requiring additional parameters or regularization. It main-
tains the same reconstruction quality while requiring fewer
orientations, thereby reducing the scan time. Validation
demonstrated statistically significant relative reductions in
the NRMSE (11.5% mean) and HFEN (13.5% mean), along
with reduced streaking artifacts and enhanced robustness
in clinically relevant regions. Conclusion: OMNIS achieves
improved reconstruction quality while reducing both com-
putational burden and acquisition requirements, thereby
providing a practical and clinically viable method for MO
QSM reconstruction. Significance: The proposed method
could enhance the diagnosis and monitoring of various
diseases through reliable and feasible susceptibility esti-
mation.

Index Terms— Averaged Kaczmarz method, dipole in-
version, image reconstruction, inverse problems, multiple
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I. INTRODUCTION

QUANTITATIVE susceptibility mapping (QSM) is an
advanced magnetic resonance imaging (MRI) technique

that noninvasively quantifies the amount and spatial distribu-
tion of magnetic susceptibility using gradient-echo MRI [1].
Magnetic susceptibility refers to the degree of magnetiza-
tion of a material in an external magnetic field. QSM can
distinguish paramagnetic and diamagnetic substances through
positive and negative susceptibility values, which are visual-
ized as regions of high and low contrast, respectively, thereby
enabling improved tissue characterization and reliable differ-
entiation between hemorrhage and calcification. The quantita-
tive nature of QSM provides clinically relevant biomarkers of
tissue composition and pathological changes, including iron
accumulation [2], myelin content [3], and venous oxygena-
tion [4]. Consequently, QSM has important applications in
the assessment of neurodegenerative disorders, evaluation of
multiple sclerosis lesion activity, and estimation of the cerebral
oxygen extraction fraction, providing valuable structural and
functional information beyond that of conventional MRI tech-
niques [5]. Given the increasing burden of these conditions,
with Parkinson’s disease estimated to affect over 25 million
individuals worldwide by 2050 [6] and Alzheimer’s disease
expected to exceed 19 million cases by 2036 [7], QSM is of
increasing clinical importance.

Multiple preprocessing steps are involved in obtaining the
susceptibility map from the acquired MR phase data, includ-
ing phase unwrapping, background field removal, and dipole
inversion. Phase unwrapping resolves the ambiguity inherent
in the measured phase’s 2π periodicity, whereas background
field removal eliminates unwanted phase contributions, such
as those from air-tissue interfaces, to obtain the local field.
Among these, dipole inversion is the most challenging step,
in which the susceptibility map is obtained by deconvolving
the unit dipole kernel from the local field via pointwise
division in the Fourier domain. The presence of zeros in the
dipole kernel on conical surfaces in the Fourier domain makes
the reconstruction an ill-posed inverse problem, and direct
inversion results in severe noise amplification and streaking
artifacts in the image. Regularization techniques and priors,
such as total variation, sparsity, smoothness, and gradient
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constraints, stabilize the inversion by restricting feasible so-
lution spaces. However, balancing data fidelity and regulariza-
tion is inherently challenging, and the simplified assumptions
encoded by such explicit regularizers may not fully reflect
the true susceptibility distribution, potentially introducing a
reconstruction bias [8], [9].

A more fundamental approach is to improve the condition-
ing of the inverse problem using complementary measure-
ments. One such established method is the Calculation Of Sus-
ceptibility through Multiple Orientation Sampling (COSMOS),
which acquires MR data from several object orientations rela-
tive to the main magnetic field [10] and estimates susceptibility
using a closed-form solution. However, COSMOS typically
requires four to five feasible in vivo orientations to effectively
suppress streaking artifacts [11], resulting in an approximately
400% increase in total scan time. This substantially increases
the patient burden due to prolonged scanning and repeated
repositioning, also raising the risk of incomplete examina-
tions, making such multi-orientation methods impractical for
clinical use. Moreover, COSMOS relies on a linear field-to-
susceptibility formulation that assumes Gaussian noise be-
havior, whereas the statistics of the MR phase noise differ
considerably in low-SNR regions [12].

To address the limitations of linear inversion, nonlinear
data fidelity formulations were introduced in [12]. Building
on this framework, Nonlinear Dipole Inversion (NDI) [13]
applies a nonlinear relation to multi-orientation (MO) settings
and reports improved reconstruction quality over COSMOS
under limited orientations, with comparable performance at
higher sampling. However, these conclusions were primarily
based on visual assessments and lacked quantitative validation
owing to the absence of a ground truth. In addition, the
NDI relies on a computationally intensive gradient-descent
optimization scheme that requires gradient evaluations for
all orientations at each iteration, leading to multiple Fourier-
domain transformations and high computational cost.

To overcome these limitations, we integrated the Aver-
aged Kaczmarz (AVEK) [14] optimization method within
a multi-orientation QSM reconstruction framework with a
nonlinear data-fidelity formulation, resulting in OMNIS (Op-
timized Multi-orientation Nonlinear Inversion of Susceptibil-
ity). AVEK decomposes the MO objective into sequential
orientation-specific updates, retaining information from all ori-
entations through iterative averaging of intermediate updates,
and each iteration requires only a single-orientation gradient
evaluation, thereby making it computationally efficient for MO
methods. To systematically validate the MO QSM methods, we
extended an available realistic simulation framework [15] to
an MO setting by generating data from eight distinct head
orientations. Using the known simulated ground truth, we
performed direct quantitative comparisons of the COSMOS,
NDI, and proposed OMNIS methods.

The main contributions of this study are as follows.
• We propose a novel optimization framework for multi-

orientation QSM reconstruction for effective utilization
of MO information and computational efficiency.

• We develop an idealized MO simulated QSM dataset and,
to the best of our knowledge, present the first systematic

TABLE I
IMPORTANT NOTATIONS

Symbol Description
Theory Notations

χ Susceptibility map (χ∗ : Optimal susceptibility map)
y Local field map
D Dipole kernel (forward operator)
N Number of orientations
W Noise weighting map derived from signal magnitude
bp Main magnetic field vector in the object frame for orientation p

Iterative Algorithm Notations
α Step size
τ Gradient tolerance
δ Relative gradient difference
Imax Maximum number of iterations

Fig. 1. Description of the eight orientations (Ori) used for the MO
simulation. (a) bp visualization (b) Corresponding parameters.

validation of MO QSM methods.
• We perform a comprehensive evaluation using quantita-

tive analysis, visual assessment, region-of-interest (ROI)
analysis, and in vivo experiments to assess reconstruction
performance and practical applicability.

• We establish the clinical applicability of the proposed
framework and its potential to serve as an in vivo ref-
erence map by demonstrating the requirement of fewer
orientations, reliable estimation in clinically relevant re-
gions, improved agreement with ground truth, better
preservation of fine structural details, reduced streaking
artifacts, and improved computational efficiency com-
pared to iterative methods.

The notations used in this study are summarized in Table I.

II. BACKGROUND

A. QSM Forward Model

Quantitative Susceptibility Mapping (QSM) uses MRI phase
measurements to estimate the underlying tissue susceptibility
distribution χ(r). Under the influence of an external magnetic
field B0, biological tissue with susceptibility χ(r) becomes
magnetized and generates local magnetic field perturbations
∆b(r). This local field perturbation is obtained from the
MRI signal phase after preprocessing and is related to the
susceptibility distribution via convolution with the unit dipole
kernel D(r):

∆b(r) = D(r) ∗ χ(r) (1)
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Fig. 2. Simulated local field maps for the SIM1 susceptibility model at
orientation 1 under two noise settings: (a) SNR1 (peak SNR = 100) and
(b) SNR2 (peak SNR = 1000). ppm stands for parts per million.

where ∗ denotes convolution and r denotes spatial coordinates.
In the Fourier domain, Eq. (1) becomes a point-wise multipli-
cation, allowing susceptibility estimation as

χ(k) =
∆b(k)

D(k)
(2)

where k = (kx, ky, kz) denotes the spatial frequency coor-
dinates. For the usual case where the main magnetic field
is oriented along the z-axis, i.e., B0 = [0, 0, 1]T , the dipole
kernel is

D(k) =
1

3
− k2z
∥k∥2

(3)

Direct inversion of Eq. (2) is unstable because D(k) van-
ishes on the conical surface defined by k2x + k2y − 2k2z = 0.
Values of D(k) near zero cause severe noise amplification
and streaking artifacts, rendering susceptibility estimation an
ill-posed inverse problem [8], [9].

For simplicity, we denote χ(r) by χ, ∆b(r) by y, and define
the forward operator as D = F−1D(k)F where F and F−1

denote the discrete forward and inverse Fourier transforms,
respectively. The optimal Susceptibility (χ∗) reconstruction is
commonly formulated as

χ∗ = argmin
χ
∥Dχ− y∥22 (4)

B. Calculation Of Susceptibility through Multiple
Orientation Sampling (COSMOS)
The ill-conditioning of single-orientation QSM can be allevi-
ated by acquiring measurements at multiple object orientations
relative to the direction of B0.

In the object reference frame, the forward model for orien-
tation p is

∆bp(k) = Dp(k)χ(k) (5)

where the orientation-dependent dipole kernel is

Dp(k) =
1

3
− (k · bp)

2

∥k∥2
(6)

Combining measurements from N orientations, COSMOS
[10] solves

χ∗ = argmin
χ

N∑︂
p=1

∥Dpχ− yp∥22 (7)

which admits the closed-form solution

χcosmos =

(︄
N∑︂

p=1

DT
p Dp

)︄−1(︄ N∑︂
p=1

DT
p yp

)︄
(8)

As the number of orientations increased, the null regions
of the rotated dipole kernels no longer overlapped, which
substantially improved conditioning. This closed-form solution
produces high-quality susceptibility reconstruction without the
need for regularization. However, four to five feasible in vivo
head orientations are typically required to substantially reduce
the streaking artifacts [11].

The formulation in Eq. (4) assumes Gaussian noise in the
field measurements. However, phase noise exhibits complex
behavior: it is approximately Gaussian at a high SNR and
becomes more uniform in low-signal regions, whereas inter-
mediate regimes lack such simple approximations [12].

C. Nonlinear Relationship Formulation and Nonlinear
Dipole Inversion (NDI)

To better model the phase noise characteristics, nonlinear for-
mulations [12] reconstruct the susceptibility by minimizing the
discrepancies in the complex exponential domain as follows:

χ∗ = argmin
χ
∥W (eiDχ − eiy)∥22 (9)

Extending this formulation to multi-orientation reconstruc-
tion, NDI [13] defines

f(χ) =

N∑︂
p=1

∥Wp(e
iDpχ − eiyp)∥22 (10)

and solves it using a gradient descent iterative approach

χt+1 = χt − 2α

N∑︂
p=1

DT
p W

T
p Wp sin(Dpχt − yp) (11)

The number of iterations acts as an implicit regularization,
whereas the weighting map and nonlinear relation serve as
inherent priors. The use of W has been shown to mitigate
noise amplification and streaking artifacts [16]. NDI was the
first nonlinear MO reconstruction framework to challenge the
COSMOS-level reconstruction quality. However, the evalua-
tion was primarily qualitative and focused on visually reducing
streaking artifacts.

III. METHODS AND MATERIALS

A. Proposed Method: Optimized Multi-orientation
Nonlinear Inversion of Susceptibility (OMNIS)

OMNIS is based on the AVEK-style [14] iterative regu-
larization framework. Unlike full-gradient methods such as
NDI, which require the evaluation of all orientation-dependent
gradients at each iteration, OMNIS performs updates using
only a single orientation while recursively incorporating infor-
mation from the most recent N orientation-specific auxiliary
iterations.
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Fig. 3. Simulated local field maps for both susceptibility models at SNR1 across the eight orientations, see Fig. 1 for orientation details.

Fig. 4. Step-size sensitivity analysis of NDI and OMNIS on the SIM1
SNR1 dataset with N = 8. The tested α values are indicated in the
legends. Insets show divergence for some α values, while the main plots
show NRMSE trajectories until convergence.

For iteration k, let [k] = ((k − 1) mod N) + 1 denote the
active orientation. The iterative updates are then given by

ξk = χk−1 − 2αDT
[k]W

T
[k]W[k] sin(D[k]χk−1 − y[k]) (12)

χk = χk−1 +
1

N
(ξk − ξk−N ) (13)

Because OMNIS evaluates only a single orientation-specific
gradient per iteration, its computational complexity is reduced
by a factor of N compared with NDI, while requiring only
modest additional memory to store auxiliary variables. The
complete iterative procedure is summarized in Algorithm 1.
The convergence properties of the AVEK framework were
established in a previous study [14]. Equal weighting of
the auxiliary iterates was used and found to be optimal;
assigning higher weights to the first orientations did not lead
to significant improvements in the results.

B. Multi-Orientation Simulation Dataset
Quantitative assessment provides an objective evaluation of
reconstruction fidelity, enabling the direct measurement of
accuracy, error magnitude, and structural preservation relative
to the known ground truth. Without ground truth, visual
assessment alone is subjective and insufficient for rigorous
evaluation. Thus, we generated a simulated multi-orientation
dataset with known susceptibility ground truth by extending
the RC2 simulation framework [15], which was released
as part of the 2019 QSM Reconstruction Challenge [17].

Algorithm 1 OMNIS
Input: {yp, Dp,Wp}Np=1, α, τ , Imax

Initialize: susceptibility map χ0 = 0, auxiliary variables
ξp = 0, gradients Gp = 0, counter c = 0
for k = 1, . . . , Imax do

[k]← ((k − 1) mod N) + 1 // Active Orientation
G← 2DT

[k]W
T
[k]W[k] sin(D[k]χk−1 − y[k])

ξ ← χk−1 − αG

χk ← χk−1 +
1

N
(ξ − ξ[k])

δ ←
100∥G−G[k]∥2

∥G∥2
// Gradient difference (%)

ξ[k] ← ξ
G[k] ← G
if δ < τ then c← c+1 else c← 0 // Stopping Criterion
if c = 2N then break

end for
Output: χk

Stopping criterion: Counter c is incremented only when the
relative gradient difference satisfies δ < τ . If the condition
is violated for any orientation, c is reset to zero to ensure
that the stopping criterion is satisfied for all the orientations.
The algorithm terminates when the criterion is satisfied for
all N orientations over two consecutive passes (c = 2N ) or
until the maximum iteration limit Imax is reached.

Specifically, we adapted the framework to simulate data for
eight distinct head orientations. The orientation set consisted
of independent rotations about the X- or Y -axis within the
practically in vivo feasible head rotation range of ±22◦,
following [11]. The corresponding main field directions bp

in the object reference frame are shown in Fig. 1.
The RC2 framework provides two realistic in silico head

susceptibility phantoms, SIM1 and SIM2. Both susceptibility
models were synthesized from data acquired from a human
volunteer, with SIM2 containing an intra-hemispheric calci-
fication and exhibiting a stronger gray-white matter suscep-
tibility contrast than SIM1. We followed the RC2 Challenge
protocol for signal simulation and QSM preprocessing, except
that the simulations were performed using the original high-
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resolution data rather than the downsampled version provided
in the challenge release.

We simulated spoiled gradient-recalled-echo MRI signals
using the steady-state signal equation parameterized by in vivo
R1, R∗

2, and proton density M0 maps. We added Gaussian
noise to the simulated signals at two levels corresponding to
peak SNRs of 100 (SNR1) and 1000 (SNR2), resulting in four
datasets: SIM1 SNR1, SIM1 SNR2, SIM2 SNR1, and SIM2
SNR2. The peak SNR variable as per the RC2 framework is
defined relative to the maximum signal intensity of the first
echo. Each dataset comprised multi-echo magnitude and phase
data simulated using the following acquisition parameters:
field strength = 7T, repetition time (TR) = 50 ms, echo times
(TE1/TE2/TE3/TE4) = 4/12/20/28 ms, flip angle α = 15◦,
field of view (FOV) = 164 × 205 × 205 mm3, matrix size =
256× 320× 320, and isotropic voxel size = 0.64 mm.

We implemented preprocessing using the SEPIA (1.2.2.6
version) toolbox [18]. We performed phase unwrapping using
SEGUE [19], followed by a multi-echo phase combination
using the optimal weighted averaging strategy described in
[20] to obtain the final local-field map. Because the signal
simulation was restricted to the brain-extracted region, back-
ground field removal (BFR) was not performed, which is
consistent with the RC2 Challenge protocol. We addition-
ally generated weighting maps using the standard SEPIA
weighting formulation, which was not included in the original
challenge.

A visual comparison of the local field maps obtained for
SNR1 and SNR2 is presented in Fig. 2, whereas those corre-
sponding to the eight head orientations at SNR1 are depicted
in Fig. 3.

C. In Vivo Dataset
We performed in vivo evaluation to assess the ability of
the proposed framework to generate anatomically meaningful
susceptibility maps under realistic acquisition conditions. The
dataset was obtained from the 2016 QSM Reconstruction
Challenge [21] and acquired from a healthy volunteer using
a 3T Siemens TIM Trio system (Siemens Healthcare GmbH,
Erlangen, Germany) with a 3D gradient-recalled echo (GRE)
sequence and wave-CAIPI [22] acceleration. The acquisition
parameters included an isotropic voxel size of 1.06 mm, TR
of 35 ms, TE of 25 ms, and bandwidth of 100 Hz/pixel. The
dataset consisted of local field maps acquired across 12 distinct
head orientations, along with a magnitude image, brain mask,
region-wise segmentation mask and COSMOS map.

D. Implementation Details
We generated multi-orientation simulated datasets using MAT-
LAB R2025b and performed validation experiments using
MATLAB R2026a software. We evaluated the reconstruction
performance using different numbers of orientations, where
N = k denotes reconstruction using the first k orientations,
hereafter referred to as orientation settings.

Publicly available implementations of COSMOS and NDI
were used for the comparison. For the NDI, the reported step
size of α = 1 did not converge on the simulated datasets, as

Fig. 5. QSM reconstruction using all eight orientations (N = 8) for
COSMOS, NDI, and the proposed OMNIS framework, together with the
ground truth (GT) and corresponding absolute error maps. The green
arrows indicate regions with reduced error intensity and diminished
streaking artifacts. NRMSE (%) and HFEN (%) relative to GT are
shown below each reconstruction (see Table II for complete quantitative
results).

the relative gradient difference (δ) initially decreased slightly,
followed by an increase and subsequent plateau. Therefore, we
tuned the step size for the NDI. The step sizes for OMNIS and
NDI were empirically determined based on the convergence
behavior and computational efficiency using the SIM1 SNR1
dataset with N = 8, and were fixed at α = 2 and α = 0.1,
respectively, for all simulated datasets and orientation settings.
Figure 4 shows the sensitivity of NRMSE to the choice of α,
with NRMSE trajectories plotted as a function of the number
of iterations until convergence for each tested convergent α
for both methods.

For the in vivo dataset, the step sizes determined from the
simulated experiments resulted in lower susceptibility contrast.
Consequently, the original step size of α = 1 was used for
NDI, whereas α = 10 was selected for OMNIS based on the
visual contrast and the monotonic decrease in δ. Following
the NDI, the gradient tolerance was fixed at τ = 1%.
The maximum number of iterations was set sufficiently high
such that convergence was achieved according to the gradient
tolerance criterion for all datasets.

IV. RESULTS

A. Quantitative and Visual Evaluation

We assessed the reconstruction fidelity using the normalized
root mean square error (NRMSE), peak signal-to-noise ratio
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TABLE II
QUANTITATIVE PERFORMANCE UNDER SNR1 FOR SIMULATED DATASETS. N=K DENOTES RECONSTRUCTION USING THE FIRST K ORIENTATIONS.

THE BEST RESULTS ARE IN BOLD. QUALITATIVE COMPARISONS CORRESPONDING TO THESE RESULTS ARE SHOWN IN FIGS. 5 AND 6.

N Method SIM1 SNR1 SIM2 SNR1
NRMSE (%) ↓ PSNR (dB) ↑ SSIM ↑ HFEN (%) ↓ NRMSE (%) ↓ PSNR (dB) ↑ SSIM ↑ HFEN (%) ↓

8 COSMOS [10] 37.7240 38.7617 0.97690 25.4096 37.5659 55.4613 0.99801 39.2999
NDI [13] 30.9447 40.4824 0.98327 17.3466 31.6983 56.9364 0.99853 33.8346
OMNIS (prop.) 26.2308 41.9179 0.98097 15.7857 29.0833 57.6843 0.99887 30.9898

7 COSMOS 39.4047 38.3831 0.97445 26.0516 38.2199 55.3114 0.99782 39.5379
NDI 32.6541 40.0153 0.97924 18.1159 32.4090 56.7438 0.99838 34.1371
OMNIS 27.6850 41.4492 0.97897 16.3642 29.6712 57.5104 0.99875 31.2881

6 COSMOS 40.8766 38.0646 0.97199 26.5906 38.8072 55.1789 0.99763 39.5167
NDI 34.2029 39.6128 0.97911 18.8871 33.0605 56.5710 0.99823 34.2098
OMNIS 29.0873 41.0200 0.97745 16.8923 30.2368 57.3464 0.99862 31.3746

5 COSMOS 45.6157 37.1118 0.97489 28.6858 41.4777 54.6009 0.99689 41.6872
NDI 37.8991 38.7215 0.97956 20.9074 35.3830 55.9813 0.99776 36.1561
OMNIS 32.6043 40.0286 0.97911 18.4359 32.2198 56.7947 0.99825 32.7413

4 COSMOS 61.8500 34.4673 0.95026 36.4051 50.7452 52.8493 0.99392 48.1307
NDI 44.4991 37.3271 0.97257 27.1742 41.2258 54.6538 0.99694 41.3494
OMNIS 39.8889 38.277 0.96865 24.1769 37.9083 55.3825 0.99745 37.3265

3 COSMOS 67.6335 33.6909 0.93951 38.9241 52.8967 52.4886 0.99296 47.6059
NDI 47.7678 36.7114 0.96570 29.3827 42.4476 54.4001 0.99648 41.1799
OMNIS 43.5508 37.5142 0.96296 25.7208 39.0308 55.1290 0.99705 36.9023

2 COSMOS 117.4515 28.8969 0.85171 60.9307 79.8811 48.9083 0.97829 62.7015
NDI 54.8360 35.5128 0.95392 38.9264 49.0955 53.1363 0.99531 48.8338
OMNIS 54.8750 35.5066 0.95467 32.3203 46.6221 53.5853 0.99546 42.6344

TABLE III
QUANTITATIVE PERFORMANCE UNDER SNR2 FOR SIMULATED DATASETS. N=K DENOTES RECONSTRUCTION USING THE FIRST K ORIENTATIONS.

THE BEST RESULTS ARE IN BOLD.

N Method SIM1 SNR2 SIM2 SNR2
NRMSE (%) ↓ PSNR (dB) ↑ SSIM ↑ HFEN (%) ↓ NRMSE (%) ↓ PSNR (dB) ↑ SSIM ↑ HFEN (%) ↓

8 COSMOS [10] 21.1284 43.7968 0.99705 17.3577 32.2202 56.7946 0.99960 37.0281
NDI [13] 9.0172 51.1926 0.99902 4.5795 25.8825 58.6970 0.99976 31.7530
OMNIS (prop.) 7.7782 52.4765 0.99917 4.2668 24.4157 59.2038 0.99981 28.9802

7 COSMOS 21.3688 43.6985 0.99658 17.3948 32.3002 56.7731 0.99959 37.1321
NDI 9.6181 50.6323 0.99885 4.8357 26.0076 58.6551 0.99975 31.8947
OMNIS 8.2516 51.9634 0.99906 4.3539 24.5063 59.1716 0.99980 29.1099

6 COSMOS 21.4918 43.6486 0.99664 17.2431 32.3562 56.7580 0.99959 37.1557
NDI 10.1652 50.1518 0.99883 5.0382 26.1081 58.6217 0.99975 31.9483
OMNIS 8.7227 51.4810 0.99904 4.4512 24.5623 59.1518 0.99980 29.1208

5 COSMOS 22.4886 43.2548 0.99667 17.7967 33.296 56.5093 0.99951 38.6617
NDI 11.6617 48.9589 0.99863 5.9672 27.0366 58.3181 0.99970 33.3090
OMNIS 9.8331 50.4403 0.99892 4.9612 25.2395 58.9156 0.99977 30.1361

4 COSMOS 27.3147 41.5662 0.99307 20.9619 37.5416 55.4669 0.99898 43.4751
NDI 20.2852 44.1505 0.99500 15.0847 32.8075 56.6377 0.99927 38.1999
OMNIS 16.3215 46.0389 0.99709 10.6509 29.8524 57.4576 0.99949 34.0352

3 COSMOS 27.9411 41.3692 0.99334 20.8214 37.0301 55.5861 0.99901 41.8867
NDI 21.6963 43.5664 0.99420 16.4147 32.8864 56.6168 0.99921 37.4441
OMNIS 17.1728 45.5973 0.99687 11.0170 29.3982 57.5907 0.9995 32.8321

2 COSMOS 40.7792 38.0853 0.97179 29.3190 45.7618 53.7471 0.99650 50.7294
NDI 31.3193 40.3778 0.98669 27.3296 39.3969 55.0479 0.99846 44.3118
OMNIS 21.3195 43.7185 0.99678 14.0230 32.4270 56.7390 0.99933 37.0055

(PSNR), structural similarity index measure (SSIM), and high-
frequency error norm (HFEN). Tables II and III summarize the
reconstruction performance under the SNR1 and SNR2 noise
settings, respectively. Across nearly all experimental settings,
OMNIS outperformed COSMOS and NDI, achieving notable

mean relative reductions of 11.5% in NRMSE and 13.5% in
HFEN relative to NDI. For the SIM1 SNR1 case, OMNIS
yielded marginally lower SSIM values for certain orientation
settings; however, it maintained a competitive overall per-
formance, with consistently achieving superior fine-structural
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Fig. 6. QSM reconstruction for all orientation settings for SIM1 SNR1 dataset. The highlighted cyan and lime boxes are presented in enlarged
views, with cyan and lime arrows indicating a closer agreement with the GT and diminished streaking artifacts, respectively. The red arrows highlight
some inaccuracies in the NDI for N=2. NRMSE (%) and HFEN (%) relative to GT are shown below each reconstruction (see Table II for complete
quantitative results).

Fig. 7. Computational cost comparison across all orientation settings
(N ). The reported values are for the SIM1 SNR1 dataset, with NDI and
OMNIS measured until convergence. The left y-axis shows reconstruc-
tion time (seconds), while the right y-axis shows the total number of
gradient evaluations.

preservation and improved reconstruction accuracy. Paired
two-sided Wilcoxon signed-rank tests were performed between
OMNIS and NDI for both phantoms across all configurations
(2 noise levels × 7 orientation settings , (n = 14)). The
resulting p-values for SIM1 were 2.44 × 10−4 for NRMSE,
1.22 × 10−4 for HFEN, 2.44 × 10−4 for PSNR, and 1 for
SSIM, whereas those for SIM2 were 1.22×10−4 for NRMSE,
1.22×10−4 for HFEN, 1.22×10−4 for PSNR, and 9.7×10−4

for SSIM.
The visual comparisons shown in Figs. 5 and 6 further

support these quantitative findings. Although these metrics
provide global measures of image quality, the error maps in
Fig. 5 enables a localized assessment of the reconstruction
errors, where OMNIS exhibits reduced error levels and dimin-
ished streaking artifacts. Figure 6 further presents the recon-
struction results across all orientation settings, with enlarged
views of selected regions demonstrating closer agreement with
the ground truth.

Figure 7 compares the computational cost across all ori-
entation settings. Compared with the iterative method NDI,
OMNIS required approximately five times fewer gradient eval-
uations, corresponding to an approximately 80% reduction,
and reduced the reconstruction time by approximately 50%,
demonstrating improved computational efficiency.

Since the RC2 challenge protocol uses a brain-extracted
phantom for simulation and therefore does not involve BFR,
we performed an additional experiment to further examine the
robustness of OMNIS to residual fields resulting from BFR.
We performed BFR using the Laplacian boundary value [23]
method and obtained the residual field by subtracting the first
orientation local field of the brain-extracted phantom from that
of the whole-head phantom. The residual field was then added
to the local fields of the other orientations. Table IV presents
the quantitative results, where OMNIS achieved the best
performance across all evaluated metrics, thus demonstrating
its robustness to BFR errors.

B. Region of Interest Analysis
We performed a region-of-interest (ROI) analysis of tissue
regions that are less susceptible to orientation-dependent ef-
fects and are clinically relevant. Table V summarizes the ROI
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reconstruction errors, where OMNIS achieved lower errors,
indicating improved susceptibility estimation. Figure 8 shows
scatter plots comparing reconstructed and reference suscepti-
bility values in deep gray matter (DGM) subregions. OMNIS
achieved a higher correlation and lower fitting error with fewer
outliers and reduced scatter than the baseline methods.

C. In Vivo Evaluation

Figure 9 compares in vivo reconstructions. The step sizes
determined from the simulated experiments yielded lower
susceptibility contrast for NDI and OMNIS, particularly for
NDI at lower N , resulting in susceptibility underestimation
and poorly distinguishable anatomical structures. Increasing
the step size improved the contrast for both methods on the in
vivo dataset. At lower orientation settings, COSMOS exhibited
streaking artifacts, whereas NDI and OMNIS produced visu-
ally similar reconstructions with comparable consistency, and
OMNIS required more than 50% less reconstruction time than
NDI across all evaluated orientation settings. Table VI summa-
rizes the mean and standard deviation of the susceptibility val-
ues measured in different regions using in vivo measurements
at N = 12. All methods produced comparable susceptibility
estimates, with NDI and OMNIS showing slightly smaller
magnitudes than COSMOS, and OMNIS exhibiting lower
relative variability in certain regions.

Considering the equivalence as αOMNIS = N ∗ αNDI, the
step sizes empirically tuned using the SIM1 SNR1 dataset at
N = 8 show that the optimal OMNIS step size of α = 2
corresponds to an effective 2/8 = 0.25, which is a factor of
2.5 relative to the optimal NDI step size of α = 0.1. However,
for the in vivo data at N = 12, αOMNIS = 10 corresponds to
a factor of 10/12 = 0.83 relative to the original NDI step
size of αNDI = 1. One approach for determining the step
size for in vivo data in the absence of ground truth is to
select a representative anatomical region and increase α among
the convergent values until the regional mean susceptibility
reaches a plateau. Table VII shows the sensitivity of the
regional susceptibility values to α for OMNIS at N = 12,
with saturation reached at approximately α = 40. At N = 12,
increasing α from 10 to 60 reduced the deficit relative to
COSMOS from 2.9-8.9% to less than 1.5% in five of the six
DGM regions. However, as α = 40 and α = 20 did not
converge at lower orientation settings, we retained α = 10
for in vivo dataset for simplicity and consistency across all
evaluated N . A similar saturation analysis could be applied
to NDI; however, for consistency with the original evaluation,
we retained the originally reported NDI step size for the in
vivo dataset.

V. DISCUSSION

Multi-orientation QSM methods aim to improve susceptibility
estimation through angular oversampling; however, the in-
creased acquisition time associated with several head orien-
tations limits their clinical application. Moreover, the absence
of a known ground truth restricts quantitative evaluation, and
the assessment of existing methods has largely been limited to

visual inspection. In this study, we extended a realistic single-
orientation QSM simulation framework [15] to MO settings,
enabling a controlled quantitative assessment in the presence
of a known ground truth.

Across quantitative metrics and visual assessments, OMNIS
demonstrated overall superior performance relative to the
baseline COSMOS [10] and NDI [13]. An important finding
was the ability of OMNIS to achieve comparable or superior
reconstruction quality with fewer orientations. Specifically,
OMNIS with six orientations achieved lower NRMSE and
HFEN values than COSMOS and NDI with eight orientations
across all simulated datasets. Apart from mitigating streaking
artifacts at lower orientation settings, OMNIS requires approx-
imately three to five fewer orientations to achieve a quantitative
performance comparable to COSMOS. Compared with NDI,
OMNIS primarily modifies the iterative update strategy, reduc-
ing the number of gradient evaluations by approximately 80%,
the reconstruction time by approximately 50%, and yielding
improved reconstruction quality. The discrepancy between the
reductions in gradient evaluations and reconstruction time may
be attributed to parallelization of gradient evaluations across
orientations in NDI, as well as auxiliary-iterate memory traffic
and sequential orientation processing in OMNIS. An additional
observation from the step-size sensitivity analysis performed
on the SIM1 SNR1 dataset with N = 8 ( Fig. 4 ) is that,
across the tested step sizes, the lowest achievable NRMSE was
approximately 30% for NDI, compared with approximately
26% for OMNIS. Visual assessment further showed that OM-
NIS better preserved fine structural details while maintaining
smooth susceptibility reconstructions without excessive over-
smoothing.

A plausible explanation for the observed improvements is
that because the NDI jointly aggregates information across
all orientations at each iteration, orientation-specific measure-
ment noise and anisotropy effects may propagate through the
optimization process and adversely affect the preservation of
fine details, as illustrated in Fig 6. In contrast, the proposed
OMNIS formulation computes orientation-specific auxiliary
iterates, which may better suppress the effects of measure-
ment error, potentially by limiting the influence of individ-
ual perturbations on the averaged update, thereby enhancing
structural consistency and preserving structural fidelity, which
is consistent with the quantitative results in Tables II and III.

One limitation of the simulation framework is that only a
single-orientation in vivo R∗

2 map was available and used for
the signal generation across all orientations. Since R∗

2 exhibits
orientation dependence in anisotropic tissue structures [24]–
[26], particularly in the white matter, this may have introduced
inaccuracies in the susceptibility estimation in anisotropic
regions. Therefore, the ROI analysis was focused on regions
where the limitation would have minimal impact, and OMNIS
demonstrated a reduced reconstruction error and improved
agreement with the reference susceptibility values in these
regions. The reduced scatter and fewer outliers observed in the
DGM regions in the scatter plots are clinically relevant, given
that abnormal iron accumulation in the DGM is associated
with several neurodegenerative disorders [5]. For instance, sus-
ceptibility alterations in the substantia nigra (SN) and subtha-
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Fig. 8. Scatter plots of susceptibility values in deep gray matter regions with respect to the ground truth for SIM1 SNR1 dataset (N = 8). Seven
regions of interest (ROIs) were identified: CN (caudate nucleus), GP (globus pallidus), PU (putamen), RN (red nucleus), DN (dentate nucleus),
SN+STN (substantia nigra + subthalamic nucleus), and TH (thalamus); where y, R2, Err, and Corr denote the equation of the fitted regression line
(red line), coefficient of determination, error, and Pearson’s correlation, respectively. The black dotted line represents the ideal case.

Fig. 9. QSM reconstructions on the in vivo dataset [21] using simulation-selected and increased step sizes. The red arrows highlight the streaking
artifacts in COSMOS. Reconstruction time in seconds (s), Mean ROI SNR across the regions listed in Table VI, and consistency as defined in [13]
are reported; metric definitions are provided at the bottom of the figure.

lamic nucleus (STN) have been reported as important imaging
biomarkers for Parkinson’s disease [27], [28]. Averaged across
all four simulated datasets, OMNIS achieved a 6.56% relative
reduction in susceptibility scatter and a 6.6% relative reduction
in reconstruction error in the SN+STN region compared with
NDI, indicating more reliable susceptibility estimation in these
clinically important structures and thus increasing diagnostic
confidence.

The in vivo experiments further demonstrated the feasibility

of OMNIS under practical acquisition conditions. The differ-
ences in the optimal step size between the simulated and in
vivo datasets may be attributed to variations in the acquisition
parameters and the increased complexity of the real signal
characteristics that are not fully represented in the simulation
framework. However, as shown in Fig. 9, OMNIS appeared
less sensitive to step size selection than NDI, maintaining
a meaningful susceptibility contrast even with the step size
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TABLE IV
QUANTITATIVE PERFORMANCE FOR SIM1 SNR1 SIMULATED USING WHOLE HEAD PHANTOM. THE BEST RESULTS ARE IN BOLD.

RECONSTRUCTION TIME IS REPORTED IN SECONDS (S). GRADIENTS REPRESENT THE TOTAL GRADIENT EVALUATION TILL CONVERGENCE.

N Method NRMSE (%) ↓ PSNR (dB) ↑ SSIM ↑ HFEN (%) ↓ Time (s) ↓ Gradients ↓
8 COSMOS [10] 86.8758 32.1830 0.97884 59.3343 2.9 -

NDI [13] 78.4222 33.0722 0.98455 54.0764 387 992
OMNIS (prop.) 70.4188 34.0072 0.98575 49.3013 160 174

5 COSMOS 89.5894 31.9158 0.97639 59.8283 1.8 -
NDI 79.6190 32.9406 0.98169 53.8320 301 750
OMNIS 71.7592 33.8434 0.98367 48.9536 109 120

3 COSMOS 111.5941 30.0081 0.96672 70.9816 1.2 -
NDI 82.1040 32.6673 0.98149 56.0446 200 453
OMNIS 76.1101 33.3321 0.98244 51.4919 61 66

TABLE V
ROI-BASED ERROR (%). ∼WM DENOTES REGIONS EXCLUDING WHITE MATTER (WM), COMPRISING DEEP GRAY MATTER (DGM), GRAY MATTER

(GM), CEREBROSPINAL FLUID (CSF), AND BLOOD VESSELS (BVS). THE BEST RESULTS ARE IN BOLD.

N Method SIM1 SNR1 SIM2 SNR1 SIM1 SNR2 SIM2 SNR2
GM ↓ ∼WM ↓ GM ↓ ∼WM ↓ GM ↓ ∼WM ↓ GM ↓ ∼WM ↓

8 COSMOS 0.4015 0.0575 0.5169 0.0731 0.2449 0.0327 0.3913 0.0523
NDI 0.2857 0.0419 0.3023 0.0450 0.0536 0.0079 0.0722 0.0112
OMNIS (proposed) 0.2559 0.0371 0.2708 0.0400 0.0452 0.0068 0.0648 0.0102

5 COSMOS 0.4822 0.0692 0.5929 0.0843 0.2548 0.0343 0.4058 0.0546
NDI 0.3660 0.0532 0.3930 0.0577 0.0849 0.0122 0.1147 0.0168
OMNIS (proposed) 0.3291 0.0472 0.3496 0.0509 0.0559 0.0084 0.0809 0.0125

TABLE VI
REGION-WISE SUSCEPTIBILITY VALUES (MEAN ± STANDARD

DEVIATION) IN PARTS PER BILLION (PPB) FOR IN VIVO DATASET [21].

Region COSMOS NDI OMNIS
Caudate Nucleus 62.36± 11.39 59.03± 11.15 56.81± 10.20

Putamen 84.19± 15.49 81.62± 14.89 80.00± 13.39

Globus Pallidus 188.70± 25.96 187.58± 27.95 180.62± 23.64

Red Nucleus 90.27± 16.18 89.48± 17.56 87.66± 15.60

Substantia Nigra 173.49± 23.94 171.03± 22.80 163.99± 22.18

Dentate Nucleus 117.67± 12.71 116.81± 12.08 112.91± 11.22

White Matter −27.97± 13.04 −27.47± 14.11 −26.26± 14.09

TABLE VII
SENSITIVITY OF REGION-WISE SUSCEPTIBILITY VALUES (MEAN ±

STANDARD DEVIATION) IN PARTS PER BILLION (PPB) FOR OMNIS WITH

N = 12 ON THE IN VIVO DATASET [21].

Label α = 60 α = 40 α = 20 α = 10

CN 58.98± 11.23 58.98± 10.99 58.86± 10.90 56.81± 10.20

PU 81.93± 14.85 81.66± 14.74 81.51± 14.61 80.00± 13.39

GP 187.60± 28.18 187.05± 27.26 186.56± 26.83 180.62± 23.64

RN 89.67± 17.74 89.23± 17.37 89.10± 17.21 87.66± 15.60

SN 171.12± 22.87 170.46± 22.78 169.96± 22.76 163.99± 22.18

DN 116.64± 12.18 116.62± 11.97 116.33± 11.90 112.91± 11.22

determined from the simulated dataset.
The simulation and in vivo experiments suggest the potential

clinical applicability of OMNIS in QSM reconstruction. Im-
proved susceptibility estimation in clinically important regions
enhances the utility of OMNIS for disease characterization and
assessment, facilitating its integration into clinical practice.
By demonstrating a reduced orientation requirement, OMNIS

can improve the practical feasibility of multi-orientation QSM
by reducing the scan time, repeated patient repositioning,
and the overall burden on the patient. Fast accelerated ac-
quisition strategies, such as Wave-CAIPI [22], which sub-
stantially reduce the per-orientation scan time, can further
improve the clinical feasibility of OMNIS. Additionally, de-
noising techniques for high-resolution complex GRE data [29]
could improve the field map quality, enabling more accurate
susceptibility estimation and better characterization of fine
anatomical structures.

The ideal clinical scenario is an accurate QSM recon-
struction using a single orientation. However, in the single-
orientation setting, the averaging formulation used in OM-
NIS becomes less meaningful because no complementary
orientation information is available for combination. Conse-
quently, a substantial body of QSM research continues to focus
on improving the single-orientation susceptibility estimation.
Among these approaches are conventional methods, such as
nMEDI [12], STAR-QSM [30], and HEIDI [31], which effec-
tively mitigate noise and artifacts but require careful parameter
tuning and carry an inherent risk of inaccurate estimation due
to the missing information. Supervised deep learning methods,
including QSMnet [32], MODL-QSM [33] and LPCNN [34],
aim to learn a mapping from single-orientation measurements
to MO reconstructions through paired training but often ex-
hibit limited generalization. Deep learning (DL) has also
been leveraged by autoQSM [35] and iQSM [36] to directly
reconstruct QSM from unwrapped total field maps and raw
phase data, respectively, to address error propagation between
successive preprocessing steps. To improve the generalization
of DL-based QSM reconstruction across acquisition condi-
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tions, approaches have been proposed to address variations
in acquisition orientation (iQSM+ [37]), spatial resolution
(AdaIN-QSM [38]), or both (AFTER-QSM [39]). More re-
cently, generative approaches, such as Diffusion-QSM [40],
QSMDiff [41], and Flow-QSM [42], have learned the dis-
tribution of susceptibility maps from MO reference recon-
structions, such as COSMOS, and subsequently performed
subject-specific reconstruction by sampling from the learned
distribution. Another line of research includes self-supervised
methods, such as msQSM [43], and unsupervised methods, in-
cluding INR-QSM [44] and MoDIP [45], which have demon-
strated promising performance without requiring ground-truth
data. However, challenges remain regarding the interpretabil-
ity of the learned priors and computational efficiency, as
these methods typically require GPU-accelerated optimization
for subject-specific inference. Nevertheless, multi-orientation
methods continue to play a crucial role in the development of
single-orientation methods by serving as reference standards
for training, validation, and benchmarking.

In addition to COSMOS, Susceptibility Tensor Imaging
(STI) [26] has been adopted as a reference standard in several
single-orientation QSM studies [21], [33], [46]. STI extends
QSM by modeling susceptibility as a tensor quantity and
can better characterize the anisotropic susceptibility behavior
in white matter [47]. However, the STI has limited clinical
applicability as it generally requires six to twelve orientations,
and the commonly used χ33 component may not provide a
reliable reference susceptibility map owing to unaccounted
phase contributions from off-diagonal tensor terms (χ13 and
χ23), whose amplitudes can reach up to approximately 70%
of χ33 [21]. Nevertheless, we evaluated the reliability of
the STI using simulated datasets, where χ33 reconstructed
using eight orientations appeared visually noisy across all
datasets and exhibited an NRMSE of approximately 150% for
the SIM1 SNR1 case, versus 37% and 26% for COSMOS
and OMNIS, respectively, relative to the ground truth. The
improved agreement of OMNIS with the ground truth suggests
its potential as an in vivo reference map for single-orientation
QSM evaluations.

Despite the promising performance of OMNIS, several
limitations remain. Similar to COSMOS and NDI, OMNIS
does not fully account for anisotropic tissue effects, which
may lead to magnitude errors. Addressing this issue within
the OMNIS framework remains an important area for future
studies. Multi-orientation data were generated in the most
practical manner using available resources. The simulations
used an isotropic scalar susceptibility phantom, whose convo-
lution with the dipole kernel captures only macroscopic field
variations and does not account for structural susceptibility
anisotropy within a voxel or mesoscopic field effects [48],
[49]. A more comprehensive simulation framework could also
account for orientation-dependent coil sensitivity variations,
R∗

2 inhomogeneity, chemical shift effects, or motion artifacts;
however, methods to reliably model these effects in this setting
remain to be established.

VI. CONCLUSION

This study proposed OMNIS, a new iterative method for multi-
orientation QSM reconstruction, and presented the first sys-
tematic validation using a simulated multi-orientation dataset.
A key contribution of this study was demonstrating that
comparable or superior susceptibility maps can be obtained
with fewer orientations than conventional approaches, thereby
addressing a major barrier to the clinical adoption of multi-
orientation QSM by reducing the scan time and the need for
repeated patient repositioning. OMNIS integrates AVEK-style
updates with a nonlinear data fidelity formulation, demonstrat-
ing an approximately 80% reduction in total gradient eval-
uations and 50% reduction in reconstruction time compared
to iterative methods. Reliable estimation of disease-related
biomarkers and successful translation to in vivo data further
substantiate their clinical utility in real-world neuroimaging
workflows. Overall, OMNIS provides a robust, accurate, and
computationally efficient framework for susceptibility estima-
tion with enhanced clinical viability and the potential to serve
as a reliable in vivo reference standard. Future studies will fo-
cus on systematic validation across diverse clinical pathologies
and evaluation of extracranial applications to further establish
their readiness for clinical use.

DATA AND CODE AVAILABILITY

The single-orientation RC2 simulated dataset and associated
code are available at [50]. The extended multi-orientation
dataset generated in this study will be shared upon request.
A sample dataset, together with the OMNIS algorithm and
complete evaluation code, is publicly available at https://
anonymous.4open.science/r/OMNIS_QSM-8FFF/
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