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Reconstructing magnetization textures from nitrogen-vacancy (NV) magnetometry stray-field mea-
surements is a challenging, fundamentally ill-posed inverse problem, further complicated by the unknown
effective distance between sensor and magnetic material. Here we show that incorporating a micromagnetic
energy functional directly into the inversion filters out unphysical, high-energy configurations, while
Fourier-space upward continuation of the stray field allows us to simultaneously fit the distance. Applied to
measurements of the van der Waals ferromagnet Fe;_, GaTe,, it recovers an effective distance estimate of
approximately 81 nm and low-energy configurations that reproduce the observed field. More broadly,
embedding physics directly into the reconstruction turns ill-posed magnetic inverse problems into
transparent, interpretable reconstructions, with applicability well beyond NV magnetometry.

DOI: 10.1103/nc5g-3yw9

Introduction— Many recent developments in stray-field
measurement techniques have enabled the exploration of
nanoscale magnetic textures. Among these, nitrogen-vacancy
(NV) magnetometry [Fig. 1(a)] has emerged as a powerful
tool: It uses nitrogen-vacancy centers in diamond as atomic-
scale quantum sensors. The fluorescence (light emission)
from these sensors changes based on their spin state, allowing
for the highly sensitive and quantitative measurement of
magnetic fields [1,2]. However, inferring the underlying
magnetization from measured stray fields constitutes an ill-
posed inverse problem [1,3,4]: infinitely many magnetization
configurations can produce the same stray field [Fig. 1(b)].
This ambiguity is a hallmark of magnetic inverse problems,
also posing significant challenges in the reconstruction of
current densities from magnetic field maps [5]. Approaches
to solving this inverse problem have evolved across
different methodologies. Early work by Hug er al
[6] established quantitative magnetic force microscopy
(QMFM) by determining an instrument calibration
function to analytically deconvolve the stray field data.
This approach effectively reconstructs the magnetic surface
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charge equivalent, providing a quantitative map of the field
sources at the sample surface [7]. In contrast, Bruckner ef al.
[4] formulated the reconstruction as a variational optimization
task. Their approach utilizes the adjoint method and Tikhonov
regularization to reconstruct the 3D magnetization by min-
imizing the field residual via gradient-based optimization. Yao
et al. [8] additionally incorporate topological charge con-
straints to successfully reconstruct different magnetic quasi-
particles. Simultaneously, the integration of deep learning has
further advanced the field. Physically informed neural net-
works have proven effective in reconstructing magnetization
configurations [9,10]. The network’s architecture naturally
enforces smoothness, while the field based forward loss
enables the recovery of the magnetization. However, when
applied to fully three-dimensional spin textures, successful
reconstruction remains challenging and requires an initial
magnetization guess [9]. Recently, we introduced a hybrid
strategy [11] that utilizes a U-Net to generate an initial guess,
followed by micromagnetic relaxation. While this approach is
very effective at recovering intrinsic material parameters, it
relies on a multistep process that fundamentally separates the
data-driven estimation from the final physics-based refine-
ment. Here, we propose a powerful alternative to existing
reconstruction strategies: a self-consistent physics-informed
reconstruction framework that embeds micromagnetic phys-
ics directly into the optimization [Fig. 1(c)]. Compared
to other variational methods that rely on mathematical
regularization as a proxy for physics, e.g., using Tikhonov

Published by the American Physical Society
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Physics-informed reconstruction of magnetization textures from NV magnetometry. The schematic illustrates the workflow for

overcoming the ill-posed nature of stray-field imaging. (a) NV magnetometry measures the stray field projection H™ at an unknown
effective distance dyy. (b) Multiple distinct magnetization configurations can produce a nearly identical stray field, making direct
inversion unreliable. (c) Our physics-informed framework solves this by coupling a differentiable forward model with a joint objective
function. This objective balances data-fidelity with micromagnetic energy. Through iterative gradient-based optimization, the
framework simultaneously reconstructs the magnetization m and refines the effective distance dyy. This yields the final parameters
m* and d{y as an energetically favorable configuration that remains consistent with the experimental observations.

regularization as a qualitative exchange interaction, we
replace these heuristic regularizers with quantitative micro-
magnetic energy terms. This leaves us with a single regulari-
zation weight that balances the magnetic stray field residual
against the system’s total energy, and can be guided by the so-
called L-curve method [12,13]. This yields a transparent, end-
to-end optimization process that requires no training data and
provides quantitative, model-constrained reconstruction of
nanoscale magnetic textures along with critical experimental
parameters, in particular the effective distance dyy.
Throughout this Letter, dyy denotes the total separation
between the magnetic material and the NV sensing center,
including the NV implantation depth, any surface layers such
as sample oxidation, the physical gap between sample and
diamond surface, and any other separation between the
two [14].

Forward model—Given the magnetization of the sample,
our forward model essentially simulates what an NV
magnetometer would detect at a given effective distance.
It provides us with a differentiable map from a given
magnetization configuration m and the effective distance
dyy to the expected signal. The required micromagnetic

calculations are performed using the open-source, finite-
difference Python library NeuralMag [15], configured with its
cell-averaged discretization and running on JAX (also
verified in the PyTorch-based MAGNUM.NP [16]). Both back
ends evaluate the stray field through FFT convolution with
the demagnetization tensor kernel, resulting in a favorable
computational complexity of O(N log N).

All simulations presented in this Letter focus on an
800 nm x 800 nm area of a Fe;_,GaTe, flake of thickness
100 nm. The system is discretized with a cell size of
A, =A;=1nm and A, = 100 nm. The geometry con-
sists of two layers: the bottom layer represents the magnetic
material, while the top layer is set to vacuum to calculate
stray fields above the sample surface. The measurement
itself does not constrain depth variations, and for the
chosen parameters the physics-informed regularizer favors
a z-uniform state. Finer A, would therefore not recover
meaningful new information, and we adopt the single-layer
geometry by construction.

The solver computes the stray field averaged over the
simulation cell volume (1 nm x 1 nm x 100 nm). While
lateral spatial averaging is negligible, the vertical averaging
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over the vacuum layer thickness A, introduces significant
deviations that require explicit correction to enable com-
parison with measurements performed at a specific effec-
tive distance dyy. Fortunately, in the nonmagnetic region
z7 > zo above the sample surface z,, the magnetic field
satisfies Laplace’s equation, permitting the derivation of an
exact transfer function in 2D Fourier space. Starting with
the averaged field (H*™), ., in the vacuum layer

above the sample, this function recovers the magnetic field
at the sample surface and extrapolates it to the effective
distance dyy:

rydem ~rdem kA B .
H* " (dyy) = (H™) - <1_7m>€ =),

(1)

where k = (/k2 + k§ is the magnitude of the wave vector

and H*™ denotes the stray field in the 2D Fourier domain.
The multiplicative factors correspond to de-averaging over
the cell thickness of the vacuum layer A, and upward
continuation toward the effective distance
respectively.

Following upward continuation, the vector field
H%*"(dyy) is transformed back to real space via inverse
FFT and projected onto the nitrogen-vacancy (NV) center
quantization axis nyy = (sin 54.74°,0, cos 54.74°), the
tetrahedral angle set by the diamond (111) lattice direction.
This projection, H%™ = H%™ . nyy, yields a final scalar
field map that can be directly compared to experimental
field measurements.

Notably, our approach decouples the simulation’s verti-
cal discretization (A,) from the measurement geometry.
This allows for the modeling of thick magnetic samples
using coarse discretization while accurately calculating the
stray field at arbitrary effective distances. Furthermore,
because the entire forward pipeline is implemented in a
fully differentiable manner, it enables gradient-based opti-
mization not only for the magnetization field m but also for
auxiliary parameters such as the effective distance dyy. See
Supplemental Material (SM) Sec. I for the deaveraging and
upward-continuation derivation, and SM Sec. II. C for the
simulation geometry [17].

Physics-informed loss functional—To address the
inverse problem of inferring a magnetization m from the
measured field H™*, we formulate an optimization prob-
lem by minimizing the loss functional J(m, dyy):

dNV s

J(m7 dNV) = [’(ana(m’ dNV) + lﬁenergy(m)' (2)

Here Loy, = [ (m, dyy) — H™ | /||H5]| s the
relative field error between the modeled and measured stray
field, and Ly is the total micromagnetic energy
Eo1(m) normalized to a uniformly out-of-plane magnet-
ized state m = e,.

Following the micromagnetic framework of Abert et al.
[29], we define the total energy as the sum of five
contributions: the exchange energy (E®*), the demagneti-
zation energy (E%™), the uniaxial anisotropy energy (E*"Y),
the interfacial Dzyaloshinskii-Moriya interaction (DMI)
energy (EYM) and the Zeeman energy (EZ*®) from the
applied bias field HY®. For the anisotropy and DMI
formulations, the relevant axis and interface normal direc-
tions coincide with the out-of-plane direction e,. The
material parameters used throughout this work are the
interfacial DMI constant D; & —0.51 mJm™2, saturation
magnetization M, ~ 53 kAm~!, uniaxial anisotropy con-
stant K, ~ 0.302 MIm~3, and exchange stiffness A~
0.70 pJm~! [30]. The experimental bias field is
HY% ~ 32 kAm™'. The formulation is not tied to this
particular Hamiltonian or geometry: any micromagnetic
energy terms and sample topology supported by our
differentiable inverse-micromagnetic libraries NeuralMag
[15] and MAGNUM.NP [16] can be substituted.

The regularization parameter A > 0 controls the trade-off
between data fidelity and physical stability. We visualize
this trade-off with the L-curve method [12], plotting L,,
against Leper,y, for varying 4 and select a balanced operating
point 4,, at the “corner” of the resulting L-curve.

The loss J(m,dyy) is minimized by gradient-based
optimization, jointly over m and dyy, exploiting the
differentiability of the forward model. The micromagnetic
normalization constraint jm| = 1 is enforced via a unit-
norm parametrization of the magnetization rather than an
additional penalty term. Full expressions for Ly, Lenergys
and the five energy contributions, together with the
parameter derivation and the optimizer, parametrization,
and initialization choices, are given in SM Sec. II [17].

Reconstruction—We apply the framework to room-tem-
perature experimental NV magnetometry measurements of
Fe;_,GaTe, flakes [30] (Fig. 2). Because optically detected
magnetic resonance (ODMR) NV magnetometry probes
the Zeeman splitting of the NV spin states, it is sensitive
only to the field magnitude along the NV axis and cannot
resolve its sign [31]. A bias field H®® is applied to lift this
degeneracy, with the experiment reporting the bias-
subtracted field H™® = |Hbas 4 pdem| — pbias  (where
Hi¥m = Hem . ny). In theory, H™® = H%™ everywhere
outside localized regions where the opposing demagnetiz-
ing field exceeds the bias (H%*™ < —H"%), There, the total
projected field undergoes a sign inversion, creating ODMR
sign-ambiguity artifacts (green contour in Fig. 2), which
we exclude from the data-fidelity term Ly, (see SM
Sec. III [17]). Masking suppresses the spurious texture
induced by these artifacts, even though for this measure-
ment the effect is small.

The reconstruction jointly optimizes m and dyy using
the measured field map H™® as input. We repeat this
reconstruction independently for a range of regularization
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FIG. 2. Experimental NV magnetometry measurements of a
100 nm thick Fe;_,GaTe, thin film. Left: large-scale overview
(2500 nm x 2500 nm, 100 x 100 pixels). Right: high-resolution
scan (800 nm x 800 nm, 100 x 100 pixels) used for the quanti-
tative magnetization reconstruction in this work. The green
contour encloses the sign-ambiguity artifact regions, where the
opposing projected demagnetizing field H%*™ exceeds the bias
H_ identified in practice by a data-driven threshold-and-fill
criterion. These regions are excluded from the data-fidelity term
Lgaa- The exact effective distances are unknown.

strengths A. Figure 3 shows (a) the L-curve and (b) the
corresponding converged effective distances dy,. We select
a balanced operating point Ay, = 25. We observe that dy,
rises with A4 from ~73 nm at 4,,, = 0.1, then plateaus at
~81 nm over an order of magnitude in A around 4,,, before
climbing to ~95 nm at g, = 10°.

At 4 = 0 there is no prior and the inverse problem is
under-determined: upward continuation damps high-k stray
fields as e, 5o at the large effective distance dyy the
measurement is blind to subresolution structure and the
reconstruction collapses into high-frequency noise that fits
the data perfectly. A weak prior at 4;,, = 0.1 suppresses
this noise, yet the optimizer still overfits experimental
imperfections such as sample inhomogeneities and local

(a) x107?
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FIG. 3.

variations in saturation magnetization. It can use fine
domain patterns to fit the measurement very well at little
energy cost, due to the short intrinsic length scale set by the
strong out-of-plane anisotropy that keeps domain walls
narrow, combined with the DMI that lowers the energy cost
of creating them. At smaller dyy the sensor would resolve
these structures directly and prevent this overfitting. At
Ahigh = 103, the energy term dominates and the optimizer
favors a strictly physical solution that conflicts with the
data. To compensate, dyy is artificially increased to blur
and dampen the simulated stray field, producing a field
noticeably weaker than the measurement. At A,,, the
reconstructed magnetization m* balances these extremes,
minimizing the micromagnetic energy while still repro-
ducing the measured field map fairly well (relative field
error Ly, & 14.5%; see Fig. 4).

A key result is the convergence of the effective distance
to dyy ~ 81 nm, with a plateau-like region in A around Ay,
similar to, but less pronounced than, the plateau observed in
reconstructions from synthetic data. Since the contributions
to dyy are individually unknown in typical experiments, the
ability to estimate this composite quantity directly from the
measurement data is a significant practical advantage.

For the present setup, we estimate these contributions
from the fabrication and setup parameters. The 6 keV
nitrogen implantation places the NV center 10 to 20 nm
below the diamond surface, the oxidation layer of the
uncapped, air-sensitive Fe;_ GaTe, surface adds 10 to
30 nm, the mechanical contact gap adds a few nanometers,
and because the NV can lie anywhere across the 200 to
400 nm wide tip, a tip-sample tilt can lift it by a further O to
40 nm. These contributions sum to a range that contains the
extracted dy, =~ 81 nm, consistent with the 26 to 128 nm
effective distances reported for comparable scanning-NV
probes [14]. The full budget is given in SM Sec. VI [17].
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L-curve analysis for experimental measurement data. (a) The L-curve illustrates the trade-off between the data-fidelity term

Lgaa and the normalized regularization energy Leyergy- The red marker denotes the balanced operating point 4y, ~ 25, where dyy
plateaus (b). (b) Converged effective distance dy as a function of the regularization parameter A.
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Influence of regularization strength A on reconstructed magnetization and field maps. Comparison between reconstructed

magnetizations m* and their corresponding demagnetizing fields H%™(m*, df,) across varying A. The first column shows the
experimental measurement and the second the unregularized 4 = 0 inversion, which overfits the data into an unphysical, high-energy
texture. While higher regularization yields a less diffuse m*, it results in a poorer fit to the experimental field. At high 1 values, the field
strength is significantly underestimated, indicating a decoupling from the experimental data in favor of the regularization term.

Limitations and outlook—The first class of limitations is
set by the information content of stray-field measurements
themselves rather than by the reconstruction. Certain
magnetization configurations are inherently invisible to
any H-based method. A classic example is a perfectly flux-
closed in-plane magnetic vortex, which generates zero
external stray field. Additionally, upward continuation acts
as a low-pass filter on the stray field [32], exponentially
suppressing high-frequency components as e %V, so any
magnetization texture concentrated at high wave vectors k
is encoded only weakly in the measurement. In our
Fe;_,GaTe, thin film, the strong uniaxial out-of-plane
anisotropy K, confines the in-plane magnetization compo-
nents to narrow domain walls, making their stray-field
signatures hard to detect at large distances. The recon-
structed wall type and chirality are then determined by the
micromagnetic prior rather than by the data. Where the
measurement is uninformative, the choice of physics
determines the solution.

A second class of limitations stems from the physical
model itself: the reconstruction is only as good as the
assumed model. Its parameters may be off: a +20%
uncertainty in the saturation magnetization M, for in-
stance, propagates into a 10% to 14% shift in the optimized
effective distance dyy. It may also be incomplete, neglect-
ing variation of the magnetization along the film thickness
z, surface roughness, pinning sites, or additional energy
terms. Such inhomogeneities are not excluded in principle:
once characterized, they can be built into the same differ-
entiable energy and forward model. Two internal consis-
tency checks can flag such effects when they remain
unmodeled, although they cannot identify the cause of
an inconsistency. The first is the shape of the L-curve itself.

When the energy prior and the measurement cannot be
simultaneously satisfied, the corner softens and dYy no
longer settles onto a clear plateau. Comparison against a
synthetic baseline or other datasets makes this easier to
recognize (SM Sec. IV.B [17]). The second check is
dynamic relaxation of the reconstructed state using the
Landau-Lifshitz-Gilbert (LLG) equation [16,33,34], which
simulates the temporal relaxation of the spin system toward
an energy minimum. Because the reconstruction minimizes
the joint loss rather than the energy alone, some relaxation
is expected even for a correctly specified model. Rapid
evolution nevertheless shows that the reconstructed state is
not an equilibrium of the assumed model, but it cannot
distinguish whether the model is incomplete or whether
artifacts and noise imprinted spurious structure on the state
(SM Sec. IV.C [17]).

Finally, the underlying reconstruction of the magnetiza-
tion m from the magnetic field H remains fundamentally ill-
posed. Even with physics constraints, we are not guaranteed
to recover the true sample state. Moreover, due to the highly
non-convex nature of the micromagnetic energy landscape,
gradient-based optimization can converge to different meta-
stable configurations depending on the initialization.
Nevertheless, this framework allows us to find significantly
better, physically plausible solutions compared to unregu-
larized inversion, and the (L, Lenergy) Plane in which the
L-curve lives provides a physics-grounded criterion for
selecting a best guess among these candidate solutions: at
equal data fit, prefer the lowest-energy configuration. At
equal energy, prefer the better data fit. This allows informed
choices about initialization, optimizer, and other hyper-
parameters (SM Secs. ILE and V [17]), which the data fit
alone cannot rank meaningfully.
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Looking forward, the same sensitivity to the physical
assumptions that bounds the reconstruction is also a source
of physical insight. Where the measurement is informative,
comparing how different energy models stabilize the
reconstructed states at a given data fit can help point to
the dominant physical mechanisms. Where it is not, the
prior still ensures that the recovered state is a physical
solution consistent with the data. This variational approach
is also easily extendable: multiheight or multiorientation
NV acquisitions could add complementary constraints
that further reduce the non-uniqueness of the inversion
in realistic noisy, finite-field-of-view measurements.
Moreover, because the framework relies on a differentiable
forward model, additional auxiliary experimental parame-
ters (such as relative shifts in multidistance acquisitions) or
even parameters like the saturation magnetization M
(when dyy is independently known) can in principle be
co-optimized jointly with the magnetization. Ultimately,
this combination of a differentiable forward model and a
differentiable micromagnetic energy formulation serves as
a template for adapting physics-informed reconstructions to
other magnetic imaging modalities.
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