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Abstract. Magnetic Particle Imaging (MPI) enables highly sensitive
and rapid mapping of magnetic nanoparticle distributions, yet its image
quality critically depends on accurate system matrix (SM) calibration.
Conventional SM acquisition requires exhaustive full-volume measure-
ments and is time-consuming, while purely physics-based SM simulators
often deviate from real measurements due to simplifying assumptions
and imperfect system characterization. To overcome these limitations,
we propose P2R-Net, a Physics-to-Reality SM Calibration Network for
High-Precision MPI Reconstruction. It is realized as a dual-branch en-
coder–decoder architecture, which integrates sparse measurement guid-
ance with dense, idealized SMs generated from anisotropic magnetiza-
tion model. The Multi-scale cross-attention aligns physics-domain repre-
sentations with measurement-domain characteristics, preserving physical
plausibility while adapting to real acquisition conditions. In addition, It
incorporates Spatial shift convolution Block (SC-Block) to model SM
spatial coupling and an Attention-Enhanced Feature Distillation (AFD)
module to stabilize physics-derived features. Extensive experiments show
that P2R-Net yields higher-fidelity SMs and improves downstream MPI
reconstruction quality over state-of-the-art baselines, providing an effi-
cient and practical alternative to time-consuming full-volume calibration.
Code is available at https://github.com/lzclz/P2Rnet.git.
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1 Introduction

Magnetic Particle Imaging (MPI) is a non-invasive modality that images the
spatiotemporal distribution of superparamagnetic iron oxide nanoparticles with
high sensitivity and rapid acquisition, enabling a broad range of preclinical ap-
plications such as angiography, cell tracking, cancer imaging, neuroimaging, and
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magnetic hyperthermia [21, 17, 23, 19]. As human-scale MPI scanners continue
to mature, practical deployment increasingly depends on robust and efficient
calibration and reconstruction pipelines.

Among existing reconstruction approaches, system-matrix (SM) based re-
construction remains the standard for achieving high image quality [13, 15].
However, obtaining a high-fidelity SM requires exhaustive calibration by mea-
suring nanoparticle responses voxel-by-voxel across the field of view, which is
prohibitively time-consuming (e.g., a 37× 37× 37 calibration can take over 33.5
hours [3]) and must be repeated when acquisition settings, tracer properties, or
magnetic conditions change [5, 20]. These constraints motivate research on accel-
erating SM acquisition while preserving quantitative accuracy for downstream
MPI reconstruction.

Two main directions of Model-based SM generation and Measurement-based
SM recovery have been explored. Model-based SM generation replaces measure-
ments with physics-driven simulations using magnetization dynamics models,
ranging from equilibrium and anisotropy-extended equilibrium formulations to
more expressive but computationally demanding Fokker-Planck (FP) models [8,
1, 14]. Although physically grounded, purely simulated SMs often exhibit a do-
main gap to real measurements due to unmodeled system imperfections and
complex field interactions. Measurement-based SM recovery instead reconstructs
a dense SM from sparse measurements using interpolation, compressed sensing,
or low-rank/tensor priors [11, 18, 4, 2, 6, 7]. More recently, deep learning has re-
framed SM recovery as a super-resolution problem by learning data-adaptive
mappings from undersampled measurements to high-resolution SMs [3, 5, 22,
16]. While these learning-based methods improve sharpness and efficiency, they
can still struggle with (i) the physics-measurement misalignment, (ii) insufficient
modeling of MPI-specific spatial coupling and anisotropic response patterns, and
(iii) distortion of response amplitudes and scaling that undermines quantitative
reconstruction.

To address these limitations, we propose P2R-Net, a Physics-to-Reality map-
ping network for MPI system-matrix calibration. The core idea is to align a
model-derived SM to the measurement domain using sparse measurements while
preserving physical plausibility. P2R-Net takes a fully sampled model SM (mag-
netic dynamics prior) and an undersampled measured SM (system specific statis-
tics) as inputs, and employs a dual-branch encoder–decoder with multi-scale
cross-attention to inject measurement cues into the physics representation. In
addition, we introduce structure-aware feature learning to explicitly model voxel-
wise magnetic interaction coupling and support anisotropy-aware refinement,
and further employ stabilized fusion to suppress error propagation and preserve
quantitative correctness.

In summary, we make three contributions. (i) We propose a Physics-to-
Reality mapping network with sparse measurement guidance for MPI system-
matrix calibration, bridging physics-derived and undersampled measured SMs.
(ii) We introduce structure-aware refinement via a shared SC-Block for voxel-
wise coupling and an AFD module for bias correction and stable physics-consistent
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features. (iii) We realize the improvement of both SM resolution and downstream
reconstruction quality, which enables denser and higher-fidelity MPI reconstruc-
tions than the original measurements in the unsupervised setting.

2 Method

2.1 Overview and Motivation

The motivation for our proposed scheme is rooted in the practical bottlenecks
of SM based MPI reconstruction. The measurement model can be written in
the linear from u = Sc. This inverse problem is ill-conditioned, and the recon-
struction quality is highly sensitive to the fidelity of S; However, fully sampling
the field of view voxel-by-voxel is prohibitively time-consuming and must be re-
peated whenever acquisition settings, tracer properties, or magnetic conditions
change. This tension between quantitative accuracy and calibration efficiency has
become increasingly critical as human-scale MPI systems move toward routine
deployment.

Fig. 1. The motivation and structure of the proposed method

As shown in Fig. 1, Physics-driven SM synthesis generates dense responses
from magnetization models and yields globally coherent structure, yet it often
leaves residual errors under hardware-dependent effects, field imperfections, and
unmodeled interactions, leading to systematic mismatch in reconstruction [14].
Sparse-measurement SM recovery infers a full SM from limited real samples
and reduces acquisition cost, but its accuracy depends strongly on the sampling
strategy: MPI-specific spatial coupling and anisotropic response are difficult to
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extrapolate, and local amplitude/scale drifts can undermine quantitative con-
sistency [3]. In short, physics-based synthesis is structurally strong but scanner-
agnostic, whereas sparse recovery is scanner-specific but under-constrained.

To bridge this gap, we propose P2R-Net, a physics-to-reality mapping frame-
work that uses a dense physics-based SM as the structural backbone and injects
system-specific characteristics via sparse real measurements as guidance. For-
mally, the target high-fidelity SM is obtained by a conditional mapping:

Ŝtarget = ΦP2R(Smodel | Fguide(S
sparse
measure)) , (1)

where Smodel encodes global physical topology, and Fguide(·) extracts a com-
pact reality-aware embedding from sparse measurements to steer the refinement
toward the true system response.

2.2 Adaptive Truncation Anisotropic Equilibrium Model

To obtain a dense yet efficient physics prior for P2R-Net, we develop an Adaptive
Truncation Anisotropic Equilibrium magnetization model. Standard Langevin-
based equilibrium models typically neglect particle anisotropy and/or rely on
fixed-order approximations, which either introduce modeling bias or incur pro-
hibitive cost when constructing frequency-domain system matrices (SMs). Our
model explicitly accounts for anisotropy while adaptively selecting the necessary
high-order components to preserve nonlinear responses.

Specifically, we employ an anisotropic equilibrium formulation that incorpo-
rates the easy axis n ∈ S2 and anisotropy strength αKanis . The system function
sℓ(r, t), defined as the temporal derivative of the mean magnetic moment m, is
given by

sℓ(r, t) = µ0m0p
R(r)

∂

∂t
[E (βH(r, t), αKanis(r),n(r))] , (2)

where µ0 is the vacuum permeability, m0 denotes the magnetic moment mag-
nitude, pR(r) is the receive coil sensitivity, r and t denote the spatial posi-
tion and time, respectively, H(r, t) is the applied magnetic field, β is the ther-
mal scaling factor that normalizes the magnetic field strength, E(·) denotes
the anisotropic equilibrium operator, αKanis(r) represents the spatially varying
anisotropy strength, and n(r) is the local easy-axis direction.

To efficiently construct the frequency-domain SM under periodic excitation,
we approximate E using a Chebyshev tensor-product expansion. However, us-
ing a fixed and full expansion is computationally expensive, whereas aggressive
truncation (e.g., single-term) discards high-order content that is crucial for repre-
senting nonlinear particle dynamics. We therefore introduce adaptive truncation
by retaining the minimal Chebyshev term set whose cumulative energy reaches
γ = 0.95, thereby preserving dominant harmonics while discarding negligible
high-order components. This produces a dense, physics-consistent prior Smodel

that maintains descriptive power for nonlinear responses while significantly re-
ducing the computational burden.



P2R-Net for High-Precision MPI Reconstruction 5

Fig. 2. Overview of P2R-Net for MPI SM calibration. It takes physics-derived Ŝmodel

and undersampled Ŝmeasured as inputs. A dual-branch multi-scale encoder–decoder per-
forms CA fusion, with shared SC-Blocks for voxel-wise coupling and an AFD module in
the physics branch to refine anisotropic responses. High-fidelity SM Ŝgenerated is output
via residual and skip connections.

2.3 P2R-Net Architecture

To address the scale mismatch between the dense physics-derived SM (at the tar-
get resolution) and the sparsely measured SM, P2R-Net adopts a dual-branch
U-Net style encoder-decoder (Fig. 2) for sparse-to-dense alignment and map-
ping. The encoder-decoder hierarchy provides multi-resolution features, enabling
measurement guidance to be injected from coarse global trends to fine local de-
tails. To fuse the two domains without breaking physical structure, we employ
cross-attention at matched encoder/decoder levels, where physics-branch fea-
tures query the measurement branch to selectively retrieve system-specific cues
and correct local physics-data misalignment while preserving globally consis-
tent regions. Next, we detail two key components: the SC-Block for voxel-wise
coupling modeling and the AFD module for anisotropy-aware correction in the
physics branch.

Spatial Shift Convolution Block (SC-Block): MPI SMs exhibit strong
voxel-wise spatial coupling due to smooth magnetic field encoding and coil sen-
sitivity profiles. To model this structure with minimal overhead, we introduce
the Spatial Shift Convolution Block (SC-Block) as the shared feature extraction
unit in both branches. SC-Block follows a lightweight residual pipeline (Conv →
spatial shift fusion → activation → Conv + residual): the convolution layers cap-
ture local response patterns (e.g., amplitude/phase variations), while the Shift8
operation itself enlarges the local spatial neighborhood without introducing ad-
ditional learnable parameters. This design is interpretable for MPI-like local
magnetic interactions, parameter-efficient for high-dimensional SMs, and stable
under deep stacking via residual learning. Concretely, the input feature maps



6 Zhang, Li, et al.

are divided into G = 8 channel groups, corresponding to eight spatial directions,
i.e., up, down, left, right, upper-left, upper-right, lower-left, and lower-right. Each
group is shifted by one pixel along its assigned direction and then aggregated to
model neighborhood interactions consistent with the intrinsic spatial correlation
of SMs. Zero-padding is used at boundaries to preserve feature size, and the
residual connection helps retain fine-grained details.

SS(F )g,i,j,c = F g, i+∆ig, j+∆jg, c, (∆ig, ∆jg) ∈ D, (3)

where D = {(−1, 0), (1, 0), (0,−1), (0, 1), (−1,−1), (−1, 1), (1,−1), (1, 1)}; g ∈
{1, . . . , G} denotes the channel group index with G = 8, (i, j) are spatial coor-
dinates, and c ∈ [1, C/G] is the intra-group channel index. Boundary pixels are
zero-padded to preserve the feature map size.

Attention-Enhanced Feature Distillation with Frequency Modulation
Attention(AFD): Although the anisotropy-aware equilibrium model yields
physically consistent SM topology, physics-simulated features may still exhibit
local bias and response imbalance due to modeling approximations and unknown
system factors. To mitigate this before cross-scale mapping, we apply AFD in
the model branch, which combines normalization, channel distillation, attention
reweighting, and lightweight feedforward refinement to suppress redundant re-
sponses and rebalance feature distributions while avoiding oversmoothing. In
addition, AFD integrates Frequency Modulation Attention (FMA) [12], which
performs FFT–learnable (1×1) spectral mixing–inverse FFT to enforce tracer-
dependent harmonic consistency by enhancing meaningful harmonics and sup-
pressing non-harmonic artifacts. Together, these designs improve quantitative
fidelity and robustness of the calibrated SM. This optimized spectral transfor-
mation is defined as:

A = InvF (Conv1×1 (F (LN(fin)))) , (4)

where F(·) (FFT) maps the Layer-Normalized input from the spatial domain
RH×W×C to the frequency spectrum CH×W

2 ×2C . The subsequent Conv1×1 acts
as a learnable harmonic filter, dynamically amplifying physically significant fre-
quency bands while suppressing non-harmonic noise, before InvF(·) (Inverse
FFT) restores the spatial representation.

3 Experiments Results and Discussion

Data preparation and compared methods: We used the public SM13
dataset [9] (CC BY 4.0), acquired on a Bruker preclinical scanner with a Per-
imag delta-sample over a 17× 15 grid (34× 30 mm2 FOV). The measured SMs
were zero-padded to 17 × 17, represented by real/imaginary channels, peak-
normalized, and filtered by retaining SNR> 4 frequency components. Sparse
inputs were obtained from a fixed deterministic mask, yielding a uniformly
sampled 9 × 9 subset. The data were split into training/testing sets at an



P2R-Net for High-Precision MPI Reconstruction 7

80%/20% ratio before augmentation, resulting in 1600 augmented training sam-
ples and 40 independent raw test samples. Evaluation used six phantoms, in-
cluding three shape targets and three resolution rods. We compared P2R-Net
with physics simulators (EQ, FP, EQANIS), supervised SR methods (SRCNN,
SMRnet, ISPAnet), and unsupervised baselines (Bilinear, Bicubic, CS, DIP).
Supervised training used MSE to the measured SM. Unsupervised training used
Lunsup = Lphys + Lmeas, where Lphys combines MSE and VGG loss to Smodel,
and Lmeas = ∥DΩ(Ŝ)−Ssparse∥22 enforces consistency with sparse measurements
under the deterministic mask Ω. All learning-based methods used the same split,
preprocessing, sampling setting, and reconstruction protocol. Reconstruction was
performed using Kaczmarz regularization [10].

Comparisons with State-of-the-Art Methods: Fig. 3 reports both quali-
tative SM recovery and the downstream MPI reconstruction, together with the
corresponding energy-profile evaluations. In the supervised setting (15 × 17),
even the measured SM does not perfectly separate the two phantom rods at
this resolution; therefore, the line-profile curves of all methods do not exhibit
two fully isolated, sharp peaks. This indicates that the bottleneck is not only
recovery accuracy but also the intrinsic resolution limit of low-dimensional SMs.
Nevertheless, our P2R-Net produces the closest profile to the measured reference,
with reduced sidelobe artefacts and less spurious oscillation around the peak re-
gions, which is also reflected by cleaner SM error maps and more faithful recon-
structions along the marked cross-section. These results suggest that P2R-Net
improves calibration primarily by suppressing measurement-inconsistent side-
lobes and stabilizing amplitude scaling, which are critical for quantitative recon-
struction. Quantitatively (Table 1, Comparison), P2R-Net achieves the best SM
recovery metrics (nRMSE 0.0559, PSNR 25.97 dB, SSIM 0.9042). This improve-
ment transfers to reconstruction, where we obtain nRMSE 0.0187, PSNR 26.27
dB, and SSIM 0.9724, outperforming all competing baselines in both fidelity and
structural similarity.

To obtain a higher-resolution SM for separating closely spaced rods, we fur-
ther perform unsupervised training to generate 30× 34 SMs. As shown in Fig. 3
(middle), P2R-Net yields sharper and more separated SM responses with less
background leakage than physics-based models (EQ/EQANIS/FP) and classical
baselines (bilinear/bicubic/CS/DIP), leading to cleaner reconstructions where
the two rods are more distinguishable. The energy/line-profile curves (Fig. 3,
right-bottom) show two clearer peaks with a deeper inter-peak valley and re-
duced sidelobes, whereas competing methods exhibit peak broadening or ele-
vated inter-peak floors. These results indicate that physics-to-reality mapping
can refine high-frequency details from sparse measurements while preserving
physical plausibility, improving effective resolution beyond the original measured
grid.

Ablation studies: We ablate core components of P2R-Net by removing the SC-
Block (MIC), AFD, the physics-driven branch (Branch1), or the measurement-
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Fig. 3. The visualization results of SMs generation and MPI reconstruction

mapping branch (Branch2). As shown in Table 1, the full model achieves the best
SM recovery and reconstruction performance. The dual-branch design is crucial:
removing Branch2 causes the largest drop in reconstruction (nRMSE 0.0187
→ 0.0309, ∼65%), highlighting the importance of sparse real measurements for
correcting system-specific mismatch, while removing Branch1 also degrades SM
fidelity (nRMSE 0.0559 → 0.0823), indicating the physics prior stabilizes re-
covery under sparse observations. SC-Block and AFD provide complementary
refinements, yielding moderate but consistent gains by modeling voxel-wise cou-
pling and mitigating simulation-feature bias, respectively.

Table 1. Quantitative comparison and ablation results for system matrix recovery and
the corresponding MPI reconstruction on 15× 17 SMs.

Category Methods SM Recovery Reconstruction
nRMSE ↓ PSNR ↑ SSIM ↑ nRMSE ↓ PSNR ↑ SSIM ↑

Comparison

EQ 0.1185 19.37 0.6623 0.0443 18.79 0.8047
EQANIS 0.0991 20.97 0.7481 0.0287 22.65 0.9138

FP 0.0975 21.13 0.7558 0.0283 22.77 0.9179
SRCNN 0.1024 20.36 0.7516 0.0365 20.45 0.9008
SMRnet 0.0688 23.89 0.8734 0.0269 23.00 0.9479
ISPAnet 0.0775 22.84 0.8269 0.0316 21.71 0.9213
Ours 0.0559 25.97 0.9042 0.0187 26.27 0.9724

Ablation

W/O MIC 0.0770 22.96 0.8564 0.0226 24.68 0.9571
W/O AFD 0.0689 24.09 0.8656 0.0195 25.80 0.9693

W/O Branch1 0.0823 22.31 0.8248 0.0244 23.98 0.9313
W/O Branch2 0.0844 22.06 0.8176 0.0309 21.91 0.9263
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4 Conclusion

In this work, we propose P2R-Net, a Physics-to-Reality mapping network with
sparse measurement guidance for high-precision MPI reconstruction, aimed at
bridging the gap between physics- and measurement-domain SMs under practical
calibration constraints. It adopts dual-branch encoder–decoder with multi-scale
cross-attention, and incorporates SC block and AFD module for structure-aware
refinement. Extensive supervised and unsupervised experiments demonstrate
that P2R-Net improves SM fidelity and consistently enhances downstream MPI
reconstruction, providing an efficient alternative to time-consuming full-volume
calibration. Future work will focus on its adaptability for clinical translation and
broader biomedical imaging applications.
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