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Abstraci—Real-time localization is a requirement for the
clinical application of magnetically actuated wireless cap-
sule endoscopy. This study proposes a physics-informed
deep learning framework to address the model-plant mis-
match inherent in analytical methods and the data re-
quirements of end-to-end learning. A dual-branch residual
network, physics-informed residual network, computes cor-
rections for the magnetic dipole model. Two operational
paradigms are evaluated: a lookup-table-based approach
and an end-to-end optimization approach. Experiments in-
dicate that the framework achieves a mean position error
of 0.69 + 0.29 mm and a mean orientation error of 0.70 +
0.37°, utilizing less than 20% of the calibration configura-
tions required by data-driven baselines. Validation includes
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an ex vivo signal propagation study through biological tis-
sue and compatibility tests with an anti-interference filter,
supplemented by a preliminary in vivo animal experiment.
The results provide a methodology for sim-to-real transfer
in robotic capsule tracking systems.

Index Terms—Anti-interference integration, ex vivo val-
idation, magnetic capsule endoscopy, physics-informed
neural network, sim-to-real.

[. INTRODUCTION

IRELESS capsule endoscopy characterizes an estab-

lished noninvasive modality, which provides an acces-
sible alternative for gastrointestinal diagnostics [1], [2], [3].
Advancements in micro-robotics are transitioning these devices
from passive imaging tools toward active robotic platforms
capable of executing in vivo tasks, which include targeted drug
delivery, tissue biopsy, and minimally invasive surgical pro-
cedures [4], [5], [6], [7]. The realization of such therapeutic
potential depends on the capability to determine the 5-degree-
of-freedom pose, which encompasses the translation and orien-
tation of the capsule within the human anatomy [8], [9], [10].
Permanent magnet tracking characterizes a preferred solution for
these applications because it functions without internal power
supplies and maintains signal transmission through biological
media without line-of-sight requirements . However, inaccurate
localization renders active control unfeasible and increases the
risk of tissue trauma, which constrains the clinical translation of
these robotic systems [11], [12].

Current localization strategies predominantly follow two dis-
tinct paradigms, which involve model-based optimization and
data-driven learning. The first paradigm relies on fitting an-
alytical physical models, which include the magnetic dipole
model to sensor measurements via iterative algorithms, such
as Levenberg—Marquardt (LM) [13], [14]. The performance of
this paradigm is limited by model-plant mismatch, which arises
from idealized dipole assumptions and ambient noise. Research
by Fu and Guo [15] indicates that such discrepancies lead to
localization errors in the near-field regions, which are requisite
for surgical operations. Furthermore, the accuracy of analytical
models is compromised by inevitable manufacturing tolerances
that include deviations in magnet dimensions and magnetization
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TABLE |
STRUCTURAL COMPARISON WITH RELATED SIM-TO-REAL MAGNETIC
LOCALIZATION PARADIGMS

Feature ResNet-LM [22]  AMagPoseNet [18]  MobilePoseNet [11] PIRNet (Ours)

Correction level Pose Pose Sensor/Pose Field (AB)
Sim-to-real strategy Data augment. Multistage Sim pretrain Sim pretrain + fine-tune
Physics regularization None None None Lpiv

Forward model reuse No No No Yes (differentiable)
Dual deployment mode No No No Yes (LUT / in-the-Loop)
Partial Yes (dual-branch)

Disentangled error sources No No

intensity which are inherent in miniaturized components [6].
While complex numerical integration models improve accuracy,
they introduce high computational costs, which hinder real-time
performance during dynamic tracking [16], [17].

The second paradigm utilizes deep learning architectures to
map raw sensor readings to the capsule pose [18], [19], [20]. Al-
though these methods capture nonlinear characteristics, they are
data-intensive and require extensive labeled real-world datasets
acquired through complex hardware configurations [11], [21],
[22]. Sebkhi et al. [23] quantified this calibration burden by
demonstrating that the generation of 1.7 million samples for a
5-D positional stage requires six months of operation. Moreover,
pure neural network models operate as black boxes, which often
violate Maxwell equations and produce physically inconsistent
field gradients [16], [24]. This lack of physical grounding results
in gradient prediction errors, which degrade the performance of
force-based control in magnetic navigation systems. In addition,
such models demonstrate limited robustness when encountering
out-of-distribution conditions, which include dynamic distor-
tions from ferromagnetic surgical instruments [25].

Existing sim-to-real magnetic localization methods can be
categorized along two design axes: what is learned and how
physics is enforced. Pose-level correction methods, such as
the ResNet-LM fusion by Guo et al. [22] and the multistage
training pipeline of AMagPoseNet [18], learn a direct map-
ping from sensor readings to pose corrections, treating the
physical model as a black-box initialization or data augmen-
tation source. Calibration subnetwork approaches, such as the
denoising modules in MobilePoseNet [11], learn sensor-level
noise patterns but do not model the systematic discrepancy
between the analytical forward model and the physical real-
ity. In contrast, the framework proposed herein operates at
the field level: physics-informed residual network (PIRNet)
learns a spatially structured residual field AB that explicitly
corrects the forward model itself, rather than its output pose.
This field-level formulation enables two capabilities absent in
prior work: 1) the corrected forward model can be reused as a
differentiable physics layer within arbitrary downstream solvers
(the PIRNet-in-the-Loop paradigm), and 2) the learned resid-
ual field can be regularized by Maxwell-derived spatial con-
straints (L,.qiv), which is not applicable to pose-level corrections
that lack spatial structure. Table I summarizes these structural
distinctions.

Real-world surgical environments introduce the requirement
for system-level robustness against dynamic ferromagnetic in-
terference. Surgical instruments composed of soft-magnetic
materials induce nonlinear distortions in the local magnetic field,
which confound traditional localization solvers [16], [25]. While
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hybrid approaches attempt to bridge these paradigms via sim-to
-real transfer, existing research lacks a systematic framework
that explicitly disentangles local sensor-level distortions from
global pose-dependent deviations [18], [22]. There exists a
necessity for localization methods, which maintain physi-
cal consistency and modular compatibility with downstream
filtering architectures while minimizing the real-world data
dependence.

This article proposes the PIRNet to address the model-plant
mismatch and calibration burden in magnetic tracking. The
architecture disentangles error sources through a dual-branch
structure, which computes a physically plausible correction to
the idealized dipole model. The main contributions of this article
are summarized as follows.

1) A PIRNet architecture is proposed, which utilizes a dual-
branch encoder to decouple local sensor distortions and
systematic pose-dependent deviations while enforcing an
in-plane pseudodivergence regularization.

2) Two operational paradigms are formulated and compared:
alookup table (LUT)-based approach for high-speed edge
computing and an end-to-end optimization approach for
enhanced accuracy.

3) A data-efficient training strategy is demonstrated, achiev-
ing submillimeter accuracy with less than 20% of the con-
figurations required by conventional data-driven meth-
ods, thereby reducing the spatial calibration burden.

4) The robustness of the framework is assessed through
a progressive experimental protocol, including ex vivo
tissue penetration studies and integration tests with anti-
interference architectures under representative preclinical
conditions.

Il. METHODOLOGY

This section presents the proposed physics-informed deep
learning framework for magnetic localization. First, the foun-
dational magnetic dipole forward model is briefly introduced.
Next, the core architecture of PIRNet is presented. Finally,
the two operational paradigms derived from PIRNet, namely,
PIRNet-LUT and PIRNet-in-the-Loop, are described in detail.

A. Magnetic Dipole Forward Model

The magnetic field generated by a permanent magnet can
be approximated by the magnetic dipole model, which has
been established as a foundational method for wireless capsule
endoscopy (WCE) localization [26]. The magnetic flux density
vector B at an observer point r generated by a magnet centered
at s with a magnetic moment m can be expressed as

_ ko (3m-R)R m
B(r’s’m)47r( RIF ||R||3> M

where R = r — s is the relative position vector, and i is the
magnetic permeability of free space. Given the pose of the
magnet (position s and orientation, which determines m) and
the positions of an array of N sensors {r;}}¥ ,, this forward
model can predict the theoretical magnetic field matrix B, €
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Fig. 1. Architecture of the proposed PIRNet.

RN*3 However, as discussed, this model suffers from inherent
inaccuracies. The objective is to learn a correction to this model.

B. PIRNet Architecture

The core of the framework is the PIRNet, a neural network
specifically designed to learn the residual correction AB be-
tween the real-world magnetic field and the predictions of the
dipole model. The final high-fidelity field prediction is then
Beorr = Bgim + AB. The architecture, illustrated in Fig. 1, is
detailed below. The PIRNet features a dual-branch encoder to
process multimodal inputs, a gated fusion module to intelligently
combine features, and an output head to generate the final
correction.

1) Dual-Branch Feature Encoder:

a) Residual CNN branch: This branch processes the sim-
ulated magnetic field matrix By, € R>*3 to capture
local sensor-level distortion patterns. It consists of a
series of standard residual blocks [27], where shortcut
connections with 1 x 1 convolutions are used to handle
dimensional changes. This branch outputs a local feature
map Fcnn c R5><5><64'

b) Physics encoder branch: This MLP-based branch pro-
cesses the 6-D magnet pose vector p € R® to model
systematic pose-dependent model deviations. The input
vector is passed through several fully connected layers
to generate a 64-D feature vector, which is then spatially
broadcast to form a physics feature map Fy € R3*5x64,

2) Context-Aware Gated Fusion: The two feature maps are
combined using a context-aware gating mechanism. A contex-
tual feature map, F onext, 1S first generated by combining F,,
and Fppy. A dynamic gating weight map o € [0, 1]>%¢ is
then computed from Fonex¢ Using a convolutional layer and a
Sigmoid function. The final fused feature Fo, is calculated as

Ffusion =0Q Fcnn + (1 - 0) & thy (2)

where ® denotes elementwise multiplication.
3) Output Head: The fused feature map Fgop 1S then passed
through a final convolutional layer (1 x 1 Conv, three channels),

which serves as the output head. This layer decodes the high-
level features into the final three-channel residual correction
matrix, AB € R3%3,

4) Physics-Informed Training Objective: To train the PIR-
Net, a composite loss function is designed to simultaneously
encourage fitting to ground-truth data while ensuring spatial
smoothness and physical plausibility of the predictions. The
total loss £ for a given sample is defined as a weighted sum
of a data-fitting term and a physics-inspired regularization term

L= Edata +A- £p—div (3)

where A is a hyperparameter that balances the two terms.

The data-fitting loss, Ly, measures the squared L, norm
of the difference between the final corrected field B, and the
real-world ground-truth field By

l:data = ||Bcorr - BrealH% = ||(Bsim + AB) - Breal”%- (4)

Ideally, the predicted magnetic field should strictly adhere to
Maxwell’s equations, specifically the divergence-free constraint
(V- B =0). Since the analytical dipole model field By, is
inherently divergence-free, this constraint should theoretically

apply directly to the learned residual field AB, that is, agf .
OAB, | 9AB. _
Oy + 9z 0.

However, the physical limitation of the hardware setup is
explicitly acknowledged: acquiring the full 3-D spatial gradient
(specifically, the z-axis partial derivative 6%%) is mathemati-
cally ill-posed when utilizing a single 2-D planar sensor array
(Z = 0 plane). To address this limitation without discarding
the valuable physical prior, a relaxed in-plane pseudodivergence

penalty, Lp_qiv, is introduced, defined as

OAB, 9AB,|I

ox y

where the spatial derivatives are approximated on the discrete
5 x 5 sensor grid using central finite differences.

While L, gy is not a strict 3-D Maxwell constraint, it serves
as an effective spatial regularizer. From a signal processing
perspective, the magnetic field generated by a physical dipole

Lp-giv = ‘ ’ )

2
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Operational flowcharts of the online pose estimation paradigms. (a) PIRNet-LUT paradigm utilizing a LUT for rapid compensation.

(b) PIRNet-in-the-loop paradigm integrating the neural network within the iterative optimization solver.

is inherently smooth and continuous across the sensor plane.
Data-driven neural networks, however, are prone to overfit-
ting sparse noisy data, often producing physically implausi-
ble high-frequency spatial jitter in the residual field AB. By
minimizing the in-plane divergence, Lp.q;y effectively acts as a
spatial low-pass filter. It penalizes discontinuous sharp gradient
variations along the X- and Y'-axes, thereby compelling the
network to learn a smooth generalized residual manifold that
aligns with the macroscopic physical characteristics of mag-
netic fields. Alternative formulations exist for enforcing the
divergence-free condition. In particular, learning a magnetic
vector potential A and computing the field as B =V x A
guarantees V - B = 0 by construction, as the divergence of a
curl is identically zero [16]. However, this formulation requires
the network to output a 3-D volumetric vector potential field
and compute its spatial curl, which, in turn, demands dense
3-D spatial sampling. This requirement is incompatible with the
hardware configuration, where all measurements are confined

to a single Z = 0 planar array. Computing 854; or 854; Y from

a 2-D sensor grid is as ill-posed as estimating % directly.
The penalty-based formulation is, therefore, a deliberate engi-
neering tradeoff: it sacrifices strict mathematical enforcement
for compatibility with planar sensor hardware, while retaining
the physical prior as an effective regularizer.

Subsequent ablation studies demonstrate that this relaxed
regularization plays a critical role in suppressing noise and
preventing model divergence in real-world scenarios.

C. Paradigm 1: PIRNet-LUT

As illustrated in Fig. 2(a), the first paradigm utilizes the
PIRNet offline to generate a residual correction LUT for online
inference.

1) LUT Generation: The PIRNet serves as a simulator to
quantify intrinsic model discrepancies between the analytical
dipole theory and the measured manifold. A grid of M poses
{p; }JM=I is defined across the workspace, constrained by the
sensor array’s effective range. For each grid pose, the residual
error Ap; = p;j — Pim,j 1S computed, where pyy, ; denotes the
estimate from the uncorrected LM algorithm. The LUT stores
the error mappings {(pim,j, Ap;)} L.

2) Online Pose Update: During inference, a new measure-
ment B, yields an initial estimate pjy;; consisting of trans-
lation tiy; € R3 and unit quaternion qi, € H. Adjacent error
vectors are retrieved and interpolated via trilinear and spher-
ical linear interpolation to determine corrections At;yer, and
Aqimerp. The final pose is updated as

thnal = Ginie + Atinterpv final = Aq.interp & init (6)
where & denotes quaternion multiplication to ensure that ggpa
remains on the SO(3) manifold. Specifically, the LUT stores ori-
entation corrections as unit quaternions. During online interpo-
lation, the corrections at neighboring grid vertices are combined
via Spherical Linear Interpolation (Slerp), which preserves the
unit-norm constraint and produces geodesic paths on S*. The
resulting interpolated correction Aqinerp is then composed with
the initial estimate via left-multiplication (quaternion product),
which corresponds to a rotation composition on the SO(3)
manifold. This multiplicative update avoids the singularities and
metric distortions inherent in additive Euler angle corrections.

3) Complexity Analysis: The LUT is organized as a 5-D
regular grid spanning the operational workspace. The trans-
lational axes are discretized as x,y € [—80,80] mm at 5-mm
intervals (33 points each) and z € [60, 140] mm at 5-mm inter-
vals (17 points). The orientation, parameterized by polar and
azimuthal angles (6, ¢) on 52, is discretized at 10° intervals,
yielding 19 polar and 36 azimuthal points. The total grid size
is 33 x 33 x 17 x 19 x 36 = 12.66 x 10° entries. Each entry
stores a 3-D translational correction and a unit quaternion cor-
rection (28 bytes), resulting in a memory footprint of 338 MB,
which is compatible with the RAM capacity of contemporary
computing platforms including compact x86-based industrial
PCs. The O(1) table query and interpolation complexity enables
an execution time of 37.5 ms per frame on Platform C (see
Section III-A).

D. Paradigm 2: PIRNet-in-the-Loop

As illustrated in Fig. 2(b), the second paradigm integrates
the PIRNet architecture as a differentiable physics layer directly
within the iterative optimization process.
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The Levenberg—Marquardt (LM) algorithm is selected as the
iterative solver because it subsumes the Gauss—Newton method
as a special case (when the damping parameter approaches zero)
and exploits the analytical Jacobian for locally quadratic con-
vergence, which is categorically more efficient than first-order
alternatives for low-dimensional pose estimation with overde-
termined residual systems.

1) Differentiable Physics Formulation: The trained PIRNet is
defined as a function fprNer(P) mapping a pose vector p to a
corrected magnetic field prediction

Bcorr(p) = Bsim(p) + AB(D) (7

where Bgm(p) is the analytical dipole field and AB(p) is the
learned residual.

2) End-to-End lterative Solver: Online pose estimation is
formulated as a nonlinear least-squares problem

p* = arg mgn HfPIRNet(p) - Bmeas| ‘2~ (8)

In each optimization iteration, a forward pass through the PIR-
Net computes the predicted field and the analytical Jacobian
J = O fprNer/Op utilizing automatic differentiation. The Ja-
cobian incorporates both the analytical gradient of the dipole
model and the learned gradient of the residual field, allowing
the LM algorithm to converge on a smoothed physics-informed
loss manifold. This paradigm eliminates discretization errors
inherent in LUTs and leverages GPU acceleration to achieve a
latency of 15.0 ms. The online computational cost of PIRNet-in-
the-Loop scales with the number of LM iterations and the cost of
one forward-and-Jacobian evaluation of fpryet(P). In contrast
to the O(1) query complexity of PIRNet-LUT after offline table
construction, this paradigm trades higher online computation for
continuous optimization on the corrected physics manifold.

[ll. EXPERIMENTAL SETUP AND VALIDATION

To evaluate the proposed framework, a progressive validation
protocol was established, comprising in vitro baseline tracking,
an ex vivo signal propagation study through biological tissue,
and an in vivo feasibility demonstration. This section details the
hardware platforms, experimental scenarios, dataset construc-
tion, and evaluation metrics.

A. Hardware Platform

The core hardware comprises a custom magnetic tracking sys-
tem and independent ground-truth tracking references, depicted
in Fig. 3.

1) Magnetic Tracking System: The sensor array is a 5 X 5
planar grid of triaxial magnetometers utilizing QMC5883L sen-
sors from QST Corp., acquired via a GD32F470ZGT6 micro-
controller. Two magnetic targets were fabricated. A standard
annular magnet, grade N45 with a 10-mmouter diameter, 5-mm
inner diameter, and 10-mm length, is utilized for in vitro and
ex vivo characterizations. A miniaturized cylindrical capsule,
containing four stacked @3 x 1 mm N45 magnets within a
biocompatible shell, is utilized for the in vivo animal study.

2) Ground-Truth Acquisition: For in vitro and ex vivo tests, a
Mars 2H multicamera optical NOKOV motion capture system

Magnet Tracking Ul

Fig. 8. Experimental platforms. (a) Magnetometer sensor array and
magnetic targets. (b) Magnetic tracking user interface, where blue ar-
rows indicate the measured magnetic field vectors. (c) In vitro exper-
imental setup with the optical ground-truth system. (d) In vivo animal
study overview.

provides the baseline 6-degree-of-freedom pose data with a
certified accuracy of +0.15 mm at 380 frames per second.
An Elite Robots EC63 collaborative arm executes predefined
trajectories. For the in-vivo animal study, optical tracking is
structurally obstructed; therefore, the endoscopic video feed and
calibrated insertion depth markers are strictly utilized to assess
macroscopic trajectory consistency.

B. Experimental Scenarios

The validation is structured across four distinct scenarios to
isolate specific performance characteristics.

1) In Vitro Baseline: 1t is conducted in an interference-free
environment to establish the absolute tracking accuracy and tem-
poral stability of the proposed paradigms against the uncorrected
LM baseline.

2) Ex Vivo Tissue Penetration: It is designed to quantify lo-
calization accuracy degradation when the magnetic signal prop-
agates through real biological media. Two fresh porcine tissue
blocks, each with a thickness of 30—40 mm and matching human
gastrointestinal dielectric and magnetic permeability properties,
were positioned directly above the sensor array, while the robotic
arm drove the magnet along predefined 3-D trajectories above
the tissue.

3) In Vivo Feasibility: Tt is conducted in a live rabbit model
to evaluate system robustness and trajectory consistency under
unmodeled dynamic physiological conditions and severe signal
attenuation.

4) Dynamic Anti-Interference Compatibility: This scenario
involves the introduction of a surgical instrument composed of
soft magnetic material into the tracking volume. The objective
is to evaluate the capacity of the proposed algorithm to function
as a modular observation engine when integrated into a down-
stream filtering pipeline, such as a system utilizing blind source
separation.
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C. Datasets and Training Strategy

The dataset construction isolates physical model training from
empirical noise adaptation.

1) Prior Model-Based Simulation Data: A total of 58 320
simulated samples were generated on a dense spatial grid span-
ning [—80, 80] mm in the x- and y-axes and [60, 140] mm in
the z-axis. The magnetic dipole model was used to compute the
ideal field for each sample, followed by the addition of synthetic
Gaussian noise to approximate sensor characteristics.

2) Real-World Measurement Data: A set of 288 unique spa-
tial configurations was collected. At each fixed configuration,
50 temporal measurements were recorded, yielding 14 400
total samples. This temporal resampling isolates the statistical
distribution of dynamic sensor noise, ensuring that the spatial
calibration burden is explicitly limited to the 288 physical
configurations.

3) Training Strategy: To systematically evaluate the frame-
work’s data efficiency and its capacity to bridge the sim-to-real
gap, a two-phase hybrid training protocol was applied. The
network is first pretrained on the simulated data corpus to
learn the underlying magnetic dipole physics. It is subsequently
fine-tuned on progressively larger subsets of the real-world data,
specifically 0%, 5%, 20%, 50%, and 100% of the 288 spatial
configurations. This protocol explicitly quantifies the minimal
real-world calibration configurations required to adapt the phys-
ically grounded prior to the intrinsic sensor noise characteristics
and static model-plant mismatches.

D. Evaluation Metrics

Localization performance is evaluated using pointwise posi-
tion and orientation errors. Let the ground-truth pose be repre-
sented by a position vector to € R* and an orientation unit vec-
tor vy € R?, where ||vy]||> = 1. The corresponding estimated
pose is denoted as tey and veg.

1) Position error (E,,s) measures the Euclidean distance
between the estimated and true positions

Epos = ||test - tgt||2 9

2) Orientation error (E,,;) measures the angular difference
in degrees between the estimated and true orientation
vectors

180

Eqi = arccos(Vest - Vgr) - — (10)

To ensure statistical consistency, all aggregated localization
performances across the datasets are exclusively reported as the
Mean = Standard Deviation (Std Dev) of these pointwise errors.

For the in vivo feasibility study, where point-to-point submil-
limeter ground truth is unavailable, two macroscopic metrics are
employed to evaluate structural integrity.

1) Track length: It evaluates the presence of high-frequency
spatial jitter by comparing the integrated length of the es-

timated trajectory against the known endoscopic insertion
depth.
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TABLE Il
PERFORMANCE BENCHMARK

Method Pos. Error (mm)  Ori. Error (°)  Latency (ms)
Literature Benchmarks (Reported values)

Guo et al. [22] 0.90 £+ 0.75 1.51 £+ 0.87 79.3
Su et al. [18] 1.87 £ 1.14 1.89 £+ 0.81 2.08
Xie et al. [11] 1.54 £ 1.03 224 + 1.84 0.90
Cai et al. [6] 0.80 £ 0.15 0.12 + 0.07 7.00
Internal Benchmarks (Our dataset)

Baseline (LM on Dipole) 1.72 £ 1.04 5.57 £ 1.60 36.0
Data-Driven ResNet (100%) 145 + 0.38 1.95 + 0.65 3.30
Ours (PIRNet-LUT) 1.01 £ 0.35 1.38 £ 0.51 375
Ours (PIRNet-in-the-Loop) 0.69 + 0.29 0.70 £+ 0.37 15.0

Literature benchmarks report values from the respective publications under heterogeneous
hardware configurations and are provided as contextual references. Internal benchmarks are
evaluated on the present dataset under identical conditions. Bold values denote the best results among
the compared methods for each metric.

2) Fréchet distance: It quantifies the geometric shape simi-
larity between two continuous trajectory curves to evalu-
ate structural consistency.

E. Implementation Details

The PIRNet was implemented using the PyTorch frame-
work. The PIRNet-LUT and PIRNet-in-the-Loop operational
paradigms, along with data processing, were executed in MAT-
LAB R2023a. The Python-based neural network inference was
called via MATLAB environment interfaces.

Neural network training was performed on a server configured
with an NVIDIA RTX 4090 GPU and an Intel Platinum 8368
CPU. To assess deployment feasibility under varying compu-
tational constraints, inference latency was benchmarked across
three hardware platforms: Platform A featuring an Intel Core
i7-12700 CPU and an NVIDIA GeForce GTX 1660Ti GPU;
Platform B featuring an Intel Core i5-7300HQ CPU and an
NVIDIA GeForce GTX 1050 GPU; and Platform C featuring
an AMD Ryzen 7 8845HS CPU utilizing CPU-only inference.

IV. RESULTS AND ANALYSIS

This section evaluates the proposed framework. The core per-
formance and architectural contributions of the PIRNet model
are analyzed, followed by a comparison of the operational
paradigms across hardware platforms and an investigation of
data efficiency. Dynamic tracking capabilities are then validated,
progressing from an in vitro baseline to an ex vivo signal prop-
agation study through biological tissue, and concluding with an
in vivo feasibility demonstration.

A. Core Performance and Ablation

The primary function of the PIRNet framework is to learn
a physically plausible residual correction bridging the gap be-
tween the idealized magnetic dipole model and real-world sensor
measurements. A visual representation of this process is pro-
vided in Fig. 4.

As detailed in Table II, the poses estimated via the PIRNet
paradigms demonstrate improved position and orientation accu-
racy compared to the uncorrected LM baseline. This indicates
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Fig. 4. Magnetic field correction visualization for a sample pose.

(a) Ideal field from the dipole model (Bgjm)- (b) Measured field from real
sensors (Byeal)- () PIRNet-corrected field (Beorr). (d) Error vector fields
comparing Byrea — Bsim (gray) and Byeg — Beorr (red, scaled by 2x for
visibility).

TABLE IlI
ABLATION STUDY OF PIRNET COMPONENTS

Model Configuration Position Error (mm)  Orientation Error (°)

Ours (Full PIRNet) 0.69 + 0.29 0.70 £+ 0.37
w/o Physics Branch 1.78 £ 0.89 1.95 £ 1.02
w/o Gated Fusion 1.65 + 0.75 1.82 + 0.93
w/o Ly.div 241 + 1.33 2.88 £ 1.57

Bold values denote the best results among the compared methods for each metric.

that the dual-branch architecture disentangles and models sys-
tematic model-plant mismatches and localized nonlinear sensor
distortions.

To evaluate the contributions of the architectural compo-
nents, ablation studies were conducted on the static test set.
As summarized in Table III, removing individual components
degrades localization performance. Notably, training without the
in-plane pseudodivergence regularization (w/o L,._giy) results in
the largest performance drop. This underscores that enforcing
a relaxed spatial constraint acts as a spatial low-pass filter,
preventing the network from fitting high-frequency sensor noise
and maintaining the physical plausibility of the learned residual
manifold.

B. Comparison of Operational Paradigms

PIRNet-LUT and PIRNet-in-the-Loop are compared in terms
of accuracy and computational latency across three hardware
platforms. The results, presented in Fig. 5 and detailed in
Table IV, indicate a hardware-dependent tradeoff, which is
further discussed in Section V-A.

C. Data Efficiency Analysis

To evaluate few-shot capabilities under identical con-
ditions, a comparative study was conducted using 288

Legend
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Fig. 5. Accuracy versus latency evaluated across three hardware
platforms.

TABLE IV
COMPUTATIONAL LATENCY BENCHMARK ON DIFFERENT PLATFORMS

Paradigm Platform Aver. Latency (ms) Real-Time?

Platform A 40.0
Platform B 84.0
Platform C 36.0

Yes ( 25 FPS)
Marginally ( 12 FPS)
Yes ( 28 FPS)

Baseline (LM)

Platform A 44.7
Platform B 85.0
Platform C 37.5

Yes ( 22 FPS)
Marginally ( 12 FPS)
Yes ( 27 FPS)

PIRNet-LUT

Platform A 15.0
Platform B 42.0
Platform C 150.0

Yes ( 67 FPS)
Yes ( 24 FPS)
No ( 7 FPS)

PIRNet-in-the-Loop

Bold values denote the best results among the compared methods for each metric.

real-world spatial configurations. A data-driven baseline (Data-
Driven ResNet) was implemented as a controlled ablation
of the physics-informed components. This baseline matches
the convolutional encoder capacity of PIRNet (identical layer
count, channel dimensions, and residual block structure) but
removes three physics-informed elements simultaneously: the
pose-dependent physics encoder branch, the simulation-based
pre-training phase, and the L.qy regularization. This design
isolates the aggregate contribution of all physics-informed com-
ponents under matched network capacity, providing a stricter
test than comparing against a weaker MLP architecture. Both
models were trained or fine-tuned using varying fractions of
the real-world dataset: 0%, 5% (14 configurations), 20%, 50%,
and 100%. To ensure a controlled comparison, both models
utilized the identical temporal resampling strategy of SO repeated
measurements per configuration across all data splits.

The learning curves in Fig. 6 characterize the convergence
behavior of position error [see Fig. 6(a)] and orientation error
[see Fig. 6(b)] relative to the calibration data volume. In the
low-data regime involving less than 5% of the configurations,
the data-driven ResNet baseline exhibits position errors exceed-
ing 4 mm and orientation errors exceeding 10°. This baseline
requires the full dataset of 288 configurations to reach a mean
position error of 1.45 mm. The PIRNet exhibits a different
convergence profile. At 0% real-world data, the model yields
a mean position error of 1.78 mm and a mean orientation error
of 5.85°, which are comparable to the analytical LM baseline
(1.72 mm/5.57°). This initial performance is attributed to the
analytical dipole prior, while the pretrained residual branch
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TABLE V
QUANTITATIVE ANALYSIS OF TRACKED TRAJECTORIES IN THE IN VIVO
EXPERIMENT

Method Track Len. (cm)  Fréchet Dist. (cm)

Endoscope Depth Marker (GT) 18.5 (Reference) -

Baseline (LM on Dipole) 20.3 1.54
Ours (PIRNet-LUT) 18.3 0.95
Ours (PIRNet-in-the-Loop) 19.0 0

G“nm [\
SV W

Real-world configurations for fine-tuning Real-world configurations for fine-tuning

(@) (b)
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Fig. 6. Data efficiency analysis under identical experimental condi-
tions. (a) Position error and (b) orientation error as functions of the
proportion of real-world calibration configurations. PIRNet (blue) con-
verges with minimal data, whereas the data-driven ResNet baseline
(red) requires the full dataset to approach comparable accuracy.

outputs corrections derived from simulated noise distributions.
As real-world configurations are introduced, the position error
decreases to 0.92 mm, and the orientation error decreases to
1.42° at a 20% data fraction (57 configurations). These results
indicate that the physics-informed architecture reaches the ac-
curacy threshold of the fully trained data-driven baseline using
less than one-fifth of the real-world calibration configurations
for both position and orientation metrics.

D. Dynamic Tracking Validation

Dynamic tracking performance was evaluated through in vitro
baseline tracking, an ex vivo signal propagation study through
biological tissue, and an in vivo feasibility demonstration.

1) In Vitro Baseline: Baseline dynamic tracking accuracy
was evaluated in an interference-free in vitro environment us-
ing the 10-mm magnet. As illustrated in Fig. 7, both PIRNet
paradigms follow the optical ground truth. The 2-D error analy-
sis (see Fig. 8) demonstrates that the proposed methods suppress
the spatial jitter present in the uncorrected LM baseline. A
preliminary static evaluation of the 3-mm miniaturized capsule
yielded a baseline position error of 1.64 + 0.97 mm, which
establishes the reference for subsequent low-SNR tests.

2) Ex Vivo Tissue Tracking: To evaluate the framework un-
der anatomical constraints, an ex vivo porcine tissue study
was conducted [see Fig. 9(a)]. Two porcine tissue blocks, each
30—40 mm thick, were positioned above the sensor array, and
the magnetic target was encapsulated within porcine hepatic
tissue. To isolate the electromagnetic influence of the biological
media, the experimental volume and sensor-to-target distances
were maintained consistent with the in vitro trials, with zero
mechanical contact between the encapsulated target and the
stationary tissue blocks.

As biological tissues possess a relative magnetic permeability
() approximately equal to unity, they do not induce measurable
attenuation or distortion of low-frequency magnetic fields. The
results, summarized in Fig. 9(b), confirm this physical princi-
ple. Quantitatively, the PIRNet-in-the-Loop paradigm yielded a
mean position error of 0.74 + 0.32 mm and an orientation error
of 0.76 4+ 0.41°. The PIRNet-LUT approach achieved 1.08 £

Note: In the absence of an independent ground truth, the Fréchet distance is computed against
the PIRNet-in-the-Loop trajectory as a pseudoreference for relative comparison.
Bold values denote the best results among the compared methods for each metric.

0.39 mm and 1.45 + 0.58°, while the baseline LM algorithm
yielded 1.85 £ 1.15 mm and 5.82 £ 1.74°.

The marginal increments in error (less than 0.1 mm) compared
to the in vitro results are attributed to stochastic sensor thermal
drift and minor variations in the robotic arm’s dynamic load
during tissue-encapsulated motion, rather than biological inter-
ference. The high consistency between the air and tissue experi-
ments provides quantitative evidence that the PIRNet framework
maintains its localization accuracy when propagating through
biological media, established by a reliable optical ground truth.

3) In Vivo Feasibility: A preliminary in vivo experiment was
conducted using a 2.2-kg New Zealand White Rabbit. The minia-
turized capsule was attached to an endoscope and withdrawn
from the stomach (see Fig. 10).

In the absence of a synchronized submillimeter ground truth
in this live setup, macroscopic trajectory consistency metrics
are utilized. Fig. 10(a) visualizes the tracked trajectories dur-
ing three repeated withdrawals. Table V reports Track Length
and Fréchet Distance. The uncorrected LM baseline exhibits
spatial jitter, overestimating the 18.5-cm reference length to
20.3 cm. The PIRNet paradigms output continuous trajectories
that more closely match the actual endoscopic insertion depth.
Since no independent submillimeter ground truth is available
in the live-animal setting, PIRNet-in-the-Loop is adopted as a
pseudo-reference for relative trajectory comparison. Under this
metric, the PIRNet-LUT approach yields a Fréchet Distance of
0.95 cm. These results suggest that the learned residual manifold
and L,,.qiv regularization suppress nonphysical spatial jitter un-
der in vivo conditions, supporting the potential for engineering
integration into closed-loop systems. Definitive accuracy quan-
tification awaits the availability of a synchronized radiological
ground-truth system such as biplane fluoroscopy.

E. Anti-Interference Compatibility

Performance under dynamic ferromagnetic interference was
evaluated following the protocol defined in Scenario 4. A down-
stream filtering architecture, comprising a linear blind source
separation module and an adaptive Kalman filter, was employed
to reject the induced distortions.

The quantitative comparisons during the active interference
interval are presented in Fig. 11. Utilizing the uncorrected LM
model without the downstream filter yielded a mean position
error of 3.41 + 2.78 mm and an orientation error of 15.51 +
6.66°. Integrating the LM model as the observation solver within
this filter resulted in a mean position error of 3.31 - 2.74 mm and
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Fig. 9. Quantitative ex vivo dynamic tracking performance through
porcine tissue. (a) Experimental setup. (b) 3-D trajectory comparison
highlighting the alignment of the proposed PIRNet methods with the
optical ground truth.

an orientation error of 9.41 + 4.65°. In contrast, the integrated
system utilizing the PIRNet-in-the-Loop paradigm maintained a
mean position error of 2.03 £ 1.44 mm and an orientation error
of 7.86 £ 3.49°.
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Fig. 10. In vivo animal study results. (a) 3-D tracked trajectories of
three repeated withdrawal motions of the mini-capsule. (b) Experimental
site. (c) Endoscope and miniaturized WCE. (d) Sequential endoscopic
video frames.
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Fig. 11. Position and orientation errors during dynamic tracking un-
der active scissor interference. The shaded region indicates the soft-
magnetic distortion interval. The curves compare the uncorrected LM
baseline (w/o Filter), the LM model integrated with the downstream filter
(LM + Filter), and the integrated PIRNet-in-the-Loop observation model
(PIRNEet + Filter).

Within the evaluated integrated pipeline, these outcomes in-
dicate that the PIRNet paradigm provides bounded residuals
that allow the downstream filter to isolate induced distortions,
supporting compatibility with industrial filtering architectures.
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Isolating the individual contribution of each pipeline stage re-
quires further controlled ablation.

V. DISCUSSION

The experimental results presented in Section IV support
the effectiveness of the PIRNet framework under the evaluated
conditions. This section analyzes the performance tradeoffs,
discusses implications for model generalization, and defines the
operational boundaries of the current study.

A. Performance Tradeoffs

The operational paradigms indicate hardware-dependent
tradeoffs between localization fidelity and computational la-
tency. Table II compares the PIRNet framework with contem-
porary literature and internal baselines.

The literature benchmarks in Table II are reproduced from
the respective publications and correspond to different sensor
array geometries, magnet specifications, and workspace ranges.
As aresult, a controlled head-to-head evaluation would require
reimplementing each system on identical hardware, which is
infeasible given the proprietary sensor configurations involved.
The cross-study values are, therefore, provided solely to contex-
tualize the performance envelope of the proposed framework,
rather than to establish strict superiority claims. The internal
benchmarks, evaluated on the present dataset under identical
conditions, constitute the primary basis for the conclusions
drawn in this study.

Within the contextual literature values summarized in Table I1,
the PIRNet-in-the-Loop paradigm operates in the submillimeter
accuracy range while maintaining real-time performance on
GPU-enabled platforms. While the MobilePosenet proposed by
Xie et al. demonstrates the minimum computational latency at
0.90 ms, the localization accuracy remains limited to 1.54 mm.
The PIRNet-in-the-Loop solver provides an alternative for appli-
cations requiring submillimeter precision. Furthermore, on GPU
platforms, the refined loss landscape of the PIRNet reduces the
iterations necessary for convergence, maintaining an execution
time of 15.0 ms. The PIRNet-LUT paradigm maintains real-time
performance on CPU-constrained devices by decoupling net-
work inference from the online optimization process. Compared
to the purely data-driven ResNet baseline, the physics-informed
paradigms demonstrate higher accuracy while utilizing a frac-
tion of the real-world configurations, which addresses the cali-
bration burden inherent in conventional end-to-end models.

B. Data Efficiency and Model Generalization

Integrating physical priors reduces the data dependence in-
herent in conventional deep learning architectures. The few-shot
analysis demonstrates that the PIRNet converges using less than
20% of the calibration dataset required by the purely data-driven
ResNet baseline. The analytical dipole model and the in-plane
pseudodivergence penalty function as inductive biases, sup-
pressing the fitting of unmodeled spatial noise. This reduction
in data requirements facilitates rapid system calibration.

The framework further demonstrates generalization capabil-
ity across varying magnet geometries. Validated on a standard

IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS

annular magnet and a miniaturized multimagnet capsule, the
PIRNet adapts to specific model-plant mismatches via sparse
fine-tuning without architectural modifications. This indicates
that the learned residual manifold applies to diverse magnetic
profiles utilized in medical robotic applications.

The current ablation study isolates the contributions of the
physics-informed components under a fixed convolutional back-
bone. Evaluation of alternative backbone architectures, such as
vision transformers or equivariant networks, constitutes an or-
thogonal research direction that may yield further improvements
and is reserved for future investigation.

C. Limitations and Future Work

The operational boundaries of the current study are defined
as follows.

First, the performance benchmarks reported against prior
literature in Table II are based on values reported in the re-
spective publications, as the heterogeneous sensor hardware
and magnet specifications across studies preclude a controlled
head-to-head evaluation on a shared dataset. Consequently, the
cross-study comparison serves as a contextual reference rather
than a controlled experimental benchmark. The development
of a community-wide standardized evaluation benchmark—
employing a shared sensor array geometry, magnet specifica-
tion, and reference dataset—would be valuable for enabling fair
cross-method comparisons in future work.

Second, the in-plane pseudodivergence regularization Lp.giv
constitutes a relaxed physical constraint rather than a strict
enforcement of Maxwell’s divergence-free condition. Alterna-
tive formulations, such as learning a magnetic vector potential
A and computing B =V x A, guarantee a divergence-free
field by construction. However, such approaches require vol-
umetric 3-D spatial information that is unavailable from a sin-
gle planar sensor array. The proposed penalty-based approach
trades strict physical enforcement for hardware compatibility,
and its empirical efficacy is supported by the ablation results
in Table III.

Third, training and testing were conducted on the same sen-
sor array platform within a controlled laboratory environment.
The robustness of the learned residual manifold under out-
of-distribution conditions remains unquantified along several
axes.

1) Cross-array generalization—transferring a trained model
to a sensor array with different grid spacing or sensor
model—has not been tested.

2) A systematic characterization of localization accuracy as
a function of sensor-to-target distance, which directly
governs the signal-to-noise ratio and defines the opera-
tional workspace boundaries, is absent.

3) Quantified temperature-sweep experiments spanning the
clinically relevant range of 20°C—40°C have not been
conducted to isolate thermal drift effects from other noise
sources.

These constitute prerequisites for clinical deployment and are
prioritized directions for future investigation. The development
of a community-wide standardized evaluation benchmark—
employing a shared sensor array geometry, magnet specification,
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and reference dataset—would further enable fair cross-method
comparisons. To facilitate reproducibility and future bench-
marking, the sensor array hardware schematics and the baseline
LM solver implementation are publicly available online.'

Fourth, the in vivo animal study lacks a synchronized sub-
millimeter radiological ground-truth system such as biplane
fluoroscopy. The in vivo evaluation is, therefore, restricted to
macroscopic trajectory consistency analysis and does not con-
stitute quantitative clinical validation.

Finally, extending this framework to the simultaneous track-
ing of multiple active hard-magnetic sources from a single pla-
nar array remains a mathematically underdetermined problem.
The superposition of multiple nonlinear dipole fields confounds
the residual manifold learned by the current architecture, ne-
cessitating future research into permutation-invariant network
structures or temporal source-decoupling strategies.

VI. CONCLUSION

This study addressed the model-plant mismatch in mag-
netic localization for wireless capsule endoscopy through a
physics-informed deep learning framework based on the PIRNet
architecture. Two operational paradigms are formulated and
evaluated: the real-time PIRNet-LUT approach and the differ-
entiable PIRNet-in-the-Loop solver.

Experiments indicated that the framework yields a position
error of 0.69 mm and adapts to different magnet geometries.
By integrating physical priors, the framework reduced the
dependence on real-world training data, requiring less than
one-fifth of the configurations necessary for purely data-driven
baselines.

System feasibility was evaluated through a progressive pro-
tocol. An ex vivo signal propagation study through biological
tissue provided quantitative evidence that tracking accuracy is
maintained through biological media, compatibility tests under
dynamic ferromagnetic interference supported integration with
downstream filtering pipelines, and a preliminary in vivo animal
study supported the qualitative applicability of the framework
in a living-subject setting.
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