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Abstract
Fine-grained inspection of ferrous structures, such as steel rebars
and iron pipes, is essential for ensuring structural health/integrity.
However, existing non-destructive imaging techniques often suffer
from coarse spatial resolution, high operational costs, and limited
mobility support, hence severely restricting their practical deploy-
ment. For example, ground-penetrating radar (GPR), constrained by
its operating wavelength, cannot resolve sub-centimeter features
or recover fine contours of embedded ferrous structures.

We present MagLens, a mobile and cost-effective imaging system
for inspecting ferrous structures, such as rebars, metal studs, and
iron pipes. Leveraging high-sensitivity commercial-off-the-shelf
(COTS) magnetometers, MagLens introduces two key designs: (1) a
novel synthetic aperture of magnetic sensors (SAMS) that combines
a compact hardware, a rotation-based scanning module to enhance
spatial coverage and an optional pre-magnetization module for
extending the sensing range; and (2) a physics-informed neural
imaging pipeline trained on synthetic data, enabling robust contour
reconstruction and depth estimation with minimal effort. By captur-
ing precise cross-sectional contour variations, MagLens can achieve
corrosion assessment. We evaluate MagLens in diverse real-world
settings using rebars as a representative structural material, achiev-
ing high-fidelity imaging that captures fine-grained geometries,
e.g., bending, intersecting, and parallel layouts. MagLens’ efficacy
is also tested on iron pipes, metal studs, and irregular objects, e.g.,
garden shears, not seen during the training phase. Results show
that MagLens achieves contour reconstruction errors within 1mm
and depth estimation errors below 0.5 cm.
∗Dongyao Chen is the corresponding author.
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Figure 1: (a) illustrates the mobile form factor of MagLens for
imaging embedded ferrous structures; (b) and (c) show recon-
struction of diverse geometries and condition assessment.
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1 Introduction
Ferrous materials such as iron and steel are foundational to modern
infrastructure [29, 83]. In buildings, steel rebars provide tensile re-
inforcement for concrete, galvanized metal studs support wall fram-
ing, and iron pipelines transport water, gas, and industrial chemicals.
The long-term integrity of these concealed components is critical, as
their degradation can compromise structural integrity and leads to
catastrophic failures. For example, the collapse of a Surfside, Florida
condominium, which resulted in 98 deaths, was attributed to pro-
longed corrosion of rebars [14]. Corrosion or cracking in pipelines
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can damage surrounding structural elements and compromise over-
all building safety [33, 47]. To mitigate such risks, recent US and EU
regulations mandate recurring structural inspections [11, 12, 26],
making fine-grained inspection essential for determining precise
spatial attributes (e.g., depth, geometry) and assessing the condition
(e.g., corrosion levels) of ferrous structures, enabling early detection
of degradation and preventing catastrophic failures.

However, fine-grained inspection of ferrous structures remains
challenging. Destructive methods, such as drilling and electrochem-
ical corrosion tests [80], require invasive access, substantial labor,
and structural compromise. For example, for drilling concrete, the
noise level of rotary hammer and core drills can easily exceed
110 dB [24]. This destructive process also incurs extensive time
and labor costs. Non-destructive techniques also suffer key limita-
tions. Ultrasonic approaches suffer from severe signal attenuation
and scattering in heterogeneous media such as concrete [52, 69].
Ground-penetrating radar (GPR) offers coarse spatial resolution
due to long wavelengths [5]. Millimeter-wave imaging [50, 51, 91]
exhibits poor penetration in concrete [82, 95], with signal attenua-
tion exceeding 10 dB/cm [62]. While IR-UWB radar systems [49, 95]
improve penetration, they produce coarse confidence maps, lacking
the spatial resolution to recover geometric details such as rebar di-
ameter. Infrared thermography is highly sensitive to surface texture
and environmental temperature variations [65, 86]. Electromagnetic
detectors (e.g., rebar locators) are low-cost and portable but can
only indicate target presence, without reconstructing fine-grained
geometry or assessing material degradation such as corrosion.

Compared to conventional sensing modalities, magnetic fields
can penetrate non-magnetic materials such as concrete and are ro-
bust to environmental interference such as water and mud [87, 88].
Ferrous structures exhibit remanent magnetization induced during
manufacturing, which persists over time (Sec. 2.2.2). By capturing
these magnetic fields, sensors such as Hall-effect magnetometers
enable visualization of magnetic fields and inference of object geom-
etry [39, 67, 84]. However, existing magnetic sensing systems suffer
from short sensing range, prohibitive hardware complexity, and lim-
ited geometric reconstruction capability. For example, most systems
rely on static 2D sensor arrays that require extremely close proxim-
ity to the target (< 5mm [67]), thus impractical for mobile scanning
applications. They also demand dense, high-resolution magnetome-
ter arrays, with hardware costs exceeding $50,000 [25], limiting
their practicality and affordability. Commercial solutions [21, 28]
employ proprietary hardware to detect magnetic field anomalies
for diagnosing structural degradation (e.g., rebar corrosion) but still
rely on external tools for precise detection (i.e., position/depth) and
lack fine-grained geometric reconstruction.

We present MagLens, a novel mobile imaging system that enables
high-resolution reconstruction of embedded ferrous structures us-
ing low-cost, off-the-shelf magnetometers. To address the limited
sensing range and coarse imaging resolution of existing magnetic
sensing systems, MagLens incorporates two key designs: (1) Syn-
thetic aperture of magnetic sensors (SAMS), which combines a
compact and cost-efficient hardware design, a rotation-based scan-
ning mechanism and an optional pre-magnetization module. This
design supports mobile deployment and achieves high spatial cov-
erage with a minimal number of sensors. (2) Physics-informed
neural imaging pipeline, which reconstructs both the geometric

contour and cover depth of ferrous structures from raw magnetic
field measurements. This joint reconstruction recovers critical struc-
tural attributes of ferrous objects, including fine-grained shapes,
spatial position, and material degradation such as corrosion.

Synthetic aperture of magnetic sensors. To enable high-
resolution imaging of ferrous structures in a compact form fac-
tor, MagLens addresses two main challenges. First, conventional
2D arrays are costly and impractical for mobile deployment. Sec-
ond, magnetic signals from ferrous structures are inherently weak.
For example, metal studs produce field strengths below 10 𝜇T at
a 5 cm distance (Sec. 4.1). To overcome these limitations, MagLens
adopts a motion-enabled virtual aperture design that integrates
high-sensitivity magnetometers. As shown in Fig. 1(a), MagLens
employs nine COTS inductive magnetometers (PNI RM3100 [7])
arranged in a compact linear layout (21.4 cm × 1.8 cm) at a cost
< $150. Compared to Hall-effect sensors, RM3100 offers 23× higher
resolution [7], enabling reliable detection of weak magnetic fields.
To achieve fine-grained spatial resolution, we introduce a rota-
tional scanning scheme tailored for magnetic sensing, inspired
by the synthetic aperture concept [73]. Specifically, the sensor ar-
ray is mounted on a motorized platform to collect multi-angle
magnetic data around the target. MagLens also contains an op-
tional pre-magnetization module that magnetizes the target before
scanning, amplifying weak residual fields and thus extending the
sensing range further. Combined with our robust imaging pipeline,
MagLens accurately inspects ferrous structures at 11 cm cover depth
(Sec. 7.3.1), which is sufficient for real-world walls [9, 10].

Physics-informedneural imaging pipeline.Accurately imag-
ing ferrous structures from raw magnetic readings presents three
key challenges. First, collecting large-scale real-world data is im-
practical due to high operational cost and limited accessibility of
embedded structures. Second, magnetic patterns vary with object
geometry, depth, and orientation, requiring a model that gener-
alizes across diverse scenarios. Third, the measured field reflects
the combined effects of geometry (e.g., bending, cross-section loss)
and magnetization state (e.g., different ferrous materials, rema-
nence magnitude/direction), introducing ambiguity that hinders
the reconstruction performance. To address these issues, MagLens
presents a neural imaging pipeline that reconstructs key object
attributes, including geometry and spatial position. For scalable
training, we propose a physics-inspired, voxelized magnet model-
ing framework that approximates a ferrous object as an array of
aligned passive magnets, enabling efficient synthesis across diverse
geometries and spatial configurations consistent with structural
codes [10, 16]. To mitigate geometry–magnetization ambiguity, we
randomize remanence magnitude and direction during synthesis on
fixed geometry (Sec. 5.2). We then apply normalization to suppress
amplitude/offset variations and preserve geometry-relevant pat-
terns. The imaging network adopts a transformer-enhanced Swin-
UNet [40] that jointly predicts a contour mask and a scalar cover
depth. Requiring only 2.6% of real data for fine-tuning, MagLens
delivers high-fidelity contour reconstruction with depth estima-
tion error below 0.5 cm (Sec. 7.6). Leveraging the diverse synthetic
dataset and high-fidelity reconstructions, MagLens can also infer
material degradation severity, such as rebar corrosion (Sec. 7.5).

We evaluate MagLens across diverse scenarios, covering repre-
sentative ferrous building components including rebars, metal studs,
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(a) Ultrasonic testing (b) Ground-penetrating radar (c) Infrared thermography 

(e) Magnetic field camera (f) Magnetic viewing film(d) Electromagnetic detector

Figure 2: Non-destructive inspection techniques [15, 20, 22,
27] and magnetic visualization tools [17, 19].

Figure 3: Magnetic field visualization using viewing film. The
magnet contour disappears beyond 3 cm, and ferrous struc-
tures remain invisible even at 0 cm.

and iron pipes. We assess MagLens’ ability to reconstruct rebar con-
tours under varying distances, orientations, spatial positions, and
structural layouts such as bent segments and multi-rebar configura-
tions. By leveraging the reconstructed contours, one can estimate
material loss from contour deformation and cross-sectional nar-
rowing [56], thus enabling corrosion inference. Our experiment
on a custom-built wall shows that MagLens can merge multiple
scans into a global reconstruction, demonstrating the mobility and
usability of the handheld form factor (Fig. 1(a)). We also evaluate
imaging stability under varying magnetization states and assess
generalization to ferrous objects not seen during the training phase.
We further demonstrate the efficacy of our physics-informed syn-
thesis, resilience to in-wall EMI interference [68, 90], and contour
reconstruction of rebars in real walls. We also analyze the power
consumption and the inference latency. Together, these results
prove MagLens’ unique advantage in mobility, accuracy, and practi-
cality for ferrous structure inspection.

In summary, this paper makes the following contributions:
• A synthetic aperture-based scanningmechanism that enables
high-fidelity magnetic field acquisition using a compact and
cost-efficient magnetometer array;

• A physics-informed imaging pipeline trained on synthesized
magnetic field data;

• Extensive real-world evaluations across diverse ferrous struc-
tures and deployment scenarios.

2 Background and Motivation
2.1 Ferrous Structure Inspection
After the Surfside collapse, the FloridaMilestone Inspection Law [12]
and NYC Local Law 11 [26] mandated recurring inspections of build-
ings, façades, and exposed steel. Of these inspections, the health of
ferrous structures is of paramount importance because (1) steel is
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Figure 4: Distribution of real-world rebar cover depths.

fundamental to the structural integrity, and (2) if neglected, anom-
alies such as bending or corrosion propagate rapidly and compro-
mise safety. The risks are further amplified in harsh environments,
such as coastal regions, where chloride ingress andmoisture acceler-
ate corrosion and structural deterioration [31]. Therefore, accurate
inspection of the position, layout, and degradation of ferrous struc-
tures is essential for failure prevention.

Existing inspection techniques are divided into two categories:
destructive and non-destructive methods. Destructive approaches,
such as core drilling and electrochemical tests [53, 61, 64, 66], re-
quire direct access to internal ferrous components. This exposure
enables direct measurement of corrosion potential, cross-sectional
loss, and other structural damage indicators. However, these meth-
ods are labor-intensive and compromise the structural integrity.
Non-destructive techniques include ultrasonic testing, GPR, in-
frared thermography, and electromagnetic detectors (Figs. 2(a)–(d)).
Ultrasonic methods assess material continuity and detect delamina-
tion, but require direct contact and are sensitive to surface condi-
tions. GPR enables subsurface sensing by analyzing reflected elec-
tromagnetic waves. However, its long wavelength limits resolution,
causing objects smaller than 2 inches (5 cm) to appear as indistinct
“dots” [5, 76]. Infrared thermography reveals surface temperature
variations but is limited to shallow anomalies and sensitive to envi-
ronmental conditions. Electromagnetic detectors, such as handheld
rebar locators, infer the presence and depth of metallic objects from
magnetic permeability. However, their accuracy is constrained by
environmental interference, with diameter deviations up to 19mm
and cover depth errors of 14–31% [79].

2.2 Primer of Magnetic Sensing
2.2.1 Magnetic visualization techniques. Magnetic visualization
methods leverage the field perturbations induced by ferrous objects
and can be categorized into active sensor arrays [67, 84] and passive
magnetic viewing films [4]. Sensor arrays provide high-resolution
field mapping but require dense, static deployment and millimeter-
level proximity to the target (Fig. 2(e)), making them impractical for
mobile inspections. Magnetic viewing films offer a low-cost visual
alternative (Fig. 2(f)) but suffer from short sensing ranges and coarse
resolution. To illustrate these limitations, we usedmagnetic viewing
film to visualize the field of a 40mm cylindrical magnet at varying
distances. As shown in Figs. 3(b)–(d), the magnet’s field is clearly
visible at direct contact (i.e., 0 cm), becomes faint at 3mm, and
disappears entirely beyond 30mm, despite the magnetic field at that
distance exceeding 7,200 𝜇T. In comparison, ferrous structures such
as rebars generate fields of only 25 𝜇T at the same distance (Sec. 4.1).
Furthermore, real-world ferrous structures are typically embedded
much deeper. According to the American Concrete Institute (ACI),
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Figure 5: System overview of MagLens.

concrete cover depths for rebars typically range from 2 to 7 cm [10].
We also surveyed 30 structural sites (e.g., walls, staircases, columns)
using a rebar locator. As shown in Fig. 4, 22 of the 30 rebars are
embedded deeper than 2 cm beneath the surface, which exceeds
the effective range of existing magnetic visualization methods.

2.2.2 Ferromagnetism in structural materials. Ferrous materials
consist of microscopic magnetic domains that align under an ex-
ternal magnetic field [2, 23]. Due to hysteresis [46], this alignment
partially persists after field removal. In practice, manufacturing
processes such as quenching, forging, and cutting expose ferrous
structures (e.g., rebars) to strong magnetic fields, resulting in resid-
ual magnetization [54]. This remanence is stable because concrete
is non-magnetic and building environments contain no strong static
perturbations [35]. According to [46], ferrous materials would be
demagnetized after passing their Curie temperature — 770 ◦C for
iron alloy. However, the remanent fields are orders of magnitude
weaker than those of magnets. As demonstrated in Figs. 3(f)–(h),
magnetic viewing film fails to reveal discernible contours even at
direct contact. As we will elaborate in Sec. 4.1, the magnetic field of
a metal stud drops below 10 𝜇T at a distance of 5 cm. To detect such
weak signatures, prior solutions such as iCAMM [21] and IGS [28]
employ high-sensitivity sensors to capture field distributions for
structural anomaly detection within a range of up to 10 cm. How-
ever, iCAMM falls short in the localization capability, thus requiring
a rebar locator to determine position and depth prior to the scan-
ning procedure [75]. IGS system is confined to rebar deterioration
diagnosis and cannot inspect other ferrous structures, limiting its
applicability to broader inspection tasks. Both systems produce only
vague magnetic anomaly heatmaps without fine-grained geometric
attributes (e.g., contour, diameter). Thus, we ask a key question: Can
we achieve fine-grained inspection of key factors including contour,
depth, and material condition (e.g., corrosion) of ferrous structures
using a low-cost, mobile sensing system?

3 Overview of MagLens
MagLens aims to provide fine-grained imaging of ferrous objects
for detecting geometric features and structural deterioration (e.g.,
corrosion). Unlike prior methods that output field maps or coarse
indications, MagLens reconstructs object contours and cover depth
via a lightweight neural-network-based inverse mapping. It offers
three key capabilities over existing methods: (1) detection of weak
magnetic signatures at practical concrete cover depths (i.e., several
centimeters beneath the concrete surface [10]); (2) collection of spa-
tially dense measurements via a portable hardware design; and (3)

reconstruction of key structural attributes, including contours and
depths, with a lightweight, learning-based imaging pipeline. Fig. 5
presents an overview of MagLens. The hardware (Sec. 4) integrates
a high-sensitivity sensor array, a rotational scanning mechanism,
and an optional pre-magnetization module. The imaging pipeline
(Sec. 5) comprises magnetic data synthesis, configurable dataset
generation, and neural network modeling.

4 Synthetic Aperture of Magnetic Sensors
4.1 High-sensitivity Sensor Array
Prior magnetic sensing systems [42, 44, 45] often employ low-cost
Hall-effect sensors. However, their limited sensitivity, thermal drift,
and inherent bias [89] hinder reliable detection of weak magnetic
signatures. To address these limitations, MagLens uses the magneto-
inductive RM3100 (Fig. 6(a)). Fig. 7(a) compares static readings from
RM3100 and a Hall-effect sensor (MLX90393 [13]) under identical
settings. The (mean, STD) of RM3100 and MLX90393 are (39.08 𝜇T,
0.06 𝜇T) and (61.21 𝜇T, 1.21 𝜇T). The offset and higher noise level in
MLX90393 indicate the intrinsic bias and lower stability of COTS
Hall-effect sensors. In contrast, RM3100 delivers bias-free measure-
ments across sensors, as its magneto-inductive principle eliminates
static offsets by measuring changes in magnetic flux.

To assess the magnetic field strength of real-world ferrous struc-
tures, we measured three common building components without
external magnetization using a single RM3100 sensor: a steel rebar, a
metal stud, and a cast iron pipe (Fig. 3(e)). Each object was centered
beneath the sensor, and static magnetic field readings were collected
at distances ranging from 1 cm to 11 cm. The object-induced field
was computed by subtracting the background geomagnetic field
measured under identical conditions without the object. As shown
in Fig. 7(b), all three objects exhibit weak magnetic signatures that
decay rapidly with distance. For example, the field from the metal
stud drops below 10 𝜇T at 5 cm, which is significantly lower than
the geomagnetic field measured at the site (i.e., 39 𝜇T). These results
confirm that ferrous structures generate weak magnetic fields at
practical sensing distances.

After sensor selection, we co-design the array geometry and
sampling density to reliably capture weak remanence under a com-
pact form factor. Existing dense 2D grids incur increased hardware
complexity, high power consumption, and reduced mobility. In
contrast, MagLens adopts a lightweight linear array to minimize
system overhead. As shown in Fig. 6(a), our prototype comprises
nine RM3100 sensors with 2 cm spacing, which accommodates the
RM3100 packaging while preserving sufficient aperture length for
coverage. Combined with rotational scanning (Sec. 4.2), this co-
design achieves high angular sampling density and broad spatial
coverage without requiring a large number of sensors.

4.2 Rotational Scanning Mechanism
To enable wide-area magnetic field acquisition with minimal hard-
ware, MagLens employs a rotational scanning mechanism inspired
by SAR [73]. Unlike SAR, MagLens measures static remanent fields
and does not use phase-coherent reconstruction. Compared to con-
ventional linear scanning, rotation ensures uniform and repeatable
spatial sampling, mitigating motion-induced errors such as speed
variation and angular drift. It also extends sensing coverage without
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Figure 6: Hardware design of MagLens. The mobile form factor only weighs 922.4 g, enhancing MagLens’ portability.
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Figure 7: Raw data of magnetometers.

requiring additional sensors. As illustrated in Fig. 8(a), rotating the
sensor array along a 16 cm radius covers 804 cm2 (𝜋 · 162), com-
pared to 512 cm2 for a 32 cm linear path. This corresponds to a
1.57× improvement in spatial coverage at equal hardware cost.

4.2.1 High-precision rotational control. MagLens employs a high-
precision rotational mechanism driven by a stepper motor (Fig. 6(b)).
The motor provides sub-degree angular steps with closed-loop feed-
back, ensuring precise and uniform rotation. The system allows
configurable rotation speeds, with a default setting of 10◦/s. A mod-
ular 3D-printed fixture rigidly couples the sensor array to the mo-
tor shaft while preserving portability and mechanical stability. As
shown in Fig. 6(b), the fixture integrates a tripod base for struc-
tural support, an alignment bracket for sensor array centering, and
stackable spacer blocks to adjust sensing distance. The fully assem-
bled platform, i.e., Fig. 6(c), is compact and lightweight, measuring
19.8 cm in radius and 19.4 cm in height, enabling rapid deployment.

4.2.2 Data interpolation. Rotational scanning improves spatial cov-
erage but introduces two key challenges. First, sensors at different
radii have varying linear velocities, resulting in non-uniform sample
spacing. Second, measurements are confined to discrete rings, leav-
ing gaps between adjacent sensing paths (Fig. 8(b)). To address both
issues, MagLens employs a lightweight interpolation module that
reconstructs a dense and uniform magnetic field map from sparse
measurements. Specifically, MagLens applies nearest-neighbor in-
terpolation [85] to estimate values at unmeasured locations. As
shown in Fig. 8(c), rotational samples are interpolated onto a uni-
form grid, producing a continuous field representation.

4.2.3 Rotation compensation. Preserving the correct orientation
of magnetic vectors after interpolation is critical for spatial consis-
tency. The array is mounted with the 𝑧-axis perpendicular to the
rotation plane and the 𝑥-𝑦 axes aligned with the plane (Fig. 6(c)).
We denote the tri-axial magnetic field measured by the array as
B = [𝐵𝑥 , 𝐵𝑦, 𝐵𝑧]. This setup ensures that 𝐵𝑧 remains invariant to
sensor rotation. However, the in-plane components (𝐵𝑥 , 𝐵𝑦 ) rotate

(a) Scanning trajectories

(c) Interpolated field map (d) Compensated field map

(b) Raw measurements (x-axis)

Figure 8: Scanning patterns and rotation compensation.

Figure 9: Pre-magnetization for long-range imaging.

with the array, introducing angle-dependent distortions even in
static fields. As shown in Fig. 8(c), the interpolated 𝐵𝑥 map exhibits
periodic artifacts that obscure the object’s geometry. To correct for
these distortions, MagLens performs real-time rotation compensa-
tion. During scanning, the array rotates clockwise with angular
velocity𝜔 . The instantaneous rotation angle is computed as 𝜃 = 𝜔𝑡 ,
where 𝑡 denotes the elapsed time since the scan began. Each in-
plane magnetic vector (𝐵𝑥 , 𝐵𝑦) is then transformed into the global
coordinate frame aligned with the array’s initial orientation (i.e.,
0◦) as shown in Fig. 6(c)), using:

𝐵′𝑥 = 𝐵𝑥 cos𝜃 + 𝐵𝑦 sin𝜃,
𝐵′𝑦 = −𝐵𝑥 sin𝜃 + 𝐵𝑦 cos𝜃 .

(1)

This transformation eliminates orientation-induced fluctuations.
As shown in Fig. 8(d), the compensated 𝐵𝑥 field map reveals distinct
object-specific patterns of the rebar.

4.3 Optional Pre-magnetization Module
MagLens’ hardware design enables high-fidelity magnetic field ac-
quisition at typical cover depths (e.g., 5 cm). However, at longer
ranges, the cubic decay of magnetic field severely weakens the
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Figure 10: Field patterns under different magnet placements.

signal. Fig. 9(b) shows that a scan at 11 cm produces weak mea-
surements and incomplete contour reconstruction. To extend the
effective sensing range without increasing hardware complexity,
MagLens introduces an optional pre-magnetization step as shown in
Fig. 9(a). Before the scanning procedure, the user can briefly posi-
tion a passive magnet above the target (typically for 1–2 s) to induce
magnetization. In real deployments, this is typically performed by
placing the magnet directly against the wall surface, which remains
effective since concrete is non-ferromagnetic (Sec. 7.9). Our proto-
type employs a 5×5×3 cm3 N52-grade cubic magnet, with its N/S
poles oriented toward the ferrous target to maximize magnetization.
As shown in Fig. 9(b), this short exposure enhances field intensity
and contour reconstruction performance even at 11 cm.

The induced field pattern depends on the magnet’s orientation
and placement, even for the same target. We magnetize the same
rebar at three locations (left/middle/right) at a height of 11 cm
and measure the tri-axial magnetic field. As shown in Fig. 10, pre-
magnetization at all three positions is effective. However, the result-
ing patterns vary with magnet placement, posing a challenge for
consistent imaging. To decouple geometry from magnetization, we
introduce a physics-informed data synthesis that simulates diverse
magnetization parameters on fixed geometry (Sec. 5.2).

5 Physics-informed Imaging Pipeline
5.1 Magnetic Data Synthesis
5.1.1 Physics-informed data synthesis. Collecting large-scale mag-
netic field measurements is costly, labor-intensive, and difficult
to scale across diverse conditions. To address these difficulties,
MagLens generates labeled training data by simulating the mag-
netic fields induced by ferrous structures, which exhibit spatial pat-
terns characteristic of magnetic dipoles [63]. While finite element
analysis (FEA) [94] can model such patterns, it is computationally
expensive and requires expert parameter tuning, making it imprac-
tical for large-scale data synthesis. Instead, MagLens employs an
efficient permanent magnet–based approximation that preserves
key physical properties while reducing computational cost.

5.1.2 Voxelized magnet modeling. A common simplification is to
model a ferrous structure as a single magnet, e.g., a rebar as a cylin-
drical magnet or an iron pipe as a ring dipole using simulation tools
such as Magpylib [78]. However, this approach produces oversim-
plified field patterns. As shown in Fig. 11(b), a cylindrical magnet
generates end-concentrated fields with a sharp drop in the cen-
ter. In contrast, measurements from real rebars (Fig. 11(a)) reveal

Figure 11: Magnetic field distributions of a rebar.

smooth and continuous distributions along the entire length. These
discrepancies indicate that the single-magnet approximation fails to
capture the spatial characteristics of real-world ferrous structures.

To bridge this gap, MagLens adopts a voxelized magnet model,
which decomposes each ferrous object into a series of discretized,
magnetized segments, implemented using Magpylib and standard
discretization in field computation [60]. This design is physically
motivated by the internal structure of ferrous materials, which
consists of numerous locally magnetized domains [23]. By mod-
eling each voxel as an independent magnetic dipole with appro-
priate strength and orientation, the aggregated field accurately
captures the spatially distributed behavior of ferrous objects. To
reflect the smooth field distributions observed in real measurements
(Fig. 11(a)), MagLens applies a spatially weighted voxel magnetiza-
tion scheme following a Gaussian profile:

𝑀 (𝑖) = 𝑀0 · exp
(
− (𝑖 − 𝑁 /2)2

2𝜎2

)
, (2)

where𝑀0 denotes the peak magnetization at the object center, 𝑁
is the total number of voxels, 𝑖 is the voxel index, and 𝜎 controls
the spread of the magnetization. With voxel modeling, the model
produces magnetic field patterns that closely match experimental
observations, as shown in Fig. 11(c).

5.1.3 Automated data synthesis. To enable scalable data generation,
MagLens implements an automated pipeline that synthesizes triax-
ial magnetic fields directly from 3D object geometries. As shown in
Fig. 12(a), the pipeline only requires basic size parameters as input.
Note that these parameters are easy to obtain via measurement or
3D reconstruction methods such as photogrammetry [59]. Given
the input, the pipeline voxelizes the geometry (Fig. 12(b)) and then
simulates the magnetic fields. As shown in Fig. 12(c), the synthe-
sized maps exhibit consistent alignment with real measurements.

5.2 Configurable Dataset Generation
MagLens constructs a scalable dataset comprising diverse synthetic
samples, a small real-world subset, and dual labels for contour
and depth. The overall composition is summarized in Table 1. The
synthetic set includes single-object samples (rebar, iron pipe, metal
stud) to ensure type diversity, and multi-object layouts capturing
practical rebar assemblies. To mitigate domain shift, we fine-tune
on 720 real rebar samples, a scale consistent with prior studies
showing that 1–3% labeled target data is sufficient for effective
adaptation [43, 71], as demonstrated in Sec. 7.6.
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Figure 12: Synthesis pipeline for ferrous structures.
Table 1: Dataset composition of MagLens.

Subset Configuration Samples

Synthesized (single-object) 64 × 12 × 3 × 3 × 3 20,736 (76.0%)
Synthesized (multi-object) 18 × 12 × 3 × 3 × 3 5,832 (21.4%)

Real-world 10 × 12 × 6 720 (2.6%)

Total – 27,288

Table 2: Object geometry configurations.
Object type (Geometry) Parameter values (Unit: mm) Instances

Rebar (Straight) Diameter:{6, 12, 18, 24}; Length:{100, 200, 300, 400} 16
Rebar (Bent) Diameter:{6, 12, 18}; Length:{100, 300}; Angle:{45°, 90°} 12

Iron pipe (Straight/Elbow) Outer diameter:{30, 60, 90, 120}; Wall thickness:{2, 8} 16
Metal stud (C-shaped) Web:{30, 50, 70, 90, 110}; Flange:{10, 20, 30, 40}; Length:150 20

Total – 64

5.2.1 Variation factors. We synthesize 26,568 samples by system-
atically varying object geometry, sensing distance, magnetization,
multi-object layout, and placement.
Object geometry. We model three representative ferrous objects:
cylindrical rebars, hollow iron pipes, and C-shaped metal studs.
Each type spans realistic structural dimensions observed in built
environments. To further diversify field patterns, we include bent
rebars and elbow pipes with 45◦ and 90◦ angles. As summarized in
Table 2, this design yields 64 object geometries.
Sensor-target distance. We vary sensing distance from 10mm
to 120mm in 10mm increments, covering 12 levels. This range
is consistent with typical cover depths (i.e., 2–7 cm in [10]) and
the effective sensing range (up to 10 cm) of existing inspection
systems [21, 28]. Such a design enables the model to learn distance-
aware features and maintain robustness across different depths.
Magnetization configuration. To decouple the geometric pat-
tern from magnetization state, for each object, we sample three
magnetization orientations along the 3D axes (𝑥 , 𝑦, 𝑧), which helps
capture alignment uncertainty. We also set magnitudes to three
levels to emulate variations in strength (e.g., due to different ferrous
materials). This configuration enables consistent reconstruction
across different magnetization states (Sec. 7.4).
Multi-object layout. Structural codes [10, 16] specify that residen-
tial walls use either a single rebar mesh or twomeshes near opposite
faces, with typical inter-layer spacing of 80–120mm. Within each
layer, rebars are arranged in parallel or orthogonal patterns with
50–150mm spacing [8]. Based on these standards, we design 18
representative layouts covering single- and double-layer meshes
with aligned and orthogonal combinations, enabling the model to
disentangle contours in densely reinforced environments (Sec. 7.9).
Object placement. By default, the target is placed horizontally
with its geometric center aligned to the rotation center (Fig. 6(c)).
To simulate realistic misalignment, we additionally shift the target

Figure 13: The imaging architecture of MagLens.

within the scanning plane: a 5 cm displacement along the 𝑥-axis
and another along the 𝑦-axis.

5.2.2 Real-data integration. To bridge the domain gap between
simulated and real-world data (Fig. 12(c)), MagLens incorporates
a small real-world subset. It comprises measurements from ten
HRB400-grade rebars of varying diameters and lengths, collected
under the controlled setup in Fig. 14(a) with known geometry and
distance. Each specimen is scanned across 12 sensing distances and
six magnetization configurations, producing 720 samples in total.

5.2.3 Label design. Each sample is annotated with two labels: (i) a
pixel-level binary contour mask (1 for object region, 0 otherwise)
representing the object’s footprint on the 𝑥𝑦-plane, and (ii) a scalar
indicating the vertical distance between the sensor and the object.
Distance-aware contour scaling. Using a fixed contour mask
across all sensing distances neglects the depth-dependent variation
in the magnetic field distribution. For example, scanning a rebar at
1 cm and 5 cm yields the same ground-truth contour, providing no
depth-specific supervision and hindering the learning of distance-
aware features. To address this, MagLens scales the contour mask
with sensing distance, modestly enlarging it at greater depths to
reflect weaker, more diffuse fields. Specifically, we adopt a logarith-
mic scaling function rather than a linear one to avoid excessive
expansion for elongated objects (e.g., rebars) at far ranges. Given a
reference distance 𝑑0, the scaling factor for distance 𝑑 is:

𝑠 =
log(𝑑 + 𝑘)
log(𝑑0 + 𝑘)

, (3)

where 𝑘 is a smoothing constant that stabilizes the scaling function
at short ranges. During inference, the predicted depth is used to
rescale the mask to its true spatial size.

5.3 Neural Network Modeling
MagLens employs a CNN–Transformer architecture with dual out-
puts to jointly predict the contour and depth of ferrous structures.
The model follows a U-shaped encoder–decoder design with a Swin
Transformer [40] bottleneck and two task-specific output heads
(Fig. 13). We normalize each sample’s field pattern to eliminate
amplitude scaling and offset. The input is a 256×256×3 field map
comprising 𝐵𝑥 , 𝐵𝑦 , and 𝐵𝑧 channels. The encoder extracts low-level
features via two 3 × 3 convolutional layers, interleaved with two
2× 2 max-pooling layers. The Swin Transformer bottleneck applies
windowed self-attention over the 64 × 64 feature map to capture
long-range spatial dependencies. The decoder upsamples features
through two transposed convolution layers and concatenates them
with encoder features at corresponding resolutions. The segmenta-
tion head uses a 1×1 convolution and sigmoid activation to produce
a contour mask. The regression head estimates the sensor–object
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distance. We train the network using a weighted multi-task loss:

Ltotal = Lmask + 𝜆 · Ldist, (4)

where 𝜆 balances the segmentation and distance regression tasks.
The segmentation loss Lmask is a compound objective:

Lmask = 𝜆FT · LFT + 𝜆Dice · LDice . (5)

Here, LFT denotes the Focal Tversky loss [32], designed to address
foreground–background imbalance and subtle boundaries. This is
critical in our setting, where foreground regions (e.g., thin rebar)
typically occupy < 5% of the image. LDice complements this by
maximizing global shape overlap [72], thus improving contour
coherence. For distance regression, we apply mean squared error:

Ldist =


𝑑pred − 𝑑true



2
2 , (6)

where 𝑑true is the ground-truth sensor–object distance.

6 System Implementation
6.1 Hardware Implementation
Sensor array. Each RM3100 sensor operates at a cycle count of 200,
achieving a sampling rate of 60Hz with high sensitivity. Magnetic
readings are collected via a 1MHz SPI bus [1] and processed by
an MDBT42Q-512KV2 Bluetooth Low Energy (BLE) module [6],
which integrates an nRF52832 SoC for real-time data aggregation
and wireless transmission. Synchronized readings are streamed to a
host device (e.g., laptop) over BLE. The sensor array is powered by a
3.7 V, 200mAh lithium-polymer (Li-Po) battery, enabling untethered
operation. The total hardware cost is less than $150.
Mechanical rotation unit. The stepper motor provides a step
angle of 0.13◦. An onboard STM32F103C8T6 microcontroller [30]
autonomously executes a predefined rotation sequence upon power-
up, enabling fully standalone operation without host control. The
rotation speed is configurable, with a default of 10◦/s. The motor
is powered by a 12V, 2,000mAh Li-Po battery. The rotation unit,
including motor and battery, costs less than $40. The complete
assembly weighs 922.4 g and supports portable operation.

6.2 Dataset and Network Configuration
Dataset. For data synthesis, the voxel count 𝑁 is set to twice the
object length with a Gaussian spread 𝜎 = 0.38. Contour scaling uses
a reference distance 𝑑0 = 3 cm and smoothing constant 𝑘 = 5. The
pipeline generates each sample in about 0.88 s using a laptop (Intel
i7-1260P, 16 GB RAM). All images are normalized to zero mean and
unit variance, and distance values are scaled to the [0, 1] range.
Network configuration. For training, the distance regression loss
is weighted by 𝜆 = 0.2. The segmentation loss is a combination of
Focal Tversky (𝜆FT = 0.7) andDice (𝜆Dice = 0.3).We adopt theAdam
optimizer with an initial learning rate of 1×10−3 and a weight decay
of 1×10−5, applying gradient clipping with a maximum norm of 1.0.
The learning rate is reduced by 0.5 when validation loss plateaus
for 10 epochs. Training runs for 100 epochs with a batch size of
8, implemented in PyTorch 2.4.1 and Python 3.12 on an NVIDIA
RTX 3090 GPU. The model is then fine-tuned on the real subset.
During this phase, the encoder and Transformer bottleneck are
frozen, while the decoder and output heads are updated for 30
epochs using a learning rate of 5×10−5 and a batch size of 4.

Figure 14: The setup and imaging result illustration.
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Figure 15: The impact of varying distances.

Figure 16: Imaging results of varying distances.

7 Evaluation
7.1 Experimental Settings
Fig. 14(a) shows the setup. All samples are placed on 1mm-resolution
graph paper for precise spatial alignment. We derive ground-truth
contour masks based on known geometry parameters. For irregular
geometries (e.g., garden shears), we use manufacturer specifica-
tions and available CAD files. Giving these inputs and the relative
position between the sensor array and the target, we can obtain
the 2D contour. Depth is defined as the vertical distance from the
sensor array to the object surface and is measured with a vernier
caliper. The default model is fine-tuned with 720 real samples.

We first evaluate MagLens on HRB400-grade rebars (12mm in di-
ameter, 30 cm in length) without external magnetization, covering
variations in depth, diameter, spatial and angular offsets, multi-
object layouts, and rotation speeds. All rebar evaluation data are
collected on rebar specimens distinct from the ten rebars used in
the fine-tuning subset. Each configuration is repeated five times. By
default, the sensor array is placed 3 cm above the target, reflecting
the real-world cover depths as shown in Sec. 2.2. We further extend
the distance up to 11 cm in Sec. 7.3.1. For usability, we scan rebars
with different corrosion levels to evaluate MagLens’ sensitivity to
millimeter-scale cross-sectional loss, and validate end-to-end per-
formance using a handheld scan of a wall testbed. We also evaluate
MagLens on metal studs, iron pipes and irregular objects (e.g., gar-
den shears), resilience to in-wall electrical cables, and measure the
power consumption and inference latency.

7.2 Evaluation Metrics
MagLens outputs a normalized contour probability map, where each
pixel denotes the likelihood of belonging to the object region (0
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Figure 17: The impact of varying orientations.
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Figure 18: The impact of varying diameters.

for background, 1 for contour). Fig. 14(b) shows the ground-truth
contour mask, and Fig. 14(c) presents a sample prediction. These
contour maps visualize ferrous structures and reveal geometry,
orientation, and material degradation such as corrosion-induced
contour distortion. To quantify reconstruction accuracy, we binarize
the predicted map at a 0.5 threshold and compute the Intersection
over Union (IoU) with the ground truth 𝐴𝑔𝑡 :

𝐼𝑜𝑈 =
𝐴𝑝𝑟𝑒𝑑 ∩𝐴𝑔𝑡

𝐴𝑝𝑟𝑒𝑑 ∪𝐴𝑔𝑡
, (7)

where higher IoU indicates better contour alignment. The depth
estimation accuracy is reported as the relative error between pre-
diction 𝑑 and ground truth 𝑑 , i.e., 𝑑 − 𝑑 .

7.3 Geometry Imaging Performance
7.3.1 Varying sensing distances. We evaluate MagLens at sensing
distances from 1 cm to 11 cm in 2 cm increments, under two settings:
(i) a rebar without external magnetization, and (ii) the same rebar
after pre-magnetization at 11 cm (Sec. 4.3). As shown in Fig. 15,
MagLens achieves high accuracy under the default setting, with IoU
scores of 0.98, 0.95, and 0.91 at 1 cm, 3 cm, and 5 cm and distance
errors of 0.24 cm, 0.26 cm, and 0.30 cm, respectively. These results
indicate reliable reconstruction at typical cover depths. Beyond
5 cm, performance degrades due to the cubic decay of magnetic
field, with IoU dropping to 0.56 and distance error rising to 0.82 cm
at 11 cm. Pre-magnetization effectively enhances reconstruction
accuracy at extended sensing distances. Specifically, at 9 cm and
11 cm, IoU increases from 0.70 to 0.87 and from 0.56 to 0.81, cor-
responding to relative gains of 24.3% and 44.6%. Distance errors
remain below 0.5 cm across all depths. Fig. 16 visualizes the raw con-
tour probability map and demonstrates consistent reconstruction
with pre-magnetization. In practice, one can perform a standard
scan first and enable pre-magnetization when the measured field
signatures are weak and the reconstruction is incomplete.

Figure 19: Imaging results of bent rebars.

Figure 20: Imaging results of intersecting rebars.

7.3.2 Varying rebar orientations. We now assess MagLens’ robust-
ness to diverse object orientations. The default orientation (i.e.,
0◦) aligns the rebar with the sensor’s 𝑦-axis. We rotate the rebar
counterclockwise to different orientations, including 45◦, 90◦, 135◦,
and 180◦. As shown in Fig. 17, MagLens achieves high IoU across
all angles, with scores of 0.95, 0.93, 0.96, 0.92, and 0.96, respectively.
The (mean, STD) of the distance error is (0.31 cm, 0.04 cm).

7.3.3 Varying rebar diameters. We evaluate MagLens on rebars
with diameters of 5.2mm, 7.6mm, 12.0mm, 15.1mm, and 17.1mm
to reflect dimensional variability. As shown in Fig. 18(a), average IoU
scores range from 0.92 to 0.98. Distance errors remain below 0.4 cm
across all sizes, including the thinnest 5.2mm rebar (Fig. 18(b)).

7.3.4 Varying rebar positions. To assess MagLens’ resilience to tar-
get misalignment, we introduce two spatial offsets between the
rebar and the sensor array. Specifically, the rebar is shifted by
5 cm and 10 cm along the 𝑥-axis to emulate off-center placement.
MagLens maintains reliable performance, achieving IoU scores of
0.93 and 0.88 with corresponding distance errors of 0.29 cm and
0.35 cm. The slight degradation at 10 cm is attributed to the weaker
signals near the scan boundary. In practice, MagLens’ handheld
design and real-time feedback allow users to reorient the device
and re-center the region of interest (ROI) for improved accuracy.
We demonstrate this usage model in Sec. 7.9.

7.3.5 Bent rebars. We evaluate MagLens’ ability to reconstruct
non-linear geometries such as bent rebars. Such bends may be
intentional in design (e.g., rebar stirrups) or arise from long-term
stress-induced deformation. We test three rebars bent at 30◦, 60◦,
and 90◦, where the 30◦ and 60◦ are unseen during training. As shown
in Fig. 19, MagLens reconstructs all three shapes with IoU scores of
0.92, 0.94, and 0.88, respectively. The distance errors remain below
0.37 cm. The 90◦ sample exhibits slightly lower accuracy due to
magnetic field distortion at sharp bends.

7.3.6 Intersecting rebars. Reinforced structures often contain inter-
secting rebars [8]. We evaluate this scenario using two 30 cm rebars
placed at a 90◦ angle. As shown in Fig. 20, MagLens reconstructs
the geometry of both rebars with high fidelity, achieving an IoU
of 0.96 and a maximum distance error of 0.28 cm, demonstrating
robustness to multi-source magnetic field superposition [63]. This
resilience is enabled by our synthetic dataset, which includes di-
verse multi-layout configurations. We also assess performance on
parallel layouts during the end-to-end scanning in Sec. 7.9.
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Figure 21: Corrosion setup and imaging results of the rebar at different corrosion levels.
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Figure 22: Results under different corrosion levels.
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Figure 23: The impact of the number of real samples.

7.3.7 Varying rotational speeds. The rotational speed directly af-
fects the scan duration and temporal resolution. To assess this im-
pact, we evaluate MagLens at 20◦/s, 30◦/s, and 60◦/s. Across these
settings, the system delivers high accuracy, with IoU scores of 0.94,
0.91, and 0.84, and distance errors of 0.26 cm, 0.33 cm, and 0.38 cm,
respectively. Note that, at 60◦/s, a full scan is completed in only
six seconds, enabling rapid operation in time-sensitive scenarios
without significant performance degradation.

7.4 Stability under Varying Magnetization
To assess the stability of MagLens’ contour reconstruction under
varying magnetization, we fix geometry and vary magnetization
placement. Specifically, we use the HRB400-grade rebar and pre-
magnetize it at three positions along the bar (left/middle/right) at
5 cm depth following Sec. 4.3. Across these conditions, MagLens
reconstructs consistent contours, achieving IoUs of 0.94, 0.96, and
0.94, with depth error below 0.35 cm.

7.5 Corrosion Level Inference
To emulate long-term corrosion in reinforced concrete, we employ
a constant-current electrochemical acceleration protocol used in
structural durability studies [58, 92]. As shown in Fig. 21(a), the
rebar specimen immersed in a 5%NaCl electrolyte and subjected to a
DC current to induce anodic dissolution over five exposure intervals

Figure 24: Imaging results for metal studs and iron pipes.

Figure 25: Imaging results for unseen ferrous objects.

(0, 18, 36, 54, and 72 hours). Oxygen aeration is used to accelerate
the corrosion.We employ twometrics as ground truth: (i) remaining
mass [34, 81] and (ii) cross-sectional diameter reduction [56]. After
each interval, the specimen is cleaned, dried, and weighed following
a standardized procedure [77]. Diameter reduction is recorded with
precision calipers at three axial positions.

Figs. 21(b)–(f) shows the side-by-side comparisons of physical
samples and reconstructed contours at each time point. Diameters
at three locations are estimated from the predicted contours via
pixel-to-metric scaling. The maximum estimation error is 1mm, ob-
served at the most severely corroded stage (𝑡=72 h), indicating that
MagLens can resolve millimeter-scale geometric loss. To quantify
contour degradation, we compute the IoU between each predicted
contour and the ground-truth mask at 𝑡=0 h. As shown in Fig. 22,
both IoU and the measured remaining mass decline consistently
over time, confirming that MagLens captures material loss and that
IoU serves as a reliable proxy for corrosion severity. We note that
longer distances (e.g., 11 cm) may introduce slight contour distor-
tion due to reduced imaging resolution (Fig. 16). In such cases, by
performing periodic controlledmeasurements, one can still leverage
MagLens to assess the process of corrosion.

7.6 Efficacy of Physics-informed Synthesis
To evaluate the efficacy of our physics-informed synthetic dataset
and real-data fine-tuning, we pretrain the model on synthesized
data (Sec. 5.2) and assess transfer to real measurements by fine-
tuning under five budgets (0, 180, 360, 540, and 720 samples), where
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Figure 26: End-to-end wall testbed scanning and reconstruction process.

Figure 27: Rebar locator vs. MagLens on two real walls.

0 denotes the baseline model without fine-tuning. We evaluate
on the default rebar and repeat each configuration five times. As
shown in Fig. 23, MagLens achieves average IoU scores of 0.82, 0.89,
0.94, 0.97, and 0.98 at 0, 180, 360, 540, and 720 samples, respectively.
The average distance errors are 0.66 cm, 0.46 cm, 0.39 cm, 0.30 cm,
and 0.29 cm. The baseline model achieves an IoU of 0.82, indicating
that our physics-informed synthesis captures geometry-relevant
patterns. Thus, MagLens is readily extensible to diverse ferrous
objects via the automated synthesis pipeline (Sec. 5.2). Note that
adding a limited amount of real data (e.g., 180 samples) improves
performance by narrowing the simulation-to-real domain gap. As
performance is nearly stable beyond 540 samples, 720 samples (i.e.,
2.6% of the dataset) constitute a practical fine-tuning size.

7.7 Imaging Metal Studs and Iron Pipes
We evaluate MagLens on a C-shaped galvanized metal stud and two
cast iron pipe elbows of different sizes and curvatures, representing
typical ferrous components with diverse geometries and materials.
As shown in Fig. 24, MagLens accurately reconstructs the contours
of all three objects, achieving IoU scores of 0.95 for the metal stud
and 0.96/0.94 for the two iron pipes, with distance errors below
0.30 cm. The consistent performance across these materials indi-
cates that MagLens primarily leverages geometry-dependent mag-
netic patterns rather than material-specific signatures, as supported
by the magnetization diversity in our synthetic dataset (Sec. 5.2).

7.8 Generalization to Unseen Geometries
To assess the practical generalization of MagLens, we evaluate
MagLens on geometries not seen during the training phase. We
test three ferrous objects with distinct geometries: a disc spring, a
pipe-wrench hook jaw, and a pair of garden shears, using the default
model configuration. As shown in Fig. 25, MagLens reconstructs
their contours with IoU scores of 0.82, 0.85, and 0.82, respectively,
and depth errors below 0.5 cm.

7.9 End-to-end Wall Inspection
We construct a 60 cm×60 cm concrete wall testbed with three verti-
cally aligned rebars (12mm in diameter, 60 cm in length) embedded
10 cm apart at a 3 cm cover depth, reflecting a typical reinforcement
layout (Fig. 26(a)). For realistic deployment, the wall is mounted

vertically and MagLens is operated in a handheld configuration.
Considering MagLens’ effective sensing radius of 16 cm, complete
wall coverage requires multiple sensing passes. To ensure full cov-
erage with minimal overlap, we adopt a tiled scanning strategy
that computes an optimized set of scan centers based on wall di-
mensions (Fig. 26(b)). These centers are marked on the wall surface
to guide the user, and at each point MagLens performs a handheld
360◦ sweep to capture magnetic data (Fig. 26(c)). The resulting
patches are then geometrically aligned and stitched into a global
composite using their known spatial offsets. As shown in Fig. 26(d),
the reconstruction recovers all three rebars and their spatial layout,
achieving an IoU score of 0.94 with a distance error below 0.35 cm.
This demonstrates that MagLens supports large-area inspection in
real-world scenarios by integrating multiple local scans. The full
inspection requires 12 minutes, including four minutes for marking
and eight minutes for nine scans. This scanning time is comparable
to commercial GPR systems, which require 10 minutes for a 2 ft ×
2 ft (i.e., 61 cm × 61 cm) area [18]. Note that the scanning time can
be further reduced by increasing the rotational speed (Sec. 7.3.7).

7.10 Robustness in Real-world Walls
7.10.1 Impact of power cables. Nearby non-ferrous components
(e.g., copper/aluminum) do not retain remanence [55] and thus have
limited impact on MagLens’ imaging. Walls may also embed time-
varying electromagnetic interference (EMI) sources [68, 90], such
as AC power cables. To assess their impact, we locate an in-wall
power cable with a commercial AC detector and then perform a
rotational scan with MagLens directly above the identified position.
The measured magnetic field variation of all three axes remains
below 1 𝜇T, negligible compared to the rebar-induced signatures
(i.e., > 10 𝜇T in Fig. 7). This robustness arises from two factors: (i)
indoor 50/60Hz magnetic fields (ELF) are generally weak — around
0.11 𝜇T according to WHO [93]; and (ii) the RM3100’s sampling
configuration (i.e., 60Hz) effectively mitigates AC magnetic fields.

7.10.2 Real-world wall inspection. To further validate MagLens’
usability, we scan two real building walls with different rebar diam-
eters and cover depths. Since destructive verification (e.g., drilling)
is infeasible due to structural integrity concerns, we use a rebar loca-
tor’s estimation as the reference for comparison. As shown in Fig. 27,
one site includes a 16mm rebar at 39mm depth, and the other a
20mm rebar at 15mm depth. At the same test positions as the
locator, MagLens reconstructs the contours and estimates the diam-
eters via pixel-to-metric scaling. The estimated diameters (14.8mm
and 22.6mm) and depths (41.0mm and 15.7mm) align closely with
the locator’s readings. Compared to the locator, MagLens further
provides detailed contour reconstruction.



SenSys ’26, May 11–14, 2026, Saint Malo, France Wang et al.

7.11 Overhead of MagLens
The sensor array consumes < 0.5W and supports 1.5 hours of opera-
tion with a 200mAh Li-Po battery. This duration allows coverage of
a 3m × 1m wall segment under our default scanning configuration.
The rotational scanning unit consumes 6.24W and operates for five
hours on a 12V, 2,000mAh battery. For computational efficiency,
we benchmark the inference pipeline on an RTX 3090 GPU. Each
prediction requires about 275ms, enabling real-time imaging.

8 Related Works
8.1 Magnetic Field Visualization
Magnetic field visualization captures the spatial distribution of flux
for sensing and diagnostic purposes. [48] proposes a system com-
bining Helmholtz coils with a 20 × 20 sensor array to visualize
magnetic responses for nuclear safety inspection. Although effec-
tive in controlled settings, the system’s bulky setup and extremely
close sensing range (1–2mm) render it infeasible for structural
inspection tasks. The magnetic field camera [84] employs a 2D ar-
ray for visualization of nearby magnetic fields. To enhance spatial
resolution, [39] constructs a dense Hall element array system. How-
ever, such systems demand precise calibration, intricate circuitry,
and static deployment, limiting their scalability. Low-cost magnetic
viewing films [4] provide intuitive visual feedback based on local
field strength. Despite their simplicity, these films operate only at
contact range and require strong magnetic signals.

8.2 Ferrous Structure Inspection
Various techniques have been proposed to inspect embedded fer-
rous structures. Electrochemical methods including half-cell poten-
tial [41, 53, 64] and linear polarization resistance [37, 61, 66, 74]
are widely used to estimate corrosion risk by measuring electrical
properties through direct contact with exposed components. While
effective for degradation assessment, these methods are invasive
and cannot localize damage within intact structures. Ultrasonic
methods [36, 52, 69] detect delamination or cracks through pulse
velocity analysis. GPR-based systems [38, 57, 70] emit electromag-
netic pulses and analyze reflections to detect subsurface features.
IR-UWB systems such as SiWa [95] leverage deep UWB radar and
neural networks to detect embedded objects, but are still limited
by RF resolution and cannot recover object contours or precise ge-
ometry. Emerging magnetism-based systems, such as iCAMM [21]
and IGS [28], utilize high-sensitivity magnetometers to detect mag-
netic anomalies for assessing potential corrosion or deterioration
of rebars. However, they lack localization capability, fine-grained
contour recovery, and applicability to other ferrous structures.

9 Discussion
9.1 Applications
Fracture detection. Fractures are severe anomalies caused by
material deterioration or fatigue, yet their subtle signatures make
non-invasive detection highly challenging. We conducted a pre-
liminary experiment by scanning an iron plate with an emulated
fracture, implemented as a 0.1mm gap (the thickness of an A4
paper) between two segments (Fig. 28(a)). As shown in Fig. 28(b),
the z-axis field map reveals distinct perturbations at the fracture
location. By incorporating such patterns into the synthetic training
dataset, MagLens could detect cracks in ferrous materials (Fig. 28(c)).

Figure 28: MagLens’ applicability to structural fracture detec-
tion (a—c) and safety inspection (d–f).
Safety inspection. Conventional safety screening methods suffer
key limitations. Millimeter-wave systems cannot penetrate water
or thick clothing [3] and X-rays raise health concerns. In contrast,
magnetic fields penetrate water [88] and present no safety risks. To
explore this potential, we fabricated a handgun-shaped iron plate
incorporating features such as the trigger and hammer (Fig. 28(d))
and scanned it with MagLens. The z-axis field map reveals distinc-
tive patterns consistent with the object’s geometry (Fig. 28(e)). By
augmenting the synthetic dataset with diverse weapon profiles,
MagLens reconstructs the contour and structural details (Fig. 28(f)).

9.2 Improving MagLens
Multi-object imaging. Real walls contain multiple ferrous objects,
whose remanent fields may overlap and produce ambiguous spatial
patterns. To cover such cases, our synthesized training set already
includes 21.4% multi-object scenes (Table. 1), spanning representa-
tive multi-rebar layouts. This coverage aligns with our end-to-end
wall inspection results (Sec. 7.9). Walls may also contain mixed fer-
rous elements (e.g., rebars with pipes/studs), which can introduce
more complex magnetic patterns. Our modular synthesis pipeline
can incorporate additional object types to generate mixed-type
multi-object scenes, improving robustness in such in-wall layouts.
Uneven wall surfaces. In real deployments, uneven wall sur-
faces can introduce air gaps and varying standoff during scan-
ning. MagLens mitigates this effect by explicitly estimating cover
depth and applying distance-aware scaling. To further cover uneven-
contact conditions, our synthetic pipeline can model tilted targets
and non-uniform stand-off variations. The spacer blocks (Fig. 6(b))
also help maintain stable contact geometry on uneven surfaces.

10 Conclusion
We have presented MagLens, the first low-cost and mobile imag-
ing platform capable of reconstructing the contours of everyday
ferrous objects such as rebars, metal studs and iron pipes. Unlike
traditional inspection tools, MagLens combines synthetic-aperture
magnetic sensing with a physics-informed neural imaging pipeline
to transform weak remanent fields into fine-grained geometric re-
construction. MagLens has immediate applicability for inspecting
the condition of safety-critical ferrous infrastructure and systems.
With these unique advantages, we believe MagLens opens the door
to practical imaging for large-scale inspection of critical structures.
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