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Abstract

High-precision, long-endurance navigation remains a central bottleneck for autonomous
underwater vehicles (AUVs) operating in GNSS-denied, acoustically constrained, and
dynamically disturbed marine environments. This manuscript examines the complete
sensing-mapping-estimation chain for underwater geomagnetic navigation. It distinguishes
scalar and vector measurements; compares shipborne, towed, and AUV-mounted survey
configurations, calibration requirements, platform-interference mitigation, and uncertainty
sources; reviews global, regional, and local magnetic models; and evaluates nonlinear map-
aided positioning. Existing approaches are organized into map-based matching, filter-aided
navigation, geomagnetic simultaneous localization and mapping (SLAM), and matching-
area adaptability assessment. Their assumptions, data requirements, uncertainty treatment,
accuracy evidence, and computational burden are critically compared. Persistent gaps
include magnetic cleanliness, three-dimensional mapping, weak-feature-area observability,
benchmark datasets, uncertainty quantification, and reproducible long-duration sea trials.

Keywords: underwater geomagnetic navigation; geomagnetic filtering; geomagnetic
matching; magnetic-field SLAM; autonomous underwater vehicle

1. Introduction

The growing demand for persistent underwater observation, seabed resource explo-
ration, subsea infrastructure inspection, and marine environmental monitoring has placed
stricter requirements on autonomous underwater vehicles’ (AUVs) autonomy. In these
missions, navigation errors do not merely degrade position estimates; they directly affect
path planning, sampling quality, revisit accuracy, and mission safety [1]. Therefore, under-
water navigation should be evaluated not only by nominal positioning accuracy but also
by endurance, infrastructure dependence, observability, environmental robustness, and
operational covertness [2].

Conventional underwater navigation combines acoustic positioning, inertial naviga-
tion, Doppler velocity logs (DVLs), and occasional surface or external fixes. Acoustic sys-
tems can provide bounded local accuracy but depend on infrastructure and are vulnerable
to multipath, attenuation, and geometry [3]. An inertial measurement unit (IMU) contains
accelerometers and gyroscopes, whereas an inertial navigation system (INS) combines IMU
measurements with mechanization and estimation algorithms to compute position, velocity,
and attitude. INS errors grow with time because sensor biases are integrated [4]. These
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limitations motivate passive, infrastructure-independent geophysical aiding methods for
long-duration missions.

As a geophysical-field-aided navigation approach, geomagnetic navigation is attrac-
tive because the Earth’s magnetic field is globally available, does not require active signal
emission, and contains spatial anomaly information that can be used as a natural fin-
gerprint [5]. Nevertheless, these advantages are conditional [6]. The usable navigation
information depends on anomaly distinctiveness, map resolution, temporal correction,
sensor installation, vehicle magnetic cleanliness, and the matching algorithm’s ability to
reject ambiguous or weak-feature areas [7,8].

The foundational concepts of modern geomagnetic navigation emerged in the 1960s
from British and American researchers, leading to the US development of the Magnetic
Contour Matching (MATCOM) system [9-11]. In the mid-1970s, the former Soviet Union’s
Ramenskoye company conducted the pioneering MAGNET experiment, which used geo-
magnetic field strength as a characteristic quantity for contour-based guidance, marking a
crucial demonstration of practical feasibility [12].

During the 1980s, the US systematically elaborated methods for autonomous under-
water vehicle navigation using geomagnetic fields, while Sweden’s Carl Tyrén initiated
related research on ship speed and positioning [13]. By 1997, the US, France and other
countries had incorporated geophysical and non-traditional navigation topics into the NTM
program, reflecting growing international interest [14-16]. Around the turn of the century,
the US achieved a breakthrough with a matching system offering accuracies better than
30 m on the ground and in the air, and better than 500 m underwater [17]; concurrently,
Russia developed a geomagnetic contour-guided missile system that significantly enhanced
operational effectiveness [18].

In 2005, French researchers validated the rich characteristic information of the geo-
magnetic field, confirming its ability to meet stringent missile guidance requirements [19].
In 2006, Goodrich Corporation introduced a novel speed-and-positioning method based
on three-dimensional geomagnetic maps, demonstrating that vector matching between
the field’s three components and the map could achieve accurate navigation and posi-
tioning [20]. In 2009, Japan advanced the field by simulating matching algorithms using
measured geomagnetic and bathymetry data, verifying their validity for practical underwa-
ter and aerial navigation systems [21]. These collective developments trace the evolution
of geomagnetic navigation from its conceptual origins to a viable, precise solution with
expanding applications.

China’s geomagnetic navigation research began later than that of leading nations but
accelerated steadily after the 11th Five-Year Plan (2006-2010) when the government recog-
nized its strategic value. Early systematic efforts included CASIC’s 2004 static experiments,
which first validated the feasibility of geomagnetic matching [22,23]; NUDT’s develop-
ment and multi-environment testing of a GAINS prototype (2007-2011) [23]; NWPU’s 2007
demonstration that geomagnetic data could correct INS errors [24]; Wuhan University’s
2008 underwater trial in Bohai Bay, achieving 100 m localization accuracy [25]; Peking Uni-
versity’s 2010 research attaining ~400 m accuracy and stressing the need for high-resolution
maps [26]; and Qiao Hong et al.’s 2012 multi-sensor fusion framework integrating magnetic,
gravity and other data to improve robustness [27].

Subsequent algorithmic innovations further advanced underwater navigation. In
2013, Wang Shengping et al. proposed an improved TERCOM algorithm using Hausdorff
distance, reaching <100 m positioning and 0.4° heading correction in Bohai Sea trials [28].
Liu Mingyong et al. (2015) designed a particle-filter-based dynamic correction to mitigate
geomagnetic interference [29]; Li Hong et al. (2017) introduced an evolutionary search
method with ocean current compensation to counter AUV trajectory drift [30]; Chong
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Yang et al. (2021) developed a fuzzy-decision adaptability evaluation model to select
high-information areas and reduce INS cumulative errors [31]; Chong Yang et al. (2022)
combined PCA and an improved BP neural network for self-organizing classification of
candidate matching regions [32]; and Huapeng Yu et al. (2023) proposed adaptive split
particle filtering to address particle degradation and impoverishment, further improving
matching accuracy [33].

Current research on underwater geomagnetic navigation revolves around three cou-
pled problems, credible measurement, reliable reference-map construction, and robust
positioning-model design, whose independent treatment can obscure error propagation. In
data measurement and processing, efforts focus on high-precision sensors and advanced
signal processing (e.g., adaptive filtering and machine learning) to suppress noise and
interference in dynamic underwater environments [34]. For reference-map construction,
multi-source data (satellites, marine surveys, AUVs) are integrated using geospatial in-
terpolation and machine-learning generation, while real-time updating mechanisms are
being explored to handle temporal field variations caused by solar activity and geological
changes [35,36].

The development of matching and filtering algorithms is a cornerstone of the field.
Kalman and particle filtering techniques are widely used to fuse geomagnetic data with
inertial navigation systems (INS), reducing cumulative errors and improving long-term
accuracy [37,38]. Geomagnetic matching itself aligns real-time measurements with pre-
constructed maps by identifying distinctive features (anomalies, gradients); recent inno-
vations in pattern recognition and optimization, genetic algorithms and deep-learning
approaches, have enhanced efficiency and accuracy, even in regions with weak or com-
plex signatures [39]. Beyond these, integrating Simultaneous Localization and Mapping
(SLAM) with geomagnetic navigation has emerged as a promising solution for long-term
autonomous navigation, enabling real-time environment mapping alongside positioning,
particularly valuable for underwater robotics and subsea inspection where prior maps are
limited [40].

The primary objective of this review is not merely to summaries existing methods but
to clarify technical bottlenecks that hinder transition from experimental demonstrations
to reliable AUV deployment. Specifically, the review addresses four questions: (i) which
geomagnetic feature quantities are observable and stable underwater; (ii) how measurement
errors, vehicle interference, and environmental disturbances propagate into positioning;
(iii) which categories of matching, filtering, and SLAM algorithms suit different map-
availability and computational constraints; and (iv) what evidence is still missing for
large-scale, long-duration, and reproducible validation [41].

By systematically analyzing current technologies, the paper identifies key challenges
and gaps. For example, matching achieves high localized accuracy but performs poorly
in weak-feature or high-noise regions, necessitating further signal-processing and feature-
extraction advances [42]; geomagnetic SLAM, though promising, faces computational
efficiency and scalability issues in large-scale environments [43]. Future directions include
adaptive machine-learning data processing, multi-sensor fusion frameworks, and real-
time map updating to account for temporal variations [44]. To strengthen review logic,
subsequent sections follow a problem-driven taxonomy, measurement credibility, map
reliability, algorithm applicability, and operational adaptability, separating mature practices
from open problems, thereby supporting method selection, experimental design, and future
development of reliable AUV navigation systems.
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Review Scope and Methodology

This is a structured narrative review, not a systematic review or meta-analysis. The lit-
erature is organized around five themes: magnetic measurement and calibration; reference-
field and local-map construction; map-aided matching and nonlinear filtering; and geomag-
netic SLAM or adaptability assessment. Search terms included combinations of underwater
geomagnetic navigation, magnetic anomaly navigation, map-aided navigation, magnetic
matching, geomagnetic filtering, magnetic SLAM, and AUV magnetometer. Studies were
retained if they contributed a measurement method, model, algorithm, experiment, or
critical assessment directly relevant to autonomous navigation; works on magnetic tar-
get detection or unrelated indoor positioning were used only when their methods were
transferable and this limitation was stated. The literature is classified by theme, publica-
tion period, sensing configuration, map dependence, estimation model, and geographical
contribution. Because reporting standards and public datasets remain heterogeneous, the
review emphasizes assumptions and evidence quality rather than ranking methods solely
by reported accuracy.

The review’s original contribution is a problem-driven synthesis that connects mea-
surement uncertainty to map reliability and estimator performance. As shown in Figure 1.
This organization distinguishes mature engineering practice from open research problems
and identifies the minimum information that future experiments should report to ensure

reproducibility.
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Figure 1. End-to-end sensing, mapping, and estimation chain for underwater geomagnetic navigation.

2. Key Technologies for Underwater Geomagnetic Navigation

This section reorganises the enabling technologies of underwater geomagnetic naviga-
tion according to the problem chain that determines positioning performance. Instead of
treating sensing, mapping, and algorithms as independent modules, the review emphasises
their coupling. Feature selection determines what can be measured; measurement quality
determines the fidelity of the reference map; map resolution and uncertainty determine the
discriminability of candidate matching areas; and the positioning algorithm determines
how sensor, map, and motion uncertainties are propagated and constrained.

The first critical issue is feature observability, which concerns selecting geomagnetic
quantities that are stable, measurable, and spatially discriminative. Equally important is
measurement credibility, since accurate acquisition and processing of geomagnetic data are
essential for navigation success. High-precision sensors such as fluxgate magnetometers
and proton precession magnetometers are commonly used, but raw data often contain
noise and distortions from sensor drift, ocean currents, and external magnetic interference.
To address these challenges, advanced signal processing techniques, including wavelet
transforms, Kalman filtering, and adaptive filtering, have been employed to denoise and
enhance data quality [6]. Furthermore, machine learning-based approaches, such as deep
neural networks, have shown promise in improving accuracy and efficiency, particularly in
dynamic and noisy underwater environments [45].
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Map reliability is another cornerstone of map-dependent navigation. The construction
of high-resolution local geomagnetic reference maps must be discussed in terms of reso-
lution, interpolation uncertainty, altitude or depth dependence, temporal correction, and
survey repeatability. Without explicit map uncertainty, a matching algorithm may return
an apparently precise but physically ambiguous position in low-information or poorly
surveyed areas.

Regarding algorithm applicability, the design of effective geomagnetic positioning
methods should be driven by the available information rather than by algorithm popularity.
Correlation matching is transparent but sensitive to ambiguity [46]; ICP and ICCP type
methods exploit geometric similarity but depend on good initialisation [47]; filtering meth-
ods provide recursive uncertainty propagation but require reliable process and observation
models; and SLAM reduces dependence on prior maps but increases requirements for loop
closure, map representation, and computation.

In summary, the key technologies in underwater geomagnetic navigation are inter-
connected and collectively contribute to the development of highly accurate and reliable
systems. By addressing the challenges associated with feature selection, data measure-
ment and processing, map construction, and positioning method design, researchers and
engineers can continue to advance the field and expand the applicability of geomagnetic
navigation in diverse underwater applications.

2.1. Underwater Geomagnetic Feature Selection

The selection of appropriate feature quantities is the first observability problem in
underwater geomagnetic navigation. A useful feature should be stable over the mission
period, measurable with the available magnetometer configuration, sufficiently variable
within the operating area, and insensitive to vehicle attitude errors. Therefore, the choice of
total-field intensity, vector components, gradients, or anomaly derived descriptors should
be justified by the operating scenario rather than assumed a priori.

The geomagnetic field can be modeled as the magnetic field generated by a magnetic
dipole situated at the Earth’s center, and its distribution exhibits a relatively stable pattern
across the planet’s surface, and the distribution of the geomagnetic field is shown in
Figure 2.

North
magnetic
pole

./
%/ North
/ geographical
pole

/
/
/

South
magnetic
pole

Figure 2. Schematic diagram of the magnetic field of a geocentric dipole.

Based on empirical geomagnetic measurements, it has been determined that the av-
erage magnetic field strength at the Earth’s surface is approximately 5 x 10* nanotesla
(nT), with the highest intensities observed at the magnetic poles, where the geomagnetic
field strength reaches approximately 7 x 10* nT. This relatively small variation in geo-
magnetic field strength underscores the importance of minimizing external perturbations

https://doi.org/10.3390/jmse14151447


https://doi.org/10.3390/jmse14151447

J. Mar. Sci. Eng. 2026, 14, 1447

6 of 31

during geomagnetic field measurements to ensure data accuracy. The geomagnetic field
is composed of three primary components: the main geomagnetic field, the geomagnetic
anomaly field, and the perturbation field. The main geomagnetic field is generated by the
dynamic interactions of high-temperature and high-pressure materials within the Earth’s
core. The geomagnetic anomaly field, which accounts for only about 4% of the total ge-
omagnetic field, is primarily caused by magnetized crustal rocks and exhibits minimal
temporal variation. In contrast, the perturbation field, which is strongly influenced by solar
activity, exhibits significant variability, with strengths ranging from approximately 5 nT
to 500 nT, and can change rapidly over short time scales [48]. Given the relative stability
of the main geomagnetic field and the geomagnetic anomaly field, these components are
typically utilized in geomagnetic matching navigation systems.

The geomagnetic field may be written as the magnetic flux-density vector B = [X, Y, Z]T.

In conventional geomagnetic notation, F = | B| is total intensity, H= 4 / (X2 + Y2) is horizontal

intensity, D = atan?(Y, X) is declination, and I = atan?(Z, H) is inclination. Thus, F is the scalar
magnitude of B, while X, Y, and Z are its components in a specified navigation or geodetic
frame. Fluxgate magnetometers measure vector components and therefore require calibration
and attitude knowledge; proton-precession and Overhauser instruments measure scalar F and
do not directly provide direction. For moving underwater platforms, feature selection must
consider observability, attitude sensitivity, temporal stability, and spatial distinctiveness. In
many mid-latitude AUV scenarios, F or gradients are more robust than D or I, whose useful
variation may be small relative to attitude and installation errors [49,50].

In underwater geomagnetic navigation, the measurement methodology is critical to
achieving high accuracy. Underwater carriers typically employ a towed measurement
system, where the magnetometer is deployed behind the carrier to minimize interference
from the carrier’s own magnetic field. This approach significantly improves measure-
ment accuracy by reducing the influence of magnetic noise generated by the carrier’s
equipment and structure. However, the complexity of the underwater environment in-
troduces challenges related to the stability of the magnetometer’s attitude. Variations in
the magnetometer’s orientation due to underwater currents or carrier motion can lead
to inaccuracies in the measured data [43]. Furthermore, the attitude of the underwater
carrier may differ from that of the magnetometer, adding another layer of complexity
to the measurement process. Traditional attitude measurement systems on underwater
carriers often fail to provide accurate real-time data on the magnetometer’s orientation in
the geodetic coordinate system. This discrepancy arises because the magnetometer may
not be synchronized with the carrier’s attitude measurement system, or the system may
not accurately reflect the magnetometer’s true orientation due to the unique dynamics of
the underwater environment [41].

Given these challenges, the total geomagnetic field strength (F) is often preferred as the
characteristic quantity for underwater navigation and localization [49-51]. This preference
stems from the relative stability and ease of measurement of the total geomagnetic field
strength, making it well-suited for use in the dynamic and often unpredictable underwater
environment. In underwater geomagnetic navigation systems, sensors such as optical
pump magnetometers or fluxgate magnetometers are commonly employed. Optical pump
magnetometers are capable of directly measuring the total geomagnetic field strength
with High precision, while fluxgate magnetometers calculate the total geomagnetic field
strength by measuring the three orthogonal components (X, Y, and Z) and combining them
through vector summation [52]. The choice of sensor depends on the specific require-
ments of the navigation system, including measurement accuracy, operational depth, and
environmental conditions.
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In summary, the selection of geomagnetic matching feature quantities and the design
of measurement systems are critical to the success of underwater geomagnetic navigation.
By leveraging the stability of the total geomagnetic field strength and employing advanced
measurement techniques, researchers and engineers can develop robust navigation systems
capable of operating effectively in the challenging underwater environment.

2.2. Underwater Geomagnetic Measurement and Data Processing

Underwater magnetic observations may be acquired using shipborne sensors, a towed
towfish, or sensors integrated into an AUV. Shipborne surveys provide endurance and accu-
rate positioning but remain susceptible to vessel fields. Towed systems increase separation
from the magnetic platform and are often preferred for scalar mapping, although tow-cable
motion, layback estimation, depth variation, and attitude must be modeled. AUV-mounted
systems support mission-representative data collection and repeated surveys, but require
magnetic-clean design, careful sensor placement, synchronized attitude/depth measure-
ments, and compensation for propulsion, batteries, actuators, and payloads. Calibration
should address hard-iron bias, soft-iron scale and non-orthogonality, sensor alignment,
temperature dependence, heading error, timing, and position/layback uncertainty. Mea-
surement uncertainty should be propagated into map cells and navigation observations
rather than represented by a single nominal sensor accuracy.

A practical measurement campaign should include shore or laboratory calibration,
magnetic-cleanliness tests with subsystems switched individually, multi-heading maneu-
vers when appropriate, repeated reciprocal survey lines, cross-over analysis, diurnal cor-
rection using a base station or observatory, and independent validation lines. Accuracy
should be reported as a budget containing sensor noise and bias, platform-compensation
residuals, attitude and timing errors, navigation/layback errors, depth mismatch, temporal
correction, and interpolation uncertainty. The required accuracy is application-dependent:
total observation uncertainty must remain sufficiently below the local anomaly contrast
and gradient over the intended matching window to preserve location discriminability.
The corresponding comparison of magnetometer technologies for underwater geomagnetic
navigation is presented in Table 1.

The data processing pipeline for underwater geomagnetic navigation begins with
preprocessing, which removes sensor noise, corrects temperature effects, and eliminates
hull magnetic interference to ensure that raw measurements reflect the true field. This is fol-
lowed by filtering techniques such as low-pass, band-pass, or adaptive filtering to suppress
environmental disturbances from ocean tides, solar variations, and electromagnetic noise,
with the choice depending on interference characteristics and desired signal properties [53].
The next stage is feature extraction, which identifies navigationally relevant information
including local anomalies, gradient variations, and spectral features, while accounting for
vehicle motion and environmental changes such as water depth and seabed composition,
thereby transforming raw data into actionable inputs for matching algorithms [47]. Finally,
data fusion integrates multi-source geomagnetic data using Kalman or particle filtering to
improve robustness and accuracy, particularly valuable in underwater settings where the
field is influenced by transient and spatially variable factors [54].

Under relatively low-interference conditions, such as those encountered by dedicated
survey ships, measurement and processing technologies have reached a mature stage.
For example, Lingfeng Dang et al. proposed an advanced method for towed oceanic
three-component magnetic gradiometers that calculates tensor invariants and magnetic
boundary strike maps from gradient data, combined with Euler deconvolution, to effec-
tively identify magnetic sources along survey lines [52]. Additionally, a geomagnetic
background field data processing system based on the Ali Cloud database was developed
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for the Renxue Ocean aeromagnetic mission, successfully addressing challenges in data
transmission and storage and demonstrating the potential of cloud-based solutions for
large-scale management [55].

Table 1. Comparison of Magnetometer Technologies Relevant to Underwater Geomagnetic Navigation.

Magnetometer Measurement Typical Sensitivity/ Advantages for Underwater TR
.. . . Limitations/Challenges
Technology Principle Resolution Navigation
Measures magnetic Mature technology; low power; Requires calibration for
Fluxgate field using saturation compact; good vector-field bias, scale factor, and
. ~10 pT-1 nT . . )
Magnetometer of a ferromagnetic measurement; widely used in  soft-/hard-iron effects;
core marine platforms temperature drift
. Often measures scalar
Uses atomic field only; can be larger
Optically Pumped energy-level Very high sensitivity; excellent yr T8
7 . and more expensive;
Magnetometer transitions to ~fT-pT for detecting weak o
. . . sensitive to
(OPM) measure magnetic geomagnetic anomalies .
. . environmental
field magnitude o
conditions
Measures precession Lower sampling rate;
. Absolute scalar measurement; . '
Proton Precession frequency of . relatively high power;
. ~0.1-1 nT stable and reliable; useful for .
Magnetometer hydrogen protons in . not ideal for fast
e geomagnetic surveys . .
a magnetic field maneuvering vehicles
EnhanC.e d prqton High accuracy; lower power Larger than solid-state
Overhauser precession using -
~0.01-0.1 nT than proton precession; good sensors; scalar-only
Magnetometer electron-proton .
. scalar stability measurement
coupling
Uses Requires cryogenic
superconducting Extremely high sensitivity; cooling; expensive;
SQUID . . o
quantum interference  ~fT or better capable of detecting very weak complex; difficult to
Magnetometer L
to measure magnetic signals deploy on small
magnetic flux underwater vehicles
Lower sensitivity than
AMR Uses anisotropic Small size; low cost; low fluxgate/OPM,;
magnetoresistance ~nT power; suitable for integrated ~ temperature and bias
Magnetometer L .
effect navigation systems drift; needs frequent
calibration
GMR Uses giant Compact; low power; higher Nonlinearity and
magnetoresistance ~nT-sub-nT sensitivity than AMR in some temperature sensitivity;
Magnetometer . . . .
effect designs calibration required
TMR Uses tunneling High sensitivity among Susceptible to noise,
magnetoresistance ~pTnT solid-state sensors; compact; offset drift, and
Magnetometer ..
effect low power magnetic interference
Measures voltage Generally low
Hall-Effect generated by Lorentz TonT Very low cost; robust; sensitivity for
Magnetometer force on K simple electronics geomagnetic anomaly
charge carriers navigation
Miniaturized sensor Limited sensitivity and
MEMS-Based using Lorentz force, A TouT Very small; low power; easy stability; affected by
Magnetometer magnetoresistance, or H integration with INS/IMU platform

resonant structures

magnetic noise

However, significant challenges persist for AUV-based measurements, primarily due
to strong magnetic interference from onboard equipment. Removing this background noise
remains a critical research focus, as such interference can severely degrade data accuracy.
Overcoming this requires advanced noise suppression techniques and multi-sensor fusion
to isolate the true geomagnetic signal from operational noise [56]. In summary, while
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substantial progress has been made in underwater geomagnetic data measurement and
processing, ongoing research is essential to tackle AUV-specific issues and further enhance
system performance for reliable autonomous navigation.

2.3. Global, Regional, and Local Geomagnetic Reference Models

Global main-field models such as the International Geomagnetic Reference Field (IGRF)
and World Magnetic Model (WMM) are spherical-harmonic descriptions of the large-scale
field and its secular variation, constructed from observatory, marine, airborne and satellite data
and updated periodically [57,58]. Their five-year epochs are suitable for broad field prediction
and attitude support, but their spatial bandwidth cannot resolve the short-wavelength crustal
anomalies required for high-precision local underwater matching [57]. Moreover, uneven
distribution of ground observatories and sparse oceanic coverage increase regional uncer-
tainty [58]. For navigation, global-model uncertainty, secular variation, external disturbance
and unmodelled crustal anomalies must be separated. Regional models, such as China’s
CGRF updated every ten years [59], cover smaller areas with better accuracy but still fall short
of the resolution needed for high-precision matching in local underwater environments [58].
Future infrastructure would benefit from denser marine observations, repeated surveys in
operational corridors, higher-rate temporal monitoring, and update intervals driven by local
uncertainty growth rather than a uniform schedule.

For AUVs, which typically operate within restricted areas, constructing a local geomag-
netic reference map is a prerequisite for achieving high-precision matching navigation [46].
Such a map is built through a thorough field survey using shipboard or AUV-mounted
magnetometers, covering all potential navigation areas with high spatial resolution. The
collected data are then processed via interpolation, smoothing and anomaly identifica-
tion, and finally integrated with topographic and geomorphological information using
GIS technology to generate a three-dimensional reference map [60-62]. The map should
document survey date, spatial sampling, depth, reduction level, interpolation method,
cell-wise uncertainty and independent validation error to ensure reliability and practicality.

Numerous scholars have developed local geomagnetic models using various mathemati-
cal techniques. For example, Chen Zongqi applied the Taylor polynomial model to the Beibei
area of Chongging in 1946 [63]; An Zhenchang and colleagues extensively studied Taylor
polynomial models for Chinese regions in the 1960s and 1970s [64,65], and later used spherical
cap harmonic analysis for China’s 1970 and 2000 models [66]; Gu Zuowen et al. developed a
spherical cap harmonic model for the Beijing-Tianjin-Hebei region using 2002 data [67]; Zhao
Jianhu et al. applied the Legendre polynomial method to a local ocean area in 2008 [68] and
subsequently introduced a multi-functional method for high-precision modelling [25]; Xu
Rugang et al. conducted in-depth studies on Taylor polynomial and spherical cap harmonic
models for China in 2005 and 2010 [69]. These efforts demonstrate the diversity of local
modelling approaches, but the choice of method must depend on regional characteristics
and sensor performance, with increasing attention to quantum sensors that demand even
higher map resolution. The corresponding comparison and advantage-disadvantage analysis
of geomagnetic modeling approaches are provided in Table 2.

Current research on the construction of local geomagnetic reference maps predomi-
nantly focuses on polynomial models and spherical cap harmonic models. These studies
aim to improve the overall accuracy of geomagnetic field modeling by leveraging measured
data. The findings not only enrich the theoretical foundation of geomagnetic field modeling
but also provide valuable insights for practical applications.

The final step in constructing a local geomagnetic reference map is validation and
updating. The accuracy and validity of the reference map must be verified through actual
AUV navigation experiments. Based on the experimental results, the reference map is
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adjusted and optimized to enhance its precision. Since the geomagnetic field undergoes
temporal variations, the reference map must be periodically updated to reflect the latest
geomagnetic field distribution and ensure its continued reliability for navigation purposes.

Table 2. Comparison of Geomagnetic Field Modeling Methods and Their Advantages and Disadvantages.

Geomagnetic Field
Modeling Method

Advantages

Limitations

Taylor polynomials

Simple, fast math
Suitable for localized areas

Only for small areas
Accuracy decreases
with distance

Legendre polynomials

High precision
Suitable for spherical
surfaces
Asymptotic nature is good

Computationally complex
Not applicable for
non-spherical areas

Multiquadric function

Flexible and more efficient
Suitable for modeling
complex localized areas

Joints not smooth
High modeling complexity

Surface spline

Good smoothness
Highly flexible
Ideal for local modeling

Computationally complex
Boundary effects may
affect accuracy

High precision
ball and crown Suitable for global computat}onally intensive
harmonics analysis coverage Poor fit to localized
Fits the spherical magnetic complex regions
field well

2.4. Formulation and Design of Geomagnetic Positioning Methods

Let x; denote the AUV navigation state (position, velocity, attitude, and selected
sensor biases), u; the INS/DVL input, m the reference magnetic map, and z; the mag-
netic observation. A general map-aided navigation model is x; = f(x,_1, uy) + wy and
zx = h(xy, m) + vg, where f is the nonlinear INS propagation model, & samples the map
and applies frame, depth, and sensor models, while wy and vy represent process and obser-
vation uncertainty. The estimation objective is to infer p(xg.|z1.k, t41.x, M), or jointly infer the
trajectory and map when m is unavailable. This formulation makes clear that geomagnetic
navigation is generally nonlinear and that algorithm selection must follow the observation
geometry and uncertainty model.

Correlation methods optimize a windowed similarity or difference cost, extended /unscented
Kalman filters approximate the nonlinear Bayesian recursion, particle filters represent the posterior
by weighted samples, and graph-based SLAM minimizes a sum of motion, magnetic, and
loop-closure residuals. Each method should report initialization assumptions, map uncertainty,
observability, and convergence or false-match behavior.

The design of a geomagnetic positioning method begins with selecting suitable features
that exhibit distinct spatial distribution and high differentiation across sea areas to ensure
reliable matching. Commonly used features include geomagnetic field strength, which
varies spatially and serves as a primary matching quantity [70]; geomagnetic gradient,
which provides additional spatial information and enhances accuracy [71]; and geomagnetic
field direction, which improves localization precision in areas with complex variations [72].
The choice must consider sensitivity to environmental changes and the ability to provide
unique signatures for different locations.

The second critical aspect is the choice of an appropriate matching algorithm that
efficiently aligns real-time measurements with the reference map. Commonly employed
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approaches include nearest-neighbor matching, which matches to the closest point on the
map; sequence nearest-neighbor matching, which considers measurement sequences for
improved robustness; probabilistic matching, which uses statistical models to estimate
match likelihood while incorporating uncertainties; and filter-based matching, such as
Kalman or particle filters, which iteratively refine the process and account for dynamic
changes in the AUV’s position [59]. The algorithm selection depends on the specific
application, the AUV’s computational capabilities, and the desired trade-off between
accuracy and efficiency.

Because the underwater environment is complex and dynamic, with terrain varia-
tions, ocean currents, and human-induced interference potentially altering the local field,
geomagnetic positioning must be robust and adaptable. Enhancing robustness involves
environmental noise suppression via advanced signal processing, adaptive feature selection
based on real-time conditions, and error compensation models for systematic disturbances.
Moreover, geomagnetic positioning is often integrated with other navigation systems such
as acoustic navigation and INS to leverage complementary strengths through information
fusion. Key considerations for fusion design include characterizing each system’s reliability
and error characteristics for appropriate weighting, and ensuring temporal and spatial
alignment of data from different sources to avoid inconsistencies.

Thus, the design of geomagnetic positioning methods requires coordinated feature
selection, nonlinear observation modeling, environmental robustness, uncertainty propaga-
tion, and multi-sensor integration. The principal algorithm families and their comparative
assumptions are reviewed in Section 3.

3. Methods for Underwater Geomagnetic Navigation

In the realm of underwater navigation, the development of reliable and accurate
navigation methods is of utmost importance for various applications, such as AUV op-
erations, underwater exploration, and marine resource surveys. With reference to the
different demands on the geomagnetic reference map and the principle of positioning, the
underwater geomagnetic navigation methods can be divided into three major categories in
the application mode: geomagnetic matching positioning, geomagnetic filtering naviga-
tion, and geomagnetic SLAM. The decision logic for selecting an underwater geomagnetic
navigation method is shown in Figure 3. Each major category is further subdivided into
several specific methods, as illustrated in Figure 4.

Prior local map avail- Map-based matching or fil- Assess anomaly informa-

able?

ter-aided navigation tiveness

y

No/incomplete map Geomagnetic SLAM/online Use INS/IMU, DVL, and un-

map updating certainty models

Figure 3. Decision logic for selecting an underwater geomagnetic navigation method.

The taxonomy in Table 3 shows that method selection should be conditioned on
map availability, anomaly informativeness, vehicle dynamics, and uncertainty modeling.
Consequently, a fair comparison among algorithms requires not only reporting positioning
accuracy but also documenting map resolution, initialization error, sensor configuration,
magnetic-interference mitigation, and computational cost.
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Figure 4. Classification of the geomagnetic localization methods.

Geomagnetic matched positioning determines an AUV’s current position by compar-
ing real-time measured geomagnetic information with a prior geomagnetic map, assuming
that the field possesses unique spatial characteristics suitable as a fingerprint for localiza-
tion. Depending on sensor configuration and local observability, the prior map may record
total intensity, vector components, gradients, or derived descriptors, but declination and
inclination should not be assumed useful without demonstrating sufficient spatial variation
and attitude accuracy [87].

Geomagnetic filtered navigation and geomagnetic SLAM both integrate matched
positioning with inertial navigation to achieve continuous and stable position estimation.
Filtered navigation relies on a prior map and uses algorithms such as Kalman or particle fil-
ters to fuse geomagnetic and inertial data, recursively estimating the AUV’s state (position,
velocity, attitude); for example, the Extended Kalman Filter linearizes nonlinear models
to enable recursive estimation. In contrast, geomagnetic SLAM collects geomagnetic and
INS information frame by frame and performs frame-to-frame matching for simultaneous
localization and mapping, thereby eliminating dependence on a prior map. It constructs a
local map while estimating the vehicle’s position, and through continuous map and state
updates, it effectively expands navigational applicability, even in areas where the prior
map is inaccurate or unavailable [37].
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Table 3. Problem-oriented taxonomy and critical comparison of underwater geomagnetic navigation methods.
Category Key Assumption Strengths Limitations Best Use Representative Refs. Data Sources Typical Accuracy Complexity
Low to
Prior Passive: Sensitive to map Reference map; Tens to hundreds of moderate;
Map-based high-resolution inter re, table: resolution, Surveyed routes AUV /ship/towed  meters in informative =~ window, FFT,
geomagnetic magnetic map p ! altitude mismatch, and local [17,20,25,28,72-78] total-field or areas; <100 m KD-tree or
. . e corrects . . . . . .
matching with distinctive ) weak features and  inspection. gradient data; reported in some multiresolution
. INS drift. S .
anomalies. initialization error. INS/DVL. sea trials. search can
reduce cost.
. . . Model mismatch, = Long missions
. . Vehicle mOtl.On ReFur51.Ve nonlinear with INS/DVL Magnetometer, Suppresses INS drift; Moderate to
Filter-aided and magnetic estimation; . 1 INS/IMU/ .
R . observations, aiding and tens to hundreds of high; PF cost
geomagnetic observations can supports . . . [24,37,38,59,79-82] DVL/odometry, )
.2 . . particle intermittent . meters when the map  grows with
navigation be modeled with multi-sensor d . prior map and . . )
- . egeneracy and magnetic . is informative. particle number.
uncertainty. fusion. . ) noise models.
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Prior map is Exploration, Magnetu.j .
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. . i ambiguity, sparse INS/DVL/ ) optimization
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. features, 3D [37,40,41,43] odometry; grows with pose
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. mapping and . optional loop nodes and
can be mapped exploration. 1 map-updating anchors/loop closure. .
. scalability. . closure or map size.
online. missions. e
acoustic fixes.
Navigation should . o Magpetlc map e
. . Improves route Indices are Pre-mission metrics: gradient,  Not a positioning Low to
Matching-area  use areas with . o . . .
2. S . planning and dataset-specific route planning roughness, method; judged by moderate; online
adaptability high information ; [31,32,42,83-86] A .
. reduces false and thresholds are  and map-quality entropy, classification accuracy  evaluation is
evaluation content and low . . . .
ambiguity. matches. not standardized.  assessment. correlation length  and false-match risk. usually light.
' and ambiguity.
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3.1. Principle of Geomagnetic Matching-Based Localization

The working principle of geomagnetic matching navigation involves three steps: first,
a high-resolution geomagnetic reference map is constructed by collecting and storing
characteristic data (intensity, gradient, direction) within a predetermined navigation area;
second, as the carrier (e.g., an AUV) traverses the area, an onboard magnetometer continu-
ously records real-time geomagnetic parameters; third, a matching algorithm compares the
real-time data with the reference map to identify the best match and determine the carrier’s
real-time coordinates [72]. This process relies on three critical elements: a high-accuracy
geomagnetic database, advanced measurement technology using high-sensitivity magne-
tometers, and robust matching algorithms that account for environmental disturbances
and measurement uncertainties.

Current research on geomagnetic matching and positioning has reached a relatively
mature stage, with algorithms classified into four main categories based on feature methods:
correlation-based matching, terrain-matching-derived techniques, gravity or other geo-
physical matching, and methods inspired by image or signal processing. In summary, the
integration of a high-quality database, precise measurement, and sophisticated algorithms
is essential, and continued refinement of these components is key to enhancing accuracy,
reliability, and applicability in diverse underwater environments [88].

3.2. Geomagnetic Matching-Based Localization Algorithms
3.2.1. Correlation-Based Geomagnetic Matching

Methods based on correlation analysis employ correlation criteria to quantify the
degree of alignment between a measurement sequence and any subsequence within the ref-
erence map, thereby determining the positional information of the matching sequence [74].
The correlation criterion can be conceptualized as a cost function that evaluates the align-
ment between real-time measurements and the reference data [19]. Based on this principle,
geomagnetic matching algorithms are primarily classified into three categories [19,74-76].

The first category comprises similarity-based algorithms, which measure the resem-
blance between the measurement sequence and the reference subsequence using metrics
such as the Cross-Correlation Coefficient, Correlation Coefficient, Product Correlation,
and Normalized Product Correlation; these methods seek to maximize the cost function,
with the optimal match corresponding to its maximum value [74]. The second category
consists of difference-based algorithms, which evaluate the degree of divergence using
metrics like Mean Absolute Difference, Mean Square Difference, Absolute Difference, and
Squared Difference, and aim to minimize the cost function [75]. The third category employs
the Hausdorff Distance as a similarity metric, which measures the maximum distance
between two point sets and is particularly useful for sequences with nonlinear or complex
patterns; like difference-based methods, it seeks to minimize the distance to identify the
best match [76]. Thus, similarity-based algorithms maximize while difference-based and
Hausdorff-based algorithms minimize the cost function, a distinction that is critical for
algorithm selection based on application requirements.

Internationally, the concept of Magnetic Contour Matching (MAGCOM) navigation
was first proposed in the 1960s, but experimental verification was not feasible at the time
due to insufficient measured geomagnetic data [20,77,78,89]. It was not until 1974-1976
that the former Soviet Union’s Ramenskoye Company successfully conducted experiments
with the MAGCOM system using real data, thereby validating the concept [79]. In China,
significant progress emerged later; in 2004, Li Sumin et al. from the China Aerospace
Academy III applied the MAD-based MAGCOM algorithm to ground-measured magnetic
data at 50-metre resolution, demonstrating terrestrial feasibility [77].
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More recently, deep learning approaches have been explored. Tan et al. employed a
neural network to train on seafloor point clouds, achieving superior alignment accuracy
over baseline methods [90]; Yingying Wang et al. proposed an underwater data association
method using variational autoencoders with a semantic segmentation module, reaching
a recall rate of 92.31% [91]; and Barros et al. introduced AttDLNet, an attention-based
network for 3D point cloud alignment originally designed for LIDAR, which extracts robust
descriptors for high matching performance [92]. Despite their high accuracy, these deep
learning methods often suffer from low computational efficiency and lack interpretability,
which has revived interest in traditional correlation methods that offer greater transparency
and efficiency in certain scenarios. For example, Yunfei Guo conducted a comparative
analysis of four correlation methods for downhole autonomous navigation, highlighting
the importance of method selection based on the specific geomagnetic environment and
system requirements [93].

Correlation-based algorithms, including similarity-based, difference-based, and
Hausdorff-distance variants, each have unique strengths, and the choice depends on
the desired balance between accuracy, efficiency, and interpretability. Their integration
with machine learning holds promise for further improvement. Critically, however, correla-
tion methods should not be presented as universally robust; their reliability depends on
sequence length, map resolution, trajectory geometry, and the uniqueness of local magnetic
signatures. Future studies should report false-match rates and ambiguity metrics, not only
average positioning errors.

3.2.2. Geomagnetic Matching Algorithm Based on Terrain Matching, Gravity Matching and
Other Geophysical Related Techniques

The principle of geomagnetic matching shares a conceptual foundation with traditional
terrain and gravity matching, as all rely on extracting and processing geophysical features to
identify the optimal position. Many early geomagnetic algorithms were therefore adapted
from terrain matching methods, most notably the TERCOM algorithm developed by British
Aerospace, which has well-established applications in navigation systems [25,94,95]. Other
similar methods include LACOM, RACOM, and SAMSOM. Their fundamental principle is
that, after an initial INS position estimate, a series of sequences parallel to the projected
trajectory are generated and evaluated as matching candidates. However, their efficacy
depends heavily on INS accuracy and reference map quality, and they typically require a
straight-line trajectory, limiting maneuverability; as a result, their localization accuracy and
stability are relatively weak, especially in dynamic or complex environments [96].

To address these limitations, Zheng Hui et al. developed a SITAN method based
on Multiple Model Adaptive Estimation and applied it to two western Pacific areas with
prominent gravimagnetic features, demonstrating the feasibility of gravity and geomagnetic
filtering-aided navigation for submarines [96]. Similarly, Bishop explored an algorithm
using gravitational maps [97]. In geomagnetic matching specifically, Zhao Jianhu et al.
integrated a Hausdorff-distance-based matching criterion into TERCOM with rotational
transformations, significantly improving underwater matching accuracy and reliability [25].
Shengping Wang et al. combined TERCOM with the Iterative Closest Contour Point
algorithm, which not only improved accuracy but also accelerated computational efficiency
for real-time applications [78].

The development of geomagnetic matching algorithms has been heavily influenced
by terrain and gravity techniques, and while traditional methods like TERCOM have laid
the groundwork, their limitations have spurred more sophisticated approaches. Innova-
tions such as Hausdorff-distance integration, MMAE-based SITAN, and TERCOM-ICCP
hybridization have significantly enhanced performance. Critically, however, terrain- and
gravity-aided analogies provide useful templates, but underwater geomagnetic navigation
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has different observability and disturbance characteristics. Directly transferring TERCOM
or SITAN logic without considering magnetic-vector measurement uncertainty, towing ge-
ometry, and depth-dependent anomaly attenuation can lead to over-optimistic conclusions.

3.2.3. Geomagnetic Matching Algorithm Based on Image Processing, Signal Processing and
Other Related Technologies

Image processing and signal processing algorithms have been increasingly integrated
into geomagnetic matching navigation, significantly enhancing performance and robust-
ness. Notable examples include the Iterative Closest Point (ICP) algorithm, the Iterative
Closest Contour Point (ICCP) algorithm, the Differential ICCP (DICCP), and methods
based on geomagnetic information entropy [19,72-76]. These originally image-oriented
techniques have been adapted to address challenges such as noise reduction, error correc-
tion, and improved matching accuracy.

The ICP algorithm, proposed by Besl and McKay [98] and refined by Chen and
Medioni [99] and Zhang [100], is a quaternion-based point-set alignment method widely
used in image alignment and location prediction. Its adaptability and rapid convergence
have enabled successful adaptation for geomagnetic navigation, though it tends to con-
verge to local optima in regions with minimal intensity variations, leading to non-unique
solutions [95]. Improvements include Ejaz’s use of ICP for INS error correction [101];
Wu Meiping et al. enhancing ICP with RANSAC to eliminate outliers [102,103]; and Sun
Xin et al. implementing an ICP-based system using geomagnetic contours as matching
units [104]. The ICCP algorithm [78,105-108], which matches polygonal arc segments by
selecting contour points closest to trajectory distances and incorporating compatibility
constraints, improves robustness but increases computational complexity and parameter
sensitivity. Extensions include Li Yuze et al. applying ICCP to INS correction [109], Zhu
Hai et al. using it for submarine trajectory measurement [110], Sun Dawei adapting it for
cruise missiles [111], and Xiao Shenghong introducing quadratic interpolation to improve
point selection [112].

Phase correlation [113-115] and FFT techniques [116-118], widely used in scene match-
ing, have also been incorporated to leverage frequency-domain characteristics for reducing
interference noise. For example, Lv Yunxiao et al. employed Contour Constraint Match-
ing in the air domain for preliminary trajectory determination, followed by correlation
polar function analysis of frequency-domain geomagnetic spectra, though this remains
computationally intensive [119]. Separately, Shi Zhiyong et al. introduced entropy-based
metrics [83-86], proposing a comprehensive algorithm combining geomagnetic information
entropy and difference entropy that avoids cumulative errors, offers fast computation, and
exhibits strong anti-interference performance [83].

In summary, the integration of ICP, ICCP, phase correlation, FFT, and entropy-based
methods has significantly advanced geomagnetic matching navigation, improving accu-
racy, robustness, and applicability in complex environments. However, challenges remain,
including computational complexity, parameter sensitivity, and sensor precision require-
ments. Critically, comparison across these methods is often inconsistent because studies
use different maps, trajectories, noise models, and initialization errors. A standardized
benchmark that includes weak-feature, strong-anomaly, and interference-rich scenarios is
needed to reveal both success and failure modes.

3.3. Filter-Aided Geomagnetic Navigation

Geomagnetic filtering is a pivotal technology for enhancing navigation accuracy
and reliability, particularly in GNSS-denied environments such as underwater, urban
canyons, and aerospace missions with complex electromagnetic interference. Among
filtering methods, the Kalman filter (KF) is the standard optimal estimator for linear

https://doi.org/10.3390/jmse14151447


https://doi.org/10.3390/jmse14151447

J. Mar. Sci. Eng. 2026, 14, 1447

17 of 31

dynamic systems with Gaussian noise, operating through iterative prediction and update
steps; it has been widely applied in satellite and inertial fusion. However, KF performance
degrades when system nonlinearities or non-Gaussian noise are present, as is common
with geomagnetic field variations.

Particle filtering (PF) approximates the nonlinear Bayesian posterior and, with suit-
able proposal distributions and resampling strategies, can approach the minimum-mean-
square-error estimate, though it suffers from computational cost, weight degeneracy, and
sample impoverishment. A representative implementation is the Sandia Inertial Magnetic
Aided Navigation (SIMAN) system, which integrates an IMU, a geomagnetic sensor, and a
filtering-based navigation algorithm (KF or PF) to fuse continuous inertial motion data with
absolute geomagnetic positional fingerprints, thereby delivering highly accurate navigation
information [79]. The schematic diagram of the SIMAN algorithm is shown in Figure 5.

Reference Measured
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Strapdown Inertial o Geomagnetic

Geomagnetic
Navigation System . Reference Map Sensor
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Extended Kalman
Filter

A

Navigation Information
Correction 8L,6A

Figure 5. Schematic of the SIMAN algorithm.

As described by Cheen K et al., the SIMAN system selects position and velocity errors
as state vectors and formulates corresponding prediction and observation equations, which
are processed by a filtering algorithm to obtain position corrections, demonstrating advan-
tages in accuracy, stability, and real-time performance [80]. However, the strong nonlinear-
ity of the magnetic field means that linearization in filters such as the extended Kalman
filter used in SIMAN can introduce significant errors that accumulate over time, leading
to filter divergence and degraded accuracy. To mitigate this, Yandeng Yang introduced an
inertial /geomagnetic tight-combination navigation system based on the Unscented Kalman
Filter (UKF), which uses Sigma points propagated through nonlinear equations to avoid
explicit linearization, thereby improving accuracy and computational efficiency [24]. Sheng-
ping Wang et al. adopted a different strategy, using geomagnetic matching to initialize the
system by comparing real-time data with pre-stored maps, which determines the linearized
region’s center and size, preventing divergence and accelerating convergence [120].

Particle filtering has also been extensively applied in geomagnetic filtering for nonlin-
ear localization problems. Xie HW et al. proposed the MaLoc method, which uses position
and heading as particles, with weights determined by differences in consecutive magnetic
field measurements and their probability distribution; through resampling, this method
achieved positioning accuracy of 1 to 2.8 m [121]. However, particle-filter-based methods
can encounter divergence with continuity changes in geomagnetic distribution [122]. Im-
provements have focused on motion, measurement, and weight update models: Xie HW
et al. proposed dynamic step-length estimation to enhance the motion model, achieving
1 to 2 m accuracy after filtering [123]; in 2016, the U.S. Air Force Institute of Technology
incorporated the Earth’s magnetic anomaly field as observational information using high-
resolution USGS aerial maps, achieving an RMS error of 21.51 m at 500 m altitude; and
Canciani A et al. improved the weight update model by using geomagnetic information
to eliminate invalid particles, reducing maximum localization error to below 1.5 m with a
53.33% probability of achieving 1-metre accuracy [124].
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In conclusion, the development of KF, PF, and their variants has significantly advanced
navigation, with improvements to systems like SIMAN enhancing accuracy, reliability,
and application scope. Future research may focus on further optimizing algorithms, in-
tegrating new sensors, and exploring innovative data-fusion techniques for more accu-
rate geomagnetic-aided inertial navigation in complex environments. Critically, filtering
frameworks are attractive for AUV navigation because they naturally integrate INS, DVL,
acoustic, and geomagnetic measurements, but their weakness is that the observation model
is usually nonlinear, map-dependent, and spatially nonuniform. Therefore, future filter
designs should explicitly model map uncertainty, magnetic measurement covariance, and
outlier rejection instead of relying only on nominal sensor noise.

3.4. Geomagnetic SLAM

Geomagnetic positioning technology is a sophisticated method of navigation and
localization that capitalizes on the unique properties of the Earth’s magnetic field. As
described in the previous section, the geomagnetic filtering and geomagnetic matching
methods typically necessitate the prior construction of an accurate magnetic field map.
However, in scenarios where a pre-established magnetic field map is absent, geomagnetic
SLAM technology emerges as a crucial solution. Geomagnetic SLAM allows the carrier,
such as an unmanned aerial vehicle (UAV), a mobile robot, or an underwater vehicle,
to concurrently determine its own position and construct a magnetic field map during
movement, thereby realizing autonomous localization and navigation [125].

As illustrated in Figure 6, the geomagnetic SLAM technique typically follows a sequen-
tial pipeline. It begins with sensor information reading, collecting data from magnetometers
(magnetic field strength and direction) and inertial sensors (acceleration and angular ve-
locity from an IMU). Based on the carrier’s motion characteristics, a motion model (e.g., a
kinematic model for wheeled robots) is established to predict future positions and orienta-
tions. A critical step is loopback detection, which identifies when the carrier has returned to
a previously visited location, enabling correction of accumulated localization and mapping
errors. Once loopbacks are detected, an optimization procedure (using least-squares or
other algorithms) adjusts the pose estimates to minimize the discrepancy between predicted
and measured values. Finally, as the carrier moves and more data are collected, a magnetic
field map is constructed, which can be grid-based or feature-based and serves as a reference
for subsequent navigation.

In addition to these general SLAM steps, the magnetic sensors are individually and
robustly coupled with the IMU to compensate for IMU drift. By measuring the actual
geomagnetic field direction and fusing it with inertial data through Kalman filtering, the
system significantly improves attitude estimation accuracy [126]. This coupling is essential
for maintaining reliable performance in dynamic environments.
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Figure 6. Process of the geomagnetic SLAM algorithm.
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Geomagnetic SLAM techniques can be classified into two main categories based on
their underlying estimation frameworks.

The first category comprises filtering-based methods, which estimate the carrier’s
position and attitude while simultaneously constructing a magnetic field map. For example,
the approach described in reference [127] employs a particle filter to represent the posterior
state distribution as a set of weighted particles, combined with Gaussian process regression
to model the magnetic field, enabling efficient localisation and mapping using only mag-
netic and odometry information. The second category consists of graph-optimisation-based
methods, which, after detecting loop closures, adjust graph vertices through least-squares
iterative optimisation to minimise errors. Common edge constraints include odometry and
loop-closure constraints, while additional constraints on magnetic features have also been
introduced [128]. In graph-based SLAM, carrier poses and landmark positions are repre-
sented as vertices, and constraints as edges; optimising the graph enhances localisation and
mapping accuracy.

To enhance the localization and geomagnetic map accuracy of geomagnetic SLAM,
researchers have carried out in-depth studies in the following areas:

Selection of observational information: The choice of magnetic eigenquantities suitable for
the specific scenario of use is crucial. For example, the reference [129] takes into account the
characteristics of magnetic measurements of aerial vehicles. Aerial vehicles may encounter
different magnetic field environments during flight, and by selecting appropriate magnetic
features, the accuracy of localization can be improved. In addition, reference [130] explores
the use of artificial magnetic beacons as wayfinding beacons underwater, which provides a
new way for underwater navigation in areas with complex magnetic field conditions.

Loopback detection method: The SLAM method heavily relies on loopback detection to
correct the position and map. Reference [129] performs positional relationship detection by
setting the trigger radius. When the distance between the current position and a previously
visited position is within the trigger radius, a loopback may be detected. On the other hand,
references [128,131] perform loopback detection by calculating the similarity of magnetic
sequences. By comparing the magnetic field sequences measured at different times, the
system can determine whether the carrier has returned to a previously visited location.

Optimization strategy development: After detecting a loopback, an appropriate optimiza-
tion strategy is essential for improving the accuracy of localization and geomagnetic map
construction. Iterative optimization methods mentioned in the literature include generic
graph optimization [132], network optimizer [133], stochastic gradient descent [134], and
so on. These optimization methods can adjust the carrier’s pose and the magnetic field map
to reduce the accumulated errors and improve the overall accuracy of the SLAM system.

These research advances demonstrate that geomagnetic SLAM technology holds
great potential and application value for mapless localisation, particularly in aviation and
underwater environments where GNSS signals may be disrupted or electromagnetic wave
penetration is limited, making it suitable for autonomous navigation and mapping of
underwater vehicles.

Critically, however, geomagnetic SLAM is promising but its maturity is lower than
that of map-dependent matching. The key unresolved issues include magnetic-feature
repeatability, reliable loop-closure detection in 3D underwater motion, scalable map rep-
resentation, and the coupling between magnetic observations and vehicle attitude errors.
Claims of map-free navigation should therefore be supported by long-range field trials and
open datasets.
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4. Development Trends and Critical Challenges

Since its inception at the end of the 20th century, underwater geomagnetic navigation
technology has experienced a significant and gradual evolution. Initially, the focus was
on theoretical exploration, where researchers delved into the fundamental principles and
feasibility of using the Earth’s magnetic field for underwater navigation. Over time, this
foundational knowledge led to advancements in algorithm development and optimization,
enabling more accurate and reliable navigation solutions. The technology also expanded
from relying solely on geomagnetic data to integrating multiple sources of information,
such as acoustic signals, inertial measurements, and other environmental data, thereby
enhancing the robustness and precision of the navigation system. Furthermore, it has pro-
gressed from primarily addressing static environments, where the magnetic field remains
relatively stable, to effectively coping with dynamic interferences, such as those caused by
underwater currents, man-made structures, and other sources of magnetic anomalies. This
evolution reflects the continuous efforts to improve the adaptability and effectiveness of
underwater geomagnetic navigation in various complex scenarios.

4.1. From Basic Theory to Algorithm Innovation
4.1.1. Early Theoretical Foundation (Before 2008)

The geomagnetic navigation technology was initially inspired by terrestrial terrain
matching and aerial magnetic navigation. In 2008, Hao Yanling and colleagues system-
atically analyzed the feasibility of underwater geomagnetic matching for the first time,
pointing out that the core challenges lie in the insufficient accuracy of geomagnetic maps
and the impact of interfering magnetic fields. They proposed two technical approaches:
the first is to eliminate local magnetic anomalies through wavelet multi-scale filtering and
match them with the global geomagnetic model; the second is to use the SLAM algorithm to
achieve autonomous navigation by leveraging the characteristics of geomagnetic anomalies.
This stage clarified the key issues that need to be addressed in underwater geomagnetic
navigation and laid the foundation for subsequent research [135].

4.1.2. Algorithm Optimization and Model Construction (2010-2015)

After 2010, the research focus of underwater geomagnetic navigation shifted to algo-
rithm improvement and local geomagnetic field modeling. The ICCP (Iterative Closest
Point) algorithm became mainstream, and Zhao Jianhu et al. optimized the local geomag-
netic field accuracy through multi-surface function modeling. Experiments showed that
the matching error is positively correlated with the background field accuracy (for every
1 nT increase in background field error, the matching error increases by 0.5 to 1 m) [136].
The TERCOM (Terrain Contour Matching) algorithm was also improved by introducing the
Hausdorff distance criterion and adaptive rotation angle optimization, enhancing the posi-
tioning accuracy to the hundred-meter level [30]. Additionally, there was a breakthrough in
potential field continuation technology, where the potential field integral iteration method
extended the underwater magnetic field from airborne survey data, solving the instability
issue of the traditional Fourier transform method [71].

4.1.3. Anti-Interference and Dynamic Environment Algorithms (2015-2020)

In response to the complex underwater environment, the research focus has shifted
towards dynamic interference compensation. Particle filtering and Monte Carlo methods
have been applied to non-Gaussian noise environments, effectively addressing the issues of
accumulated errors in inertial navigation and the instability of magnetometer attitudes [40].
Meanwhile, bio-inspired navigation algorithms have emerged. Inspired by biological
navigation, Liu Mingyong et al. proposed evolutionary gradient search and heading
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compensation strategies, which effectively counteract the trajectory drift caused by ocean
currents [30,137].

4.2. From Single Scenarios to Multi-Platform Integration

Early underwater geomagnetic navigation research focused on passive stealth nav-
igation for submarines, with Cai Zhaoyun et al. (2007) emphasizing the need for high-
precision geomagnetic models and anti-interference algorithms to enable autonomous
positioning [138]. With the increasing use of AUVs in marine resource exploration, the
combination of geomagnetic and inertial navigation has become mainstream; Song Baowei
(2022) reviewed geomagnetic navigation practices on AUVs such as the “Jiaolong” and
identified a precision bottleneck at the semi-physical simulation stage (hundred-meter
level), proposing multi-sensor fusion as a solution [139]. Bio-inspired navigation has also
been applied to AUVs, as exemplified by Li Hong (2025), who achieved dynamic heading
correction through ocean current kinematics modelling [30].

The trend towards multi-source integration and miniaturization has been reinforced
by Wu Zhitian (2012) development of strapdown triaxial magnetometer attitude calibration,
which significantly improves measurement accuracy [140]. The fusion of geomagnetism
and RFID was successfully demonstrated by Wang Jinhua (2018), achieving meter-level
positioning in mines and expanding application scenarios in complex environments [141].
Furthermore, Yang Yuanxi (2017) advanced the integration of gravity, geomagnetism and
sonar, proposing a seamless underwater multi-sensor navigation system that drives the
development of integrated equipment [142].

4.3. Core Technical Challenges

Early efforts to improve prior geomagnetic map accuracy were hampered by
low resolution (50-metre grids), which caused underwater matching errors exceeding
500 metres [143]. Subsequent advances using high-precision magnetometer arrays [144]
and optimised regularisation parameters [145] improved model accuracy to within 5 nT
and reduced positioning errors to the hundred-metre level. These developments, together
with existing geomagnetic instruments and maps, have provided strong technical support
for marine geomagnetic matching, ensuring its feasibility [135]. For dynamic interference
compensation, ocean current impacts were addressed by Li Hong (2025), who established
AUV kinematic equations and estimated current velocity to achieve trajectory correction,
with simulations showing a 70% reduction in drift error [30]. Similarly, Liu Mingyong
(2015) designed a dynamic correction filter that maintains positioning stability even during
geomagnetic storms [29].

Real-time performance and computational bottlenecks remain significant challenges.
The particle filter, commonly used for non-Gaussian state estimation in nonlinear systems,
requires up to 50,000 samples for convergence, imposing a heavy computational load.
Future directions may include the application of deep learning algorithms to optimise geo-
magnetic matching and dynamically filter interference signals, as well as the introduction
of edge computing technology to enable real-time underwater geomagnetic navigation.

4.4. Summary of Development Patterns
4.4.1. The Evolutionary Process of Technology

The development patterns of underwater geomagnetic navigation technology can
be summarized as “demand-driven algorithm iteration, interdisciplinary breakthroughs
to overcome bottlenecks, and multi-source integration to expand application scenarios.”
In the future, continuous breakthroughs are needed in three aspects: real-time modeling,

lightweight algorithms, and robust anti-interference capabilities, to achieve the leap from
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“laboratory validation” to “global ocean application.” Table 4 illustrates the representative

developmental phases of underwater geomagnetic navigation technology.

Table 4. Representative Technological Milestones.

Stage

Key Technological Breakthroughs

Core Contributions

Theoretical foundation period

Feasibility Analysis of Geomagnetic
Matching

Proposed application path for
SLAM algorithm

Algorithm optimization period

Improvement of ICCP and TERCOR

Local modeling accuracy enhanced
to5nT

Dynamic-environment response

Bio-inspired Navigation and Particle
Filtering

Ocean current compensation,
non-Gaussian noise suppression

System-integration period

Multi-sensor Fusion
(Geomagnetic-Inertial-RFID)

Achieved applications in multiple
scenarios such as mines and AUVs

Forward-looking Exploration Period

Addressed computational power
bottlenecks and model
updating issues

Deep Learning and Real-time
Continuation Algorithms

4.4.2. The Evolutionary Path of Technology

In the evolution of underwater navigation technology, the algorithm layer has pro-
gressed from traditional matching algorithms (such as ICCP and TERCOR) to bio-inspired
and intelligent algorithms (such as particle filtering and evolutionary search), and ulti-
mately to multi-source fusion algorithms (such as the integration of geomagnetic, inertial,
and gravity data). The model layer has evolved from global geomagnetic models to
high-resolution local models and further to dynamically updated real-time models. The
application layer has expanded from submarine stealth navigation to AUV ocean explo-
ration, and then to complex environments involving multiple platforms (such as mines and
polar regions). This developmental trajectory reflects the trend of advancing from basic to
advanced technologies and from single-source to multi-source approaches, laying a solid
foundation for the widespread application of underwater navigation technologies.

In the process of technological development, demand-driven progress and technologi-
cal breakthroughs have been mutually reinforcing. On the one hand, the military’s need for
stealth has propelled early research, while the demand for civilian ocean development has
facilitated the practical application of the technology. On the other hand, interdisciplinary
integration has emerged as a significant driving force for technological breakthroughs. The
introduction and integration of geophysics (potential field continuation), bionics (mecha-
nisms of biological navigation), and artificial intelligence (deep learning) have collectively
propelled technological advancements in this field.

4.4.3. Future Development Trends

In the key directions for future technological development, the construction of high-
precision geomagnetic reference maps is crucial, with sub-hundred-meter resolution and
real-time updating capabilities forming the basis for precise navigation [139,142]. Mean-
while, the development of intelligent anti-interference algorithms has also become a priority.
By integrating reinforcement learning to achieve environment-adaptive navigation, these al-
gorithms can effectively cope with the complex and variable underwater environment [30].
Additionally, advancements in miniaturized sensor technology have brought breakthroughs
to this field. The integration of magnetometers and inertial units not only enhances mea-
surement accuracy but also significantly reduces the payload of AUVs, providing strong
support for the efficient operation of underwater vehicles [40].
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5. Discussion and Future Perspectives

The preceding review indicates that the central challenge of underwater geomag-
netic navigation is not the absence of algorithms, but the mismatch between algorithmic
assumptions and underwater operating conditions. Many studies demonstrate feasibil-
ity in localized or well-surveyed regions, yet fewer provide transferable evidence across
depth, speed, vehicle type, magnetic cleanliness, reference-map resolution, and geomag-
netic anomaly richness. Future work should therefore prioritize reproducible datasets,
uncertainty-aware benchmarks, and field experiments that report not only final positioning
error but also map resolution, sensor configuration, initialization error, computational load,
and failure cases.

For reference management, all in-text citations should be checked against the final
reference list, and every cited source should include complete bibliographic information
according to the target SCI journal style. Particular attention should be paid to author
spelling, year consistency, journal title capitalization, volume/issue/page information, DOI
availability, and the removal of duplicate or weakly related references.

5.1. Improvement of Geomagnetic Matching Algorithms

The current geomagnetic matching algorithms still have deficiencies in complex en-
vironments. Future research can be approached from three aspects: First, develop more
advanced algorithms, such as those based on deep learning. By training with a large
amount of geomagnetic data, these algorithms can automatically learn the complex pat-
terns of geomagnetic features, thereby improving matching accuracy. Second, in response
to interference sources in underwater environments, such as marine organisms and seabed
minerals, study matching algorithms with strong anti-interference capabilities, like adap-
tive filtering techniques, to achieve real-time identification and suppression of interference
signals and enhance the reliability of matching. Finally, conduct research on multi-source
data fusion matching by integrating geomagnetic data with data from other navigation sen-
sors, such as acoustic and gravity sensors. Utilize multi-sensor data fusion algorithms (such
as Kalman filtering and particle filtering) to achieve synergistic matching of multi-source
data, including geomagnetic, acoustic, and gravity data, fully leveraging the advantages of
various types of information to further improve the accuracy and reliability of navigation.

5.2. Construction and Updating of Geomagnetic Reference Maps

To better meet the navigation needs of underwater vehicles, efforts should be made
in three areas: First, the creation of high-precision geomagnetic reference maps. Existing
geomagnetic reference maps still have room for improvement in terms of precision and
resolution. By using high-precision geomagnetic measurement equipment and advanced
data processing techniques, higher-precision and higher-resolution geomagnetic reference
maps can be produced, providing a more accurate reference for geomagnetic matching.
Second, the establishment of a dynamic updating mechanism. Since the geomagnetic field
is dynamically changing, it is necessary to continuously monitor the geomagnetic field to
obtain real-time changes and promptly update the geomagnetic reference maps to ensure
their timeliness and accuracy. Third, the expansion of coverage. The current coverage of
geomagnetic reference maps is limited, especially in remote seas and deep ocean areas.
Therefore, it is essential to further expand the coverage to meet the navigation requirements
of underwater vehicles worldwide.

5.3. Enhancement of Sensor Technology

To enhance the performance of underwater magnetic navigation, efforts need to be
made in three areas: First, develop high-precision, high-sensitivity magnetometers. As the
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core sensors for underwater magnetic navigation, their precision directly affects navigation
performance. They can more accurately measure the subtle changes in the geomagnetic
field, thereby improving navigation accuracy. Second, research more effective sensor cal-
ibration methods and error compensation techniques to address the impacts of various
factors such as temperature, pressure, and magnetic interference that magnetometers ex-
perience during use. This will reduce measurement errors and enhance the precision and
stability of the sensors. Finally, achieve multi-sensor integration by combining magnetome-
ters with other sensors, such as inertial sensors and acoustic sensors. By working together
through data fusion technology, these sensors can complement each other’s advantages,
improving the overall performance and reliability of the navigation system.

5.4. Selection and Optimization of Matching Areas

To enhance the performance of underwater navigation, research needs to be conducted
in three areas: feature extraction and matching area identification, optimization strategies
for matching areas, and collaborative navigation using multiple matching areas. First, more
effective feature extraction methods should be developed to automatically identify areas
with rich geomagnetic features, thereby improving the accuracy and efficiency of matching
area selection. For example, machine learning algorithms, such as principal component
analysis and neural networks, can be used to extract and identify features from geomagnetic
data and automatically select matching areas. Second, based on the mission requirements
and environmental conditions of underwater vehicles, optimization strategies for matching
areas should be developed to dynamically adjust the scope and position of matching area
selection. Factors such as the vehicle’s speed, heading, and seafloor topography should
be considered to choose the optimal matching area and enhance navigation performance.
Finally, in some complex missions, multiple matching areas may need to work together.
Therefore, collaborative navigation technology using multiple matching areas should be
studied to enable information sharing and collaborative matching among these areas,
further improving the accuracy and reliability of navigation.

5.5. Integration with Other Navigation Technologies

To enhance the performance of underwater navigation, geomagnetic navigation can be
integrated with other navigation technologies. First, by combining geomagnetic navigation
with an inertial navigation system, the long-term stability of geomagnetic navigation can
be used to correct the cumulative errors of inertial navigation, thereby improving the
accuracy and reliability of navigation. Second, integrating geomagnetic navigation with
sonar navigation can compensate for the limitations that sonar navigation may encounter
in the underwater acoustic channel, leveraging the strengths of both to further improve
navigation precision and reliability. Finally, when underwater vehicles are on the water
surface or near the surface, integrating them with satellite navigation systems can enable
rapid positioning and updates of navigation information, thereby enhancing the overall
performance of the navigation system.

5.6. Bionic Navigation Technology Research

By conducting in-depth research on the navigation mechanisms of marine organisms,
such as the principles by which dolphins and sharks use the geomagnetic field for naviga-
tion, new ideas and methods can be provided for underwater geomagnetic navigation. For
example, studying the magnetic induction organs and neural signal processing mechanisms
of these organisms can explore their applications in geomagnetic navigation. Based on
these biological navigation mechanisms, bionic navigation algorithms can be developed to
simulate the navigation behaviors of these organisms, thereby improving the performance
of underwater magnetic navigation. For instance, bionic algorithms such as ant colony opti-
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mization and particle swarm optimization can be used to achieve path planning and target
localization in magnetic navigation. Additionally, designing bionic sensors to simulate
the magnetic induction capabilities of biological organisms can enhance the performance
and sensitivity of sensors. For example, developing bionic magnetometers based on the
principles of biological magnetic induction can improve the accuracy and resolution of
geomagnetic field measurements.

5.7. Adaptability to Underwater Complex Environments

To enhance the performance of underwater magnetic navigation systems in complex
marine environments, research needs to be conducted in three areas. First, the character-
istics of high pressure, low temperature, and darkness in the deep-sea environment pose
higher demands on magnetic navigation systems. Therefore, it is necessary to study the
adaptability of the system in the deep-sea environment, including the pressure tolerance,
temperature tolerance, and anti-interference capabilities of sensors, in order to improve its
working performance in the deep sea. Second, complex seafloor topography can interfere
with geomagnetic signals, thereby affecting navigation accuracy. Thus, geomagnetic naviga-
tion methods under complex seafloor topography need to be studied, such as terrain-aided
navigation technology that combines seafloor topographic information and geomagnetic
information, to improve the accuracy and reliability of navigation. Finally, the marine envi-
ronment is dynamically changing, with factors such as ocean currents and tides affecting
geomagnetic signals. Therefore, the adaptability of geomagnetic navigation systems in
a dynamic marine environment also needs to be studied to ensure their stable operation
under constantly changing conditions.

5.8. System Integration and Application Verification

System integration and optimization, application validation and testing, as well as
standardization and regulation are key elements in enhancing the performance of under-
water magnetic navigation systems. First, by integrating geomagnetic navigation systems
with other navigation systems, control systems, etc., and by researching system integration
architectures and interface designs, seamless connections and collaborative operations
between different systems can be achieved, thereby optimizing the overall performance
of the system. Second, application validation and testing on actual underwater vehicles,
through extensive experiments and tests, continuously improve the design and optimize
the system to assess its performance and reliability, and enhance its practicality and relia-
bility. Finally, establishing technical standards, testing standards, data formats, and other
standard specifications for underwater magnetic navigation systems can help promote the
dissemination, application, and industrial development of this technology.

6. Conclusions

Underwater geomagnetic navigation is best understood as an end-to-end sensing, map-
ping, and nonlinear estimation problem. Reliable performance requires magnetic measure-
ments whose uncertainty is small relative to local anomaly contrast; reference maps with
documented spatial, temporal, and interpolation uncertainty; and algorithms selected ac-
cording to map availability, observability, initialization, and computational resources. Scalar
total-field measurements are operationally attractive, while vector and gradient measurements
can add information when calibration and attitude accuracy are sufficient.

The literature shows promising local demonstrations but does not yet support a uni-
versal accuracy claim. Progress toward dependable long-duration AUV operation requires
standardized benchmark datasets, magnetic-clean vehicle design, repeated three-dimensional
surveys, explicit uncertainty budgets, false-match reporting, and sea trials that document sen-
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sor configuration, map resolution, initialization, environmental conditions, and computational
cost. Multi-sensor fusion and emerging quantum magnetometers are important opportunities,
but their benefit must be evaluated within this complete evidence chain.
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