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ABSTRACT: In underwater environments where global navigation satellite systems are unavailable, autonomous
underwater vehicles and other underwater vehicles require autonomous navigation methods, among which matching
navigation based on seafloor topography, gravity anomalies, and geomagnetic anomalies can effectively mitigate the
cumulative errors of inertial navigation systems. To exploit the complementary characteristics of different geophysical
fields, multi-source data fusion has become a key technique for improving the robustness and accuracy of underwater
matching navigation. This review systematically examines recent advances in underwater geophysical-field data fusion.
First, existing methods are categorized into three levels: map-level, feature-level, and decision-level fusion, and a
standardized preprocessing pipeline is summarized. On this basis, the core fusion strategies at each level are distilled.
Map-level fusion focuses on spatial interpolation and multi-source joint inversion. Feature-level fusion covers the
evolution from traditional descriptors to lightweight deep representations and decision-level fusion discusses filtering-
based mechanisms, factor graph-based frameworks, and robust matching strategies. Furthermore, a comprehensive
testing and benchmarking scheme is proposed, covering datasets, task definitions, and evaluation metrics. Finally,
emerging directions, including the integration of physical modeling with learning-based enhancement and adaptive
uncertainty management, are discussed. This review aims to provide a unified and reproducible reference for future
research and system implementation in underwater geophysical-field fusion navigation.

KEYWORDS: Underwater navigation; geophysical-field matching; data fusion; seafloor topography; gravity anomaly;
geomagnetic anomaly; robust matching; benchmarking

1 Introduction
In Global Navigation Satellite System (GNSS) restricted or denied marine and polar environments,

autonomous underwater vehicles (AUVs) commonly rely on inertial navigation system (INS)/Doppler
velocity log (DVL) integrated navigation or ultra-short baseline (USBL) acoustic navigation [1–4]. However,
INS/DVL navigation suffers from time-accumulating inertial errors and possible DVL performance degra-
dation in deep-water conditions, whereas USBL navigation depends on a limited and high-cost acoustic
transponder network, making it unsuitable for large-scale or covert missions. Geophysical-field matching
navigation, which exploits inherent physical fields such as seafloor topography, geomagnetism, and gravity,
provides an autonomous positioning paradigm that does not depend on external infrastructure [5–9].
Therefore, the term underwater geophysical-field matching navigation in this review specifically refers
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to the self-localization, drift correction, and trajectory correction of AUVs and other underwater vehi-
cles operating in GNSS-denied underwater environments. Nevertheless, single-field matching has limited
robustness in areas with ambiguous field characteristics or strong external disturbances. Therefore, fusing
multi-source geophysical fields to establish a cooperative matching framework has become a key approach
for improving navigation accuracy, reliability, and environmental adaptability. This paper systematically
reviews the methodological framework and research progress of multi-field data fusion in underwater
matching navigation.

In recent years, researchers have attempted to fuse multiple geophysical fields to enhance under-
water matching navigation performance. Representative combinations include bathymetry–gravity and
gravity–geomagnetism [10–13], as well as bathymetry–gravity–geomagnetism and related multi-source
configurations [14–16]. These studies indicate that both direct multi-field fusion and improved single-field
matching modules are important foundations for robust underwater geophysical-field matching navigation.
According to the fusion strategy, existing methods can be categorized into three levels: map-level fusion,
feature-level fusion, and decision-level fusion. At the map level, representative studies include the fusion of
multi-source gravity anomaly data using optimal interpolation or kriging [17], as well as the construction
of high-resolution base maps through joint inversion using both gravity and geomagnetic data [18]. For
feature-level fusion, gradients, wavelet coefficients, and statistical features are extracted from bathymetric,
gravity, and geomagnetic fields to construct combined feature vectors for matching [19]; recent studies have
also explored lightweight neural networks to automatically learn cross-field features [20]. For decision-
level fusion, common strategies include fusing the matching results from different physical fields through
weighted averaging, Bayesian estimation, or factor graphs [21], as well as directly incorporating multi-field
observations into extended Kalman filter (EKF) or particle filter (PF) frameworks [22]. These methods have
demonstrated the advantages of multi-field fusion over single-field matching under specific sea-area or
simulation conditions, for example, by improving the matching success rate or suppressing long-term drift.

However, existing methods still face several key challenges that have not been systematically addressed
in the literature. To further clarify the novelty and scope of this review, Table 1 compares the present work
with representative related review articles. The comparison demonstrates that, unlike previous surveys, this
review focuses specifically on underwater geophysical-field matching navigation and provides a comprehen-
sive analysis covering three-level fusion strategies, uncertainty management, and standardized evaluation
benchmarks. First, cross-source heterogeneity remains significant. The units, coordinate systems, and verti-
cal datums of geomagnetic-field, gravity-field, and bathymetric data differ from one another. Moreover, the
removal methods for main or reference fields, such as the International Geomagnetic Reference Field (IGRF),
the World Magnetic Model (WMM), and the Earth Gravitational Model (EGM), have not been unified.
Directly superimposing these datasets may introduce systematic biases and scale inconsistencies. Recent
marine gravity and magnetic mapping studies further show that different survey sources, data processing
strategies, and map-generation procedures can significantly affect the consistency and navigation usability of
the resulting reference maps [14,23]. Second, spatial resolution and spectral content are often mismatched. In
practical navigation, high-precision onboard sensors, such as sonar and inertial measurement units(IMUs),
often provide finer-scale and higher-frequency information, whereas regional gravity and geomagnetic back-
ground maps are typically provided on relatively coarse angular grids. Conventional interpolation methods
may therefore lead to information loss or distortion. Recent studies on gravity-map refinement and multi-
source gravity-field fusion also indicate that short-wavelength details and long-wavelength consistency must
be handled jointly, rather than through naive interpolation alone [24–26]. At present, no widely accepted
standard approach is available for smoothly merging long- and short-wavelength components to achieve
cross-scale consistency. Third, base maps generally lack pixel-level uncertainty characterization. Most maps
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report only nominal or global accuracy, without pixel-level error bounds, confidence layers, or quality masks
that can be directly used in computation. As a result, fusion weights and gating thresholds are often tuned
empirically, and uncertainty cannot be effectively propagated into the matching likelihood function or the
filter noise model. Recent uncertainty-aware magnetic and gravity navigation studies have shown that map
uncertainty, local information density, and matching confidence strongly influence the stability of filtering
and map matching [27,28]. Fourth, dynamic environments and sensor drift require online adaptability.
Geophysical-field observations are affected by dynamic disturbances such as ocean currents and temperature
variations, as well as by sensor drift. Traditional fusion methods often assume static or weakly time-varying
conditions, making them prone to weight mismatch and estimation bias in dynamic environments. Recent
work on magnetic navigation and gravity-gradient matching further suggests that weak anomaly signals,
vehicle-induced disturbances, temporal geomagnetic variations, and multi-component map-matching errors
need to be explicitly considered in robust navigation frameworks [29,30].

Table 1: Comparison between this review and previous related reviews.

Review Geophysical
Fields Fusion Strategy Evaluation Uncertainty Benchmark

Paull et al. 2014 [1] No No Limited No No
Ma et al. 2023 [31] Terrain Limited Partial No No

Merveille et al. 2024 [32] Multi sensors Sensor fusion Yes Limited No
Heshmat et al. 2025 [33] Multi-modal Learning fusion Yes No No

Ours Terrain + gravity
+ geomagnetism

Map + Feature +
Decision Yes Yes Yes

In response to the above challenges, the main contributions of this paper are summarized as follows:

• Existing multi-field data fusion methods are systematically summarized. The objectives, representative
methods, applicable scenarios, advantages, and limitations of map-level, feature-level, and decision-
level fusion are clarified, providing a principled basis for selecting appropriate fusion strategies under
different task requirements.

• A systematic data-processing and interface specification is proposed to facilitate engineering imple-
mentation. The corresponding preprocessing pipeline covers calibration and correction, reference-field
removal, coordinate and datum unification, scale alignment and resampling, and standardized filtering.
This pipeline helps improve interoperability among system components and reduces the difficulty of
deployment in real environments.

• A reproducible evaluation system is constructed. Specifically, a multi-dimensional performance assess-
ment framework is established, covering accuracy, convergence rate, mismatch ratio, computational
cost, and energy consumption. This framework supports quantitative, comparable, and reproducible
evaluation of navigation performance, thereby contributing to the goal of bounded-error navigation.

The remainder of this paper is organized as follows. Section 2 describes the review methodology,
and Section 3 presents the overall three-level fusion framework. Section 4 summarizes the data preprocessing
pipeline and interface specifications. Sections 5–7 review map-level, feature-level, and decision-level fusion
methods, respectively. Section 8 describes the evaluation system and experimental baselines, Section 9
provides a discussion, and Section 10 concludes the paper with an outlook on future directions.
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2 Review Methodology
To ensure that the literature search, screening, and subsequent analysis were conducted in a systematic

and objective manner, this review was guided by the following research questions (RQs):

• RQ1: What are the major multi-source geophysical-field fusion strategies employed in underwater
matching navigation?

• RQ2: How are heterogeneous geophysical-field data (e.g., bathymetry, gravity, and geomagnetism)
processed and integrated at different fusion levels?

• RQ3: What are the advantages, limitations, and applicable scenarios of map-level, feature-level, and
decision-level fusion methods?

• RQ4: What evaluation criteria, benchmark datasets, and performance metrics are commonly adopted
to assess multi-source geophysical-field matching navigation methods?

• RQ5: What open challenges and future research directions remain for robust multi-source geophysical-
field fusion in underwater navigation?

To answer the above research questions in a transparent and reproducible manner, the literature search
and screening process was designed with reference to the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) 2020 statement [34,35]. The review protocol was designed to ensure that the
identified studies could provide sufficient evidence to address the proposed research questions regarding
fusion strategies, data processing, evaluation methodologies, and future research directions. The literature
search was conducted mainly in Web of Science, Scopus, IEEE Xplore, ScienceDirect, SpringerLink, and
China National Knowledge Infrastructure(CNKI). The search covered studies published from 2010 to May
2026, with particular attention given to recent work published since 2020 on underwater geophysical field
matching navigation and multisource data fusion. The database-specific search fields and Boolean search
strings are summarized in Table 2. The syntax was adapted to the search interface of each database while
retaining the same three conceptual groups.

Table 2: Database-specific search fields and Boolean search expressions used for literature retrieval.

Item Search Field or Concept Search Block or Database-Specific Expression
Common search blocks

N Navigation objects and
scenarios

“underwater navigation” OR “AUV navigation” OR
“underwater vehicle navigation” OR “autonomous

underwater vehicle localization” OR
“geophysical-field matching navigation” OR
“terrain-aided navigation” OR “gravity-aided

navigation” OR “geomagnetic navigation”

F Fusion methods

“data fusion” OR “multi-source fusion” OR
“map-level fusion” OR “feature-level fusion” OR
“decision-level fusion” OR “Bayesian fusion” OR

“Kalman filter” OR “particle filter” OR “factor graph”

G Geophysical-field data
types

“seafloor topography” OR bathymetry OR “gravity
anomaly” OR “geomagnetic anomaly” OR “magnetic

anomaly map”

(Continued)
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Table 2 (continued)

Item Search Field or Concept Search Block or Database-Specific Expression

Database-specific search expressions

Web of Science Topic TS=(N AND F AND G)

Scopus Title, abstract, and
keywords TITLE-ABS-KEY(N AND F AND G)

IEEE Xplore All metadata N AND F AND G

ScienceDirect
Title, abstract, or
author-specified

keywords
N AND F AND G

SpringerLink
Title, abstract, and
keywords, where

available
N AND F AND G

CNKI Topic Chinese equivalents of N AND F AND G

Note: N, F, and G denote the complete parenthesized search blocks defined in the upper part of the table. During
the database searches, these symbols were replaced by their corresponding complete term blocks. For CNKI, the
corresponding Chinese search terms were used, whereas their English translations are presented in this table. The
searches covered publications from January 2010 to May 2026. Quotation marks were used for phrase searching where
supported, and the search syntax and searchable fields were adapted to the interface of each database.

As shown in Table 2, the database-specific search strings were constructed from three groups of concepts
and combined using Boolean operators. Terms within each concept group were connected using the operator
“OR”, whereas the navigation, fusion-method, and geophysical-field blocks were connected using “AND”.
The first group focused on navigation objects and application scenarios, including underwater navigation,
AUV navigation, underwater vehicle navigation, autonomous underwater vehicle localization, geophysical-
field matching navigation, terrain-aided navigation, gravity-aided navigation, and geomagnetic navigation.
The second group focused on fusion methods, including data fusion, multi-source fusion, map-level fusion,
feature-level fusion, decision-level fusion, Bayesian fusion, Kalman filter, particle filter, and factor graph.
The third group focused on geophysical-field data types, including seafloor topography, bathymetry, gravity
anomaly, geomagnetic anomaly, and magnetic anomaly maps. The three groups were complementary
search dimensions rather than mutually exclusive categories; therefore, an included study could address an
underwater navigation scenario, a fusion or matching method, and one or more geophysical-field data types
simultaneously. In addition, the reference lists of important review articles and representative studies were
manually traced to reduce the possibility of missing relevant publications.

The inclusion criteria were as follows. First, the study had to be directly related to geophysical
field aided navigation, matching localization, or related data fusion problems in underwater or marine
environments. Second, the study had to involve at least one physical field, such as seafloor terrain, gravity
anomaly, or geomagnetic anomaly, or discuss methods related to multi-field cooperative mapping, feature
extraction, matching decision, or state estimation. Third, the study had to provide a clear methodological
framework, experimental validation, data source, or technical details that could support the classification
and comparison in this review. Fourth, priority was given to journal articles, recent high quality conference
papers, representative public datasets, and engineering application studies. The exclusion criteria included
studies focused only on geological interpretation or resource exploration without a direct connection to



6 Comput Mater Contin. 2026;89(3):4

navigation, studies discussing sensor hardware without involving matching, fusion, or localization algo-
rithms, duplicated publications, studies with incomplete bibliographic information, and papers with limited
relevance to the topic of this review.

The screening process consisted of four steps. First, duplicate records were removed from the initial
search results. Second, clearly irrelevant studies were excluded based on their titles and abstracts. Third,
full texts were examined to determine whether the studies met the inclusion criteria. Finally, the included
studies were categorized according to data preprocessing, map-level fusion, feature-level fusion, decision-
level fusion, evaluation baselines, and engineering applications. These categories were subsequently used
to synthesize the evidence and answer the proposed research questions in the Discussion section. The
literature identification, screening, eligibility assessment, and final inclusion process used to address the
proposed research questions is summarized in Fig. 1. The completed PRISMA 2020 Checklist is provided
as Supplementary Table S1. It should be noted that the three concept groups used to construct the search
strategy represent complementary Boolean search dimensions rather than mutually exclusive categories of
studies. Therefore, a single article may be associated with more than one concept group. Detailed study-
level mappings for navigation scenarios, fusion methods, and geophysical-field data types are provided in
Supplementary Tables S2–S4, respectively.

Figure 1: PRISMA 2020 flow diagram of the literature identification, screening, eligibility assessment, and inclusion
process used in this systematic review. A total of 168 records were initially identified from databases, 137 records were
screened after duplicate removal, and 101 studies were finally included for qualitative synthesis.
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To further show the publication distribution and recent development trend of the reviewed meth-
ods, Fig. 2 summarizes 58 method-related studies published from 2021 to 2025. Each study represented in the
figure was assigned to one primary category according to its main methodological contribution, including
map-level fusion, feature-level fusion, decision-level fusion, and competitive frameworks. Competitive
frameworks include INS/DVL-based integrated navigation, single-field matching navigation, underwater
simultaneous localization and mapping (SLAM), general sensor-fusion frameworks, and learning-based
geophysical localization methods used as baselines or comparative references. Non-methodological records,
such as PRISMA reporting guidelines, global reference-field model descriptions, data portals, and generic
algorithmic foundations, were not counted in this figure. As shown in Fig. 2, recent studies increasingly
focus on map construction and refinement, feature-level learning, decision-level robust estimation, and
competitive multi-sensor navigation frameworks, indicating the expanding research scope and application
potential of underwater geophysical-field matching navigation.

Figure 2: Annual distribution of 58 method-related studies by primary methodological category from 2021 to 2025.

3 Overall Framework of Three-Level Fusion
To systematically review data fusion methods in underwater geophysical field matching navigation,

this paper categorizes existing studies into three levels: map-level fusion, feature-level fusion, and decision-
level fusion. These three types of methods are not isolated from one another. Instead, they represent
different fusion pathways built upon a unified data preprocessing foundation. Map-level fusion focuses on
constructing unified multisource maps in the spatial or frequency domain. Feature-level fusion emphasizes
the extraction of more discriminative matching features from multiple physical fields. Decision-level fusion
integrates the matching results, likelihood distributions, or navigation observations derived from different
physical fields into a unified state estimation framework. Fig. 3 presents the overall three-level fusion
framework adopted in this review.

As shown in Fig. 3, terrain, gravity anomaly, and geomagnetic anomaly data are first processed through
a unified preprocessing procedure, including coordinate and datum unification, trend processing, normal-
ization, and quality assessment. The preprocessed multisource data can then be introduced into different
fusion modules. Map-level fusion usually generates fused maps or multi-channel maps, providing a unified
background field for subsequent matching. Feature-level fusion further extracts texture, gradient, entropy,
wavelet, or deep features to construct feature tensors and similarity constraints. Decision-level fusion realizes
the final navigation state update through probabilistic fusion, dynamic weighting, filtering, or factor graph
optimization. These three levels can either form independent navigation solutions or constitute a progressive
fusion chain from maps to features and finally to decisions.
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Figure 3: Overall three-level fusion framework for underwater geophysical field matching navigation.

4 Data Preprocessing
Whether multi-field cooperation can deliver stable positioning gains depends first on whether the

data are aligned before entering the fusion stage. Over the past five years, research on data preprocessing
has converged to a common pipeline: unifying spatial coordinates and datums, subtracting the main or
theoretical field to obtain anomaly quantities, performing amplitude normalization and scale harmonization,
and propagating pixel-level uncertainties into the matching and filtering modules. Based on this consensus,
this section distills a standardized preprocessing workflow, as detailed below and illustrated in Fig. 4.

Figure 4: Preprocessing workflow for geophysical-field data. The preprocessing of three input data types begins
with unified coordinate and vertical datum alignment, followed by the removal of main and theoretical fields and
the application of relevant corrections. The data then undergo amplitude normalization and detrending, and are
subsequently resampled and denoised. This process ultimately produces standardized and spatially co-registered
raster data.
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The first step is coordinate and datum harmonization. The literature on terrain, gravity, and magnetic
navigation consistently stresses the need for a common horizontal reference frame and a common vertical
datum [31]. The World Geodetic System 1984 (WGS 84) is typically adopted as the horizontal datum, and
mean sea level or the geoid is typically used as the vertical datum. Measured depths must be reduced to
the same vertical datum as the chart, and gravity data should be referenced to the geoid before anomaly
computation. Failure to do so introduces a site-independent constant bias, forcing the matching algorithm
to absorb non-positional errors, which slows convergence and increases the risk of mismatches. After datum
unification, the correlation between measured profiles and map profiles increases markedly, reducing the
number of Kalman updates required for convergence [7]. For gravity data, crossover adjustment between
survey lines and data sources is also required to remove systematic offsets [36].

Next, spatial resolution, interpolation, and registration should be addressed. Bathymetric maps typ-
ically have meter- to decameter-level resolution in local surveys, while global products such as the
General Bathymetric Chart of the Oceans (GEBCO) and the Shuttle Radar Topography Mission-based
15 arc-second global relief model (SRTM15+) are commonly provided at 15 arc-second resolution [37–39].
Naive upsampling or downsampling introduces spurious details or discards the texture needed for localiza-
tion. The prevailing strategy is multiscale and hierarchical: global convergence is first ensured at coarse scales,
and the solution is then refined at finer scales. For gravity matching, a multi-resolution sequential scheme
improves convergence under large initial errors [40]. For multi-source fusion, wavelet decomposition is used
to trust wide-coverage and stable satellite or model data in low-frequency bands, while airborne or shipborne
measurements are trusted in high-frequency bands [36,41]. In practice, bilinear or spline interpolation
is commonly adopted in the observation model to avoid numerical discontinuities caused by grid stair-
stepping. Applying a low-pass constraint compatible with the target grid before upsampling low-resolution
layers is a practical way to mitigate aliasing [36].

Removing the main or theoretical field is essential for obtaining matchable anomalies. For the magnetic
field, the International Geomagnetic Reference Field or the World Magnetic Model is used to compute
and subtract the core main field [42–44], and diurnal variation and magnetic storms are corrected. This
process compresses the main field from about fifty thousand nanotesla (nT) to anomalies on the order
of tens to hundreds of nT, thereby greatly improving spatial discriminability [45,46]. For gravity, normal
gravity is subtracted and, where needed, Bouguer and terrain corrections are added to form anomalies
that reflect subsurface density contrasts [47–49]. Recent marine gravity models further demonstrate the
contribution of multi-mission altimetry to anomaly-map construction [50–52]. For bathymetry, moderate
large-scale trend removal helps highlight relative relief [46]. Recent practice favors newer models, such as the
thirteenth-generation International Geomagnetic Reference Field (IGRF-13) or the World Magnetic Model
2020 (WMM-2020), and reserves small bias states within the filter to absorb residual modeling errors [53].

Amplitude and unit normalization are used primarily in cross-source fusion and learning-based
methods to prevent any single channel from dominating the fusion due to its larger numerical range.
Classical correlation-based matching employs zero-mean and unit-variance standardization to emphasize
shape similarity rather than absolute magnitude [54]. In learning-based methods, normalizing latitude,
longitude, elevation, and magnetic components to comparable scales improves training stability [9]. For
modalities with significantly different spectral content, mild whitening or band-pass shaping can be applied
to suppress over-dominant single-scale energy [36].

As important as the value itself is the confidence, namely the reliability of each map-pixel estimate.
Recent studies increasingly generate per-pixel error or quality labels and propagate them into the likelihood
function and filter-noise tuning. Geostatistical interpolation naturally yields an estimation variance that can
be used directly as a weight [36]. Classification methods based on variance, gradient, and entropy provide
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a localizability mask that reduces mismatches [55]. Incorporating map error into the observation variance
prevents overconfident updates that cause filter jumps [7]. For multi-source fusion, pixel-level variance
weighting is more robust than heuristic weighting and facilitates reproducibility.

In summary, this paper proposes a standardized preprocessing workflow: unifying datums and coor-
dinates; correcting tides and sound-speed effects; subtracting the main geomagnetic and gravity fields;
detrending bathymetry; performing amplitude normalization and spectral shaping; registering all datasets
to a target grid anchored by the highest-accuracy source; building a coarse-to-fine multiscale pyramid;
and generating per-pixel error layers with metadata records. Table 3 summarizes commonly used global
geophysical data sources, including seafloor bathymetry, marine gravity, and magnetic anomalies, and lists
their resolutions, units, and reference-field versions. Global magnetic anomaly products such as EMAG2v3
and WDMAM provide essential anomaly-map references for magnetic matching navigation [56,57]. This
workflow has been validated in recent studies [9,36,40]: a disciplined preprocessing chain reduces mismatch
rates, accelerates convergence, provides objective weights for multi-source fusion, and supports fair cross-
region and cross-algorithm comparison as well as reproducible research.

Table 3: List of global physical-field data sources. GEBCO stands for the General Bathymetric Chart of the Oceans;
SRTM15+ denotes the SRTM-based 15′′ global relief model; SIO denotes the Scripps Institution of Oceanography;
GMGA denotes Global Marine Gravity Anomaly; DTU17 denotes the 2017 Technical University of Denmark global
marine gravity model; EMAG2 denotes the Earth Magnetic Anomaly Grid; and WDMAM denotes the World Digital
Magnetic Anomaly Map. The mGal denotes milligal and nT denotes nanotesla.

Category Dataset Spatial Resolution Unit Main/Reference Field
Version

Seafloor bathymetry GEBCO 15′′ global m Not applicable

Seafloor bathymetry SRTM15+ 15′′ global m Not applicable

Marine gravity SIO global marine
free-air gravity 1′ global mGal Already free-air

anomaly

Marine gravity GMGA 1′ (60○ S–60○ N) mGal Already free-air
anomaly

Marine gravity DTU17 global marine
gravity 1′ global mGal Already free-air

anomaly

Magnetic anomaly EMAG2 v3 2′ global nT Main field removed

Magnetic anomaly WDMAM v2.0 3′ global nT Main field removed

5 Map-Level Fusion Methods
At the map level, multi-source data fusion integrates heterogeneous datasets such as geomagnetic,

gravity, and bathymetric data into a unified reference frame or grid, thereby eliminating differences in
physical scale and spatial distribution across sources and significantly improving the accuracy and robustness
of map matching localization [58]. Unlike feature-level and decision-level fusion, map-level fusion operates
directly in the spatial domain of the geophysical fields themselves, providing more stable and consistent
localization constraints. It offers unique advantages for large-scale, long-duration continuous positioning.
This chapter reviews recent advances, focusing on the fusion and interpolation of multi-source gridded data
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as well as joint modeling techniques, and analyzes how different fusion strategies affect matching accuracy,
convergence behavior, and overall reliability.

The most direct method is the linear combination or weighted average of different geophysical fields.
In the gravity-geomagnetic combined aided navigation framework proposed by Zheng et al., an optimal
weight assignment principle dynamically allocates the contributions of gravity-based and geomagnetic-
based matches according to each field’s information content, and the two position estimates are fused via
a weighted average [58], leveraging the complementary strengths of gravity’s high precision and geomag-
netism’s high resolution. Similarly, Li et al. used Bayesian optimization to determine source weights for fusing
multi-source Bouguer gravity anomalies, producing a product that retains the local accuracy of terrestrial
gravity surveys while benefiting from the broad coverage and long-wavelength fidelity of satellite gravity
models [59]. This weight-based approach is particularly suitable when source characteristics differ markedly.
However, its success depends on prior knowledge; unclear error statistics or improper weight settings can
introduce bias. Moreover, optimizing weights is computationally intensive, and adaptively adjusting weights
remains challenging. In recent years, adaptive uncertainty management has introduced real-time uncertainty
propagation, allowing dynamic adjustment of observation variances and fusion weights according to spatial-
temporal context [7,36]. For instance, Ma et al. used an experience-driven weighted average to fuse marine
gravity and magnetic data, validating the effectiveness of weighted fusion while noting that suboptimal
weights degrade performance [60]. Ma et al. further proposed dynamically adjusting weights based on
data quality and measurement uncertainty, improving the reliability of the fused outcomes [61]. To handle
time-varying disturbances such as magnetic storms or sensor drift, researchers have proposed an online
closed-loop scheme of noise learning and consistency diagnostics, which can trigger covariance infla-
tion or weight reallocation upon detecting abnormal innovations, thereby preventing overconfidence and
bias [7,62]. Fig. 5 illustrates a wavelet-domain fusion method that combines a smooth gravity background
map with fine-scale trackline information: the low-frequency background field dominates the large-scale
structure, while high-frequency trackline information is injected within a transition band, and the final
fusion result preserves regional consistency while enhancing local anomaly details.

Cokriging is a multivariate geostatistical method that exploits spatial correlations between a primary
variable and one or more auxiliary variables to improve interpolation accuracy. When gravity correlates with
bathymetry or depth, bathymetry can assist the interpolation of gravity anomalies. Studies have shown that
fusing satellite and terrestrial gravity data by cokriging preserves both local details and long-wavelength
trends [59]. This method requires accurate covariance modeling, entails relatively high computational cost,
and imposes strict demands on data spatial distribution and quality. To systematically compare existing
map-level fusion methods, Table 4 summarizes their key characteristics, including physical consistency,
computational cost, advantages, and disadvantages for spatial weighting, geostatistical fusion, multi-scale
fusion, equivalent source, and joint inversion. Spatial weighting is simple and efficient but requires careful
consistency control; geostatistical fusion provides medium-high physical consistency at medium-high
computational cost, whereas multi-scale fusion provides a medium-consistency, medium-cost trade-off;
equivalent source and joint inversion can achieve seamless cross-field consistency but are computationally
expensive and prone to overfitting, which may limit real-time applicability. In recent years, machine learning
approaches have also been widely adopted. Li et al. used convolutional neural networks to fuse multi-
constellation altimetry data and produce more accurate gravity anomaly grids [63]. Other work feeds
multi-channel inputs such as gravity gradients and gravity anomalies into deep neural networks to predict
seafloor bathymetry, achieving higher depth estimation accuracy than inversions based solely on gravity [64].
These data-driven methods implicitly perform multi-field fusion and interpolation, can generalize well, but
they suffer from weaker interpretability, which may affect user confidence in the results.
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Figure 5: Wavelet-based weighted fusion of marine gravity anomalies. Inputs consist of a long-wavelength background
field and a short-wavelength component extracted from survey measurements; both are free-air gravity anomalies
in mGal. The weight curves indicate how contributions are allocated across scales, with a smooth transition from
background-dominated low-frequency content to detail-enhanced high-frequency content. The fused map combines
regional continuity with locally supported anomalies. The data are from the Marine Geoscience Data System (MGDS)
and consist of Bohai Sea marine gravity products, including a gridded background field and shipborne trackline
measurements.

Table 4: Qualitative comparison of map-level fusion methods.

Method Phys. Cost Unc. Core Idea
Spatial weighting M L O Weighted blending in overlap regions

Geostatistical fusion MH MH Y Model spatial covariance to fuse or interpolate fields
Multi-scale fusion M M O Separate low- and high-frequency components and recombine them
Equivalent source H H O∗ Fit a source model to enforce physical-field continuation

Joint inversion VH VH O∗ Solve a coupled inverse problem for cross-field consistency

Note: Phys. denotes physical consistency, Cost denotes computational cost, and Unc. denotes uncertainty availability.
L, M, MH, H, and VH denote low, medium, medium-high, high, and very high, respectively. Y means that uncertainty
is directly provided, O means that uncertainty is not inherent and requires additional analysis, and O∗ means that
uncertainty is usually obtained indirectly and depends on the modeling or inversion setup.

Different from the aforementioned fusion methods based on weighted averaging, interpolation, or
data-driven approaches, another important line of work introduces physical constraints from multiple fields
directly at the model construction stage, thereby achieving a higher level of fusion. Rather than merely
coordinating heterogeneous information at the data level, these methods enforce intrinsic consistency
among different geophysical fields in the model parameter space through techniques such as equivalent
source inversion, joint inversion, or cross-gradient constraints, yielding higher fusion accuracy and physical
interpretability. Specifically, equivalent source inversion places hypothetical sources on a unified reference
surface and adjusts their parameters so that their synthesized fields match the observed data, treating
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multiple physical fields as an interconnected system for fusion. This method can perform interpolation,
continuation, and multi-parameter transforms within a single physically consistent inversion model, and
directly handles irregular point data. The multi-layer equivalent source scheme of Gao et al. integrates ground
and airborne magnetic anomalies into a single model, ensuring homology and consistency across different
measurement altitudes [65]. This method can also impose geological priors, for example, linking density
and susceptibility through constraints that co-locate high-density bodies with high-susceptibility regions,
enhancing interpretability. Classical joint inversion simultaneously fits multiple datasets such as gravity and
magnetic data to generate a consistent subsurface model, optimizing shared parameters such as density and
susceptibility [66–68]. Cross-gradient or Gramian constraints are commonly used to couple inversions of
different datasets. For instance, Del Razo Gonzalez and Yutsis used cross-gradient constraints to obtain a
subsurface model where density and susceptibility are strongly correlated in spatial structure [68]. Another
line of work introduces cross-field constraints while modeling a single field, such as adding sonar depth priors
to gravity-based bathymetry inversion, or conditioning magnetic anomaly matching on coarse position
constraints from gravity. Multi-field consistency filtering exploits the common geological origin of gravity
and magnetic measurements: when both time series are available, the anomaly match from one field can be
constrained by the other within the navigation filter, stabilizing the position estimate. Such joint modeling
strategies typically require quantitative knowledge of inter-field relationships; when model uncertainties are
large, they may introduce systematic bias.

In summary, map-level fusion methods encompass a wide range of techniques, from simple weighted
combinations to complex joint inversion. Weighted fusion and interpolation methods are simple to imple-
ment and computationally efficient, making them suitable for scenarios with high real-time requirements.
In contrast, physics-based joint modeling methods, although algorithmically complex and computation-
ally demanding, provide stronger physical consistency and matching discriminability, and are especially
applicable to tasks with rich prior information or stringent accuracy requirements. In practical navigation
systems, different methods should be selected or combined appropriately according to available data quality,
computational resources, and mission needs. It is worth emphasizing that reproducible practice relies on
open data and code. For example, the open-source framework for scalar-field cooperative localization
simulation provided by Yang et al. [69] lays a foundation for fair comparison and replication of map-level
fusion methods.

6 Feature-Level Fusion Methods
After map-level fusion provides a unified basemap, feature-level fusion methods encode discriminative

information into stable, lightweight matchable representations, directly affecting convergence speed and
disturbance rejection. Over the past five years, feature-level fusion has progressed along two main threads:
one systematically exploits classical image and signal features and combines them across modalities, while
the other pursues learning-based fusion using lightweight deep networks augmented with attention and
multi-scale architectures. The two lines are not mutually exclusive: handcrafted features can serve as auxiliary
channels to deep networks, and the attention weights learned by those networks can in turn guide the
selection of handcrafted cues.

On the handcrafted side, texture statistics, gradients, and spectral/wavelet features remain dominant.
Haralick textures derived from the gray-level co-occurrence matrix extract energy (angular second moment),
contrast, and entropy, producing information maps that reflect seabed roughness and the complexity of
gravity/magnetic anomalies [70–73]. Portes et al. computed 13-dimensional Haralick descriptors sepa-
rately for magnetic and gravity anomalies and concatenated them for unsupervised multi-physics feature
discovery [74]. Among gradient and edge features, the analytic signal amplitude and the enhanced total
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gradient are sensitive to weak gradient breaks and are suitable for extracting matchable contours in gently
varying regions [75]. The wavelet-entropy scheme effectively highlights boundaries and fine details in
potential-field data, aiding structural extraction from magnetic or gravity anomalies [76]. In underwater
terrain matching, local descriptors such as scale-invariant feature transform often suffer performance
degradation due to differences between sonar imagery and bathymetric grids, requiring domain filtering and
scale tuning [77]. Handcrafted features are interpretable and computationally efficient, but they are sensitive
to noise and scale changes and suffer from unit and dynamic-range imbalance across modalities.

For learning-based feature extraction, lightweight backbones, attention mechanisms, and multi-scale
pyramids are used together [78–82]. Constrained by the computational budget of underwater platforms,
MobileNet or EfficientNet are often adopted as feature extractors, augmented with squeeze-and-excitation
blocks or convolutional block attention modules to adaptively re-weight features. Chen et al. introduced
an attention-guided fusion block and multi-scale channel attention to replace vanilla encoder-decoder skip
connections, significantly improving the discriminability and noise robustness of fused features [83]. Gidugu
et al. trained a random forest to map magnetic anomalies to position over a 30 km × 30 km area, achieving a
circular error probable of about 50 m in field tests, demonstrating that even shallow models with proper input
normalization can be practically useful [9]. Knowledge distillation, pruning, and quantization can compress
large models to embedded platforms. Learning-based features are powerful but rely on high-quality training
data; for deployment in unmapped waters, they should be combined with uncertainty quantification and
online weight adjustment [84].

In terms of fusion strategies, early approaches used feature concatenation or weighted averaging.
Prior normalization of each channel is essential to prevent dynamic-range differences from dominating
the matching result [77]. Weighted fusion assigns weights according to local variance, gradient energy, or
entropy. Dai et al. formulated the two matching residuals of gravity and geomagnetism as a bi-objective
optimization and solved it jointly with an improved artificial bee colony algorithm, reducing mismatches [19].
Graph attention mechanisms and Transformers have been introduced to model higher-order cross-modal
dependencies: one line treats modality-specific features as graph nodes and learns inter-modal weights;
another tokenizes multi-modal feature maps into sequences and uses cross-attention to learn semantic
correspondences [85]. Matching criteria have also expanded to mutual information and hybrid likelihood
functions, improving robustness in multi-modal or weak-texture regions [8].

Fig. 6 illustrates the multi-field, multi-channel feature construction pipeline: z-score standardized
grids of bathymetry, gravity, and geomagnetism, together with descriptors such as local entropy, gradi-
ent magnitude, and wavelet energy, are stacked along the channel dimension to form a fused feature
tensor. Feature-level fusion accelerates convergence: coarse-scale gravity or terrain cues constrain large-
area drift, while fine-scale magnetic or gravity-gradient details achieve precise alignment; simultaneously,
positions where multiple channels exhibit high similarity are unique, reducing false alarms and jumpy
solutions [9,19,77]. Table 5 compares handcrafted and learning-based features across dimensions such as rep-
resentation, data requirements, robustness, explainability, computational cost, fusion approach, maintenance
cost, and failure modes, serving as a reference for system design.

Overall, the core value of feature-level fusion is to transform raw geophysical fields into more dis-
criminative and robust matchable representations. Handcrafted features remain irreplaceable in scenarios
with scarce data, limited computational resources, and strong geophysical signals. Learning-based features
exhibit stronger adaptability in cross-scale, high-noise, and multi-modal complex environments. The two
approaches are complementary rather than opposing: practical systems can adopt handcrafted features to
provide an interpretable baseline and then use lightweight deep networks to refine residuals or uncertain
regions. Current trends indicate that hybrid architectures combining both, online learning with uncertainty
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propagation, and generalization enhancement for unmapped waters will be key directions for future
development of feature-level fusion.

Figure 6: Multi-field, multi-channel feature construction and tensorization. The top three rows present the raw grids
of bathymetry, gravity, and geomagnetism, z-score standardized, together with representative descriptors: local entropy
(7 × 7) window, gradient magnitude, wavelet high-frequency energy (HH), and low-frequency approximation (LL).
The bottom panel shows all features stacked along the channel dimension to form a fused feature tensor for subsequent
matching, filtering, or deep-learning models. The quick-look inset in the lower right displays a composite saliency map
derived from this tensor.

Table 5: Comparison of different feature methods for feature-level fusion in underwater geophysical fields.

Dimension Handcrafted Features Learning-Based Features
Representation Explicit physical descriptors Learned latent embeddings

Data requirements No training data required Training data required

(Continued)
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Table 5 (continued)

Dimension Handcrafted Features Learning-Based Features
Noise and cross-domain

robustness
Noise-sensitive, with limited

invariance
Better invariance, but with

OOD risk

Explainability High physical interpretability Moderate, usually requiring
post-hoc explainers

Computing and deployment Real-time execution on CPU Acceleration or compression is
usually required

Cross-modal fusion approach Concatenated or weighted
channels Attention-based adaptive fusion

Maintenance cost Low, with few tunable
parameters

Requires retraining and
monitoring

Failure mode Ambiguous matches in
low-contrast regions

Overconfidence under
distribution shift

Note: OOD denotes out-of-distribution, CPU denotes central processing unit.

7 Decision-Level Fusion Methods
Decision-level fusion converts the matching information provided by different geophysical fields into

a joint estimate of the platform state. Its core idea is to integrate the matching similarities, likelihood dis-
tributions, or candidate position solutions output by terrain-aided navigation, gravity-aided navigation, and
magnetic-field-aided navigation into a unified state estimation framework. Over the past five years, research
has evolved along three primary workflows: tightly coupled Bayesian filtering, which incorporates multi-
field observations into a unified measurement model to jointly update the inertial navigation system; loosely
coupled decision fusion, where each field independently performs matching and the results are merged via
weighting, voting, or probabilistic fusion; and factor-graph or smoothing-based fusion, which represents
inertial, map, and sensor constraints in a joint optimization framework. Learning-based adjustment of
observation noise, fusion weights, and quality thresholds is treated as a cross-cutting enhancement to these
workflows rather than as a separate workflow.

Representative tightly coupled work emphasizes a unified state estimation framework. In terrain-gravity
integration, Khalilabadi simultaneously incorporate altimeter-derived terrain observations and gravity
anomaly observations into a Kalman-filter-based measurement model. Both sea trials and simulations
indicate that the dual-field scheme sustains convergence and improves accuracy even in gently varying
terrain or weak gravity regions [31,54]. A key advantage is natural weighting: the measurement noise
covariance directly determines each field’s contribution, so an increase in one field’s noise is automatically
down-weighted by the filter. The limitation is sensitivity to linearization and prior noise modeling; if map and
sensor errors are not properly accounted for, tight coupling can become overconfident and yield inconsistent
estimates [7]. An earlier representative approach by Wu and Weng introduced a neural-network-assisted
adaptive unscented Kalman filter (UKF) that estimates noise parameters online and, at the decision layer,
fuses gravity-gradient and geomagnetic-vector filter outputs, improving stability under time-varying noise
conditions [62].
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When the initial error is large, the likelihood is multi-modal, or the system is strongly nonlinear, particle
filters, point-mass filters, and probability grid formulations tend to be more robust [5,86–89]. Early point-
mass filter work has already demonstrated wide-basin convergence in terrain-aided navigation [6,86]. For
multi-field fusion, Lee et al. proposed a hybrid database referenced navigation algorithm that runs point-
mass-filter-based estimation using terrain height and gravity anomaly databases, and then combines the
estimation results according to the kurtosis of the posterior probability density function. Their simula-
tion results showed that the proposed multi-database fusion method outperformed navigation based on
individual databases [21]. The key advantage of this line is explicit preservation of multiple hypotheses:
likelihood peaks produced by different fields at different locations can be retained through joint resampling,
avoiding premature collapse to an incorrect mode. The trade-off is increased computational cost, which
necessitates engineering compromises among particle count, candidate windows, and hierarchical search
strategies [31]. A closely related approach is Viterbi or hidden Markov model path matching, which treats per-
epoch matching scores as emission probabilities and uses dynamic programming to find the most probable
trajectory; this helps suppress sporadic false peaks in gravity- or magnetically low-texture regions [8,90,91].

Factor graphs have become an increasingly popular tool for fusing inertial odometry with multi-field
matching cues [92–96]. A factor graph is a probabilistic graphical model that represents variables (e.g.,
position, velocity, attitude) as nodes and constraints such as sensor measurements, map information, or prior
knowledge as factors [31,96]. It is typically used for maximum a posteriori or least-squares optimization,
with the goal of finding the most likely state trajectory given the observations. In multi-field navigation,
gravity and magnetic observations are added as factors to the graph, and the inertial preintegration is jointly
optimized with external measurements to achieve globally consistent state estimation.

Loosely coupled decision fusion remains a pragmatic engineering compromise: each modality indepen-
dently performs matching to produce position estimates, probability maps, or likelihood peaks, which are
then combined at the top level via weighting or probability products. Common strategies include quality-
based weighting using posterior peak height, peak width, peak-to-valley ratio, mutual information, or local
entropy as confidence measures; probabilistic products or Bayesian fusion under conditional indepen-
dence assumptions to obtain a joint posterior [97]; and Dempster-Shafer evidence theory or covariance
intersection, which fuse under unknown correlations without becoming overconfident. Zheng et al.’s gravity-
magnetic combination employs dynamic weight allocation and leverages cross-field complementarity to
improve success rates and reduce errors across regions [58]. While the loosely coupled architecture is
clear, modular, and easy to integrate atop existing single-source blocks, it does not fully exploit inter-field
correlations and can be suboptimal in highly nonlinear regimes or under strongly correlated noise.

The main decision-level fusion workflows are summarized in Fig. 7. The figure distinguishes tightly
coupled filtering, loosely coupled decision combination, and factor-graph or smoothing-based fusion,
which correspond to different assumptions on measurement modeling, source independence, and posterior
consistency.

Based on a comprehensive comparison of the different technical routes, the field has converged on the
following consensus. First, quality thresholds and adaptive weighting are pivotal for robust multi-field fusion.
Per-pixel uncertainties and feature quality indicators should be mapped into measurement covariances or
fusion weights, so that weak-information regions are automatically down-weighted or masked. Second,
coarse-to-fine spatiotemporal stratification addresses both large initial errors and real-time constraints:
low-frequency or low-resolution fields first drive global convergence, followed by high-frequency or fine-
scale fields for fine alignment. Third, consistency diagnostics and fault isolation are necessary system
capabilities. Metrics such as normalized innovation statistics, posterior Kullback-Leibler(KL) divergence,
or the overlap of posteriors across fields can trigger weight resets, measurement rejection, or fallback to
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single-source updates, preventing system-wide degradation due to anomalies in any single modality. Fourth,
learning-based augmentation should be coupled with physical constraints: neural and machine learning
models are well suited for tasks like noise estimation, weight prediction, and region suitability assessment,
while the core state estimation should remain filter- or graph-optimization-based to preserve verifiability
and reproducibility.

Figure 7: Schematic of decision-level fusion methods. This figure illustrates alternative strategies and workflows at
the decision layer. Panel (a) shows a tightly coupled scheme based on Kalman filtering (EKF/UKF), where gravity,
bathymetry (terrain), and geomagnetic observations are jointly modeled; modality-dependent weighting is effected
through the measurement noise covariance, and nonlinear posterior updates are used to realize state prediction and
fusion. Panel (b) depicts a loosely coupled scheme in which each modality first produces its own match or solution;
weighted least squares (WLS), Bayesian fusion, Dempster-Shafer (D-S) evidence theory, or covariance intersection
(CI) then combine these results according to their quality and uncertainty to yield the navigation decision. Panel
(c) presents a factor-graph/smoothing approach, where error-correction factors are added and optimized via incremen-
tal prediction-update over a sliding window; by fusing IMU, DVL and geophysical measurements as graph factors, the
method achieves consistent state estimation and trajectory optimization.

Table 6 summarizes common decision-level fusion strategies. The probability product is simple and
effective when modalities are nearly independent, but correlation can lead to overconfidence. Covariance
intersection remains consistent under unknown correlation but is conservative. Dempster-Shafer evidence
theory can represent uncertainty and partial evidence, yet it is sensitive to high conflict. Dynamic weighting
is adaptive but depends on gate design and may introduce delay. Taken together, the reviewed studies
suggest a literature-derived implementation pattern rather than a newly validated algorithm. This pattern
combines point-mass or particle filtering for coarse localization with Kalman-filter-family updates for local
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refinement [5,21,54,86]; it then combines modality-specific evidence using quality-aware probabilistic fusion
or dynamic weighting [7,58,97]. Regional localizability and confidence measures can be used to adjust the
participating modalities and update frequency, thereby reducing ineffective or overconfident updates in
weak-information regions [27,28,55]. These elements are summarized here as engineering design guidance
and require experimental validation before being treated as a specific navigation architecture.

Table 6: Comparison of decision-level fusion methods. D-S denotes Dempster-Shafer.

Strategy Advantages Disadvantages

Probability product Simple; strong under independence Correlation overconfidence; fragile
under multimodal posteriors

Covariance intersection Consistent under unknown
correlation

Conservative; fusion-weight tuning is
required

D-S evidence fusion Represents ignorance and partial
evidence

Sensitive to conflict; parameterization
is relatively heavy

Dynamic weighting Adaptive and context-aware Sensitive to gate design; may introduce
latency

8 Evaluation and Baselines
Currently, the bottleneck in terrain-gravity-geomagnetic cooperative navigation is not a lack of method-

ological innovation, but the absence of a reproducible, comparable, and transferable systematic evaluation
framework. This chapter synthesizes existing practices in underwater navigation evaluation, covering task
definitions, performance metrics, baseline algorithms, and scenario stratification, to support more consistent
research reporting.

Task settings are recommended to be divided into two categories: offline replay matching and online
integrated navigation. The former performs sliding-window or particle search over a fixed map to evaluate
matching performance in a controlled environment. The latter feeds the likelihood outputs of multi-field
matching into an estimator (such as extended or unscented Kalman filter, particle filter, point-mass filter,
or factor graph) and couples it in real time with an inertial navigation system and a Doppler velocity log.
To ensure comparability, the following conditions should be uniformly reported: initial pose errors, speed,
depth and altitude above the seafloor, sensor noise and loss-of-lock models, map resolution, and whether
external disturbances are injected. It is also recommended to conduct a pre-experiment analysis of anomaly
amplitude, spectral content, and map uncertainty in the test area to distinguish method performance from
region-specific information content.

To make the benchmark setting more explicit, the evaluation objectives should be defined before
selecting specific metrics or baseline algorithms. A benchmark for underwater geophysical-field matching
navigation should not only compare final position errors, but should also reflect the complete navigation
chain from local map matching to closed-loop state correction and onboard implementation. Therefore,
this review organizes the benchmark objectives into five levels, as summarized in Table 7: matching
localization, closed-loop navigation, robustness under disturbance, real-time deployment, and cross-region
transferability. These objectives correspond to different evaluation modes and should not be mixed into a
single accuracy score.
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Table 7: Recommended benchmark objectives for underwater geophysical-field matching navigation.

Objective Purpose Recommended Metrics Typical Baselines

Matching
localization

Evaluate whether the
local measurement
window is correctly
associated with the

reference map

Matching success rate,
mismatch rate, top-k

recall, candidate position
error, posterior peak

sharpness

Cross-correlation, mutual
information, ICCP,

single-field matching

Closed-loop
navigation

Evaluate whether
matching updates
suppress INS drift

RMSE, CEP50, CEP95,
maximum error, time to

first fix, convergence
time, NIS, NEES

INS/DVL, EKF, UKF, PF,
PMF, factor graph

Robustness under
disturbance

Evaluate stability under
weak fields, map errors,

sensor drift, and heading
errors

Failure rate, recovery
time, outlier rejection
rate, robustness under
injected disturbances

Single-field matching,
robust PF, RBPF,

covariance inflation,
measurement rejection

Real-time
deployment

Evaluate onboard
feasibility under limited
computation and storage

Per-frame latency, update
frequency, memory

usage, map-tile I/O load,
power consumption

Hierarchical search, map
tiling, lightweight

learning, sparse factor
graph

Cross-region
transferability

Evaluate generalization
across sea areas, map

resolutions, and sensor
settings

Within-region error,
cross-region error,
degradation ratio,

out-of-distribution
failure rate

Classical non-learning
baselines, learning-based

models, hybrid
physics-learning models

Note: ICCP denotes iterative closest contour point; INS/DVL denotes inertial navigation system/Doppler velocity log;
RMSE denotes root mean square error; CEP50 and CEP95 denote 50% and 95% circular error probable; NIS and NEES
denote normalized innovation squared and normalized estimation error squared; EKF, UKF, PF, PMF, and RBPF denote
extended Kalman filter, unscented Kalman filter, particle filter, point-mass filter, and Rao-Blackwellized particle filter,
respectively; I/O denotes input/output.

As shown in Table 7, different benchmark objectives emphasize different aspects of navigation perfor-
mance. Offline replay matching mainly supports the matching-localization objective, where success rate,
mismatch rate, and posterior peak sharpness are more informative than final trajectory error alone. Online
integrated navigation is more suitable for evaluating closed-loop drift suppression, estimator consistency,
and convergence behavior. Robustness tests should deliberately inject large initial errors, weak-field regions,
map noise, heading errors, sensor drift, missing observations, or Doppler velocity log dropouts to evaluate
failure rate and recovery capability. For engineering applications, real-time feasibility and cross-region
transferability are equally important, because an accurate method may still be unsuitable for autonomous
underwater vehicles if it cannot run onboard or if it fails when transferred to a new sea area. Therefore,
a complete benchmark should jointly report positioning accuracy, robustness, consistency, computational
cost, and generalization performance, together with map resolution, sensor-noise assumptions, vehicle
speed, altitude above the seafloor, update rate, and ground-truth availability.
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Evaluation metrics need to balance positioning accuracy, consistency, and engineering feasibility. For
positioning accuracy, it is recommended to report 50% and 95% circular error probable (CEP50 and CEP95),
along-track and cross-track root mean square error (RMSE), time to first fix, steady-state error, match
success and mismatch rates, and recovery time under intermittent observations [7,88,90]. For consistency,
the normalized innovation squared and normalized estimation error squared can be supplemented by chi-
square threshold monitoring and outlier detection. From an engineering perspective, per-frame latency,
update frequency, power consumption, and tiled map input-output load should also be recorded [31].
Model confidence analysis is equally important: when matching confidence falls below a threshold, re-
localization, measurement rejection, or a backup navigation strategy can be triggered, as demonstrated in
confidence-aware gravity- and magnetic-aided navigation studies [27,28].

Table 8 presents a quantitative comparison of representative methods. For brevity, standard technical
abbreviations are used: Kalman filter, extended Kalman filter, unscented Kalman filter, and error-state
Kalman filter are denoted as KF, EKF, UKF, and ESKF, respectively. Key sensors and algorithms include
Doppler velocity log (DVL), particle swarm optimization (PSO), iterative closest contour point (ICCP),
terrain contour matching (TERCOM), probabilistic multi-hypothesis tracking (PMHT), Rao-Blackwellized
particle filter (RBPF), and extreme learning machine (ELM). Because the reviewed studies differ in scenarios,
field types, map resolutions, noise settings, and evaluation metrics, the results should be interpreted
as a literature-based comparison rather than a strictly unified benchmark. Khalilabadi’s tightly coupled
Kalman filter increased the effective navigation probability from 79% to 99.8% [54]. Xu et al.’s staged
PSO–ICCP–KF pipeline reduced position error from 1318.83 to 23.51 m [98]. Wang et al.’s probabilistic
multi-hypothesis tracking plus unscented Kalman filter achieved a bounded position error of 408 m in long-
range simulation [90]. Zhang et al.’s Rao-Blackwellized particle filter attained a root mean square error of
3.62 m [88]. Huang et al.’s extreme learning machine aided matching achieved a mean absolute error of
6.38 m [99]. These representative results, together with the broader studies reviewed in Sections 3–5, indicate
that underwater matching navigation is evolving from single-field correlation or filter refinement toward
multi-stage, hierarchical, uncertainty-aware, and learning-augmented architectures [16,88,90,99]. Therefore,
the trend summarized here is not derived solely from the limited entries in Table 8, but from the combined
evidence of representative quantitative studies, map-level fusion studies, feature-level fusion studies, and
decision-level fusion studies.

Table 8: Quantitative comparison of representative underwater matching navigation methods and related competitive
frameworks.

Category Methods Scenario & Data Architecture Reported Result

Single-field Xu et al. 2022 [98] Simulation with a
geomagnetic map

PSO + ICCP +
KF

Error reduced from
1318.83 to 23.51 m

Map-level Bai et al. 2016 [36]
Multi-source

gravity anomaly
data

Wavelet-based
multi-source
gravity fusion

Improved
multi-source gravity
map consistency and
reduced uncertainty

for subsequent
matching

(Continued)
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Table 8 (continued)

Category Methods Scenario & Data Architecture Reported Result

Map-level Zheng et al.
2013 [58]

Gravity and
geomagnetic

fields

Gravity-
geomagnetic

combined aided
navigation with
optimal weight

assignment

Gravity and
geomagnetic

information were
combined to

improve navigation
accuracy compared

with single-field
matching

Map-level Chen et al.
2024 [14]

Altimetry-
derived and

shipborne gravity
data

Marine gravity
anomaly fusion

Improved
consistency between
satellite-derived and

shipborne gravity
anomalies

Map-level Li et al. 2024 [63] Multi-mission
satellite altimetry

CNN-based
marine

gravity-field
fusion

Improved marine
gravity-field

recovery through
multi-mission data

fusion

Feature-level Chen et al.
2024 [83]

3D gravity
inversion

Attention-based
feature fusion

Improved inversion
representation

through
attention-guided

feature fusion

Feature-level Huang et al.
2025 [99]

Complex
geomagnetic

region

Improved
ELM-aided

geomagnetic
matching

Average absolute
error of 6.38 m;
maximum error

reported under noise
σ = 5 nT

Decision-level Khalilabadi
2020 [54]

Gravity and
terrain

KF-based tight
coupling

Valid navigation
probability increased
from 79% to 99.8%

Decision-level Wang et al.
2023 [90]

Long-range
simulation with

gravity map

PMHT + UKF
updates

Best position error of
408 m

Decision-level Zhang et al.
2023 [88]

Simulation and
field tests with

terrain data

Outlier-robust
RBPF

Best position RMSE
of 3.62 m

(Continued)
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Table 8 (continued)

Category Methods Scenario & Data Architecture Reported Result

Graph-based Ma et al. 2021 [60]
Simulation and
semi-physical

tests

Factor-graph
multisensor

fusion

Better positioning
performance than
EKF-based fusion

Learning-
augmented

Gidugu et al.
2024 [9]

Geomagnetic-
field AUV
navigation

Bio-inspired
machine-learning

localization

Field-test circular
error probable of

about 50 m

Learning-
augmented

Quan et al.
2025 [16]

Underwater
geomagnetic
navigation

Inertial-
constraint-aided

geomagnetic
matching

Improved robustness
of geomagnetic
matching using

inertial constraints

To further compare the related characteristics of different underwater matching navigation frame-
works, Fig. 8 presents a radar-chart summary of six representative categories, including INS/DVL-only
navigation, single-field matching, map-level fusion, feature-level fusion, decision-level fusion, and learning-
augmented fusion. The comparison considers six aspects: accuracy potential, robustness, real-time feasibility,
computational efficiency, interpretability, and engineering applicability. The scores are qualitative rat-
ings summarized from the reviewed literature, where a higher score indicates stronger capability in the
corresponding aspect. To make the criteria consistent, computational cost is inversely mapped into com-
putational efficiency. As shown in Fig. 8, decision-level fusion generally provides stronger robustness and
accuracy potential due to its ability to integrate likelihoods, confidence measures, and state estimation.
Map-level fusion shows better interpretability and engineering stability, while feature-level and learning-
augmented methods provide stronger representation capability but require careful treatment of training data,
generalization, and onboard computational constraints.

For baseline algorithms, we recommend a horizontal comparison across single-field, dual-field, and
triple-field levels [32,33]. Single-field baselines include extended Kalman filter matching, particle filter
matching, Viterbi sequence decoding, and cross-correlation or mutual information matching, which can
be applied to terrain, gravity, or geomagnetic maps. Dual-field baselines encompass dynamic weighting
or probability product, extended Kalman filter tight coupling, and coarse-to-fine pipelines such as multi-
resolution sequential gravity matching. As an implementation-neutral triple-field baseline, terrain, gravity,
and geomagnetic likelihoods can be normalized and combined using either an equal-weight probability
product or uncertainty-based weights; a hierarchical alternative can use terrain for coarse localization
followed by gravity and geomagnetic refinement. Learning-based reference methods include geomagnetic
localization models based on lightweight networks or random forests (typical CEP50 around 50 m) as well
as advanced fusion architectures like graph attention or Transformers. All learning methods should be
compared against classical baselines under identical maps and noise settings to ensure fair evaluation.
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Figure 8: Radar-chart comparison of representative underwater matching navigation frameworks in terms of accuracy
potential, robustness, real-time feasibility, computational efficiency, interpretability, and engineering applicability.
Scores are qualitative ratings summarized from the reviewed literature, where 1 indicates low capability and 5 indicates
high capability. Computational efficiency is obtained by inversely mapping the computational cost score.

9 Discussion

9.1 Answers to the Research Questions
Based on the study-level mappings provided in Supplementary Tables S2–S4, the research questions

proposed in the Review Methodology section can be answered as follows. RQ1: Existing multi-source
geophysical-field fusion methods can be principally classified into map-level, feature-level, and decision-
level fusion. RQ2: Heterogeneous bathymetric, gravity, and geomagnetic data are generally unified through
coordinate and datum alignment, reference-field removal, normalization, registration, resampling, and
uncertainty characterization, and are subsequently integrated as maps, features, or navigation observations.
RQ3: Map-level fusion offers strong physical interpretability but depends on map quality and registration;
feature-level fusion improves matching discriminability but is sensitive to noise, training-data coverage, and
distribution shifts; decision-level fusion supports adaptive state estimation but relies on reliable confidence
and covariance modeling. RQ4: Fair evaluation requires joint assessment of positioning accuracy, matching
success, convergence, robustness, estimator consistency, computational cost, and cross-region transferability
under clearly reported experimental conditions. RQ5: The principal unresolved challenges are heading and
attitude robustness, the verifiable integration of physics-based and learning-based methods, end-to-end
uncertainty propagation, real-time onboard implementation, and benchmark standardization.
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Heading robustness is a major cause of failure in feature-level fusion, especially because map matching
performance is sensitive to rotation, local ambiguity, and the spectral characteristics of the reference
field [45]. Existing work has roughly followed two paths. One handles geometric differences before matching,
using heading correction, window rotation, and feature alignment to map observations to the basemap
reference frame. The other enhances invariance on the feature or model side, e.g., via rotation augmentation,
rotation-invariant descriptors, or equivariant convolutions. The former is interpretable and engineering
controllable, but depends on heading quality and alignment accuracy; errors enter the likelihood as
systematic bias. The latter covers disturbances more comprehensively, but the training data must cover
a sufficient distribution of attitudes, otherwise it still degrades under out-of-distribution headings. These
observations indicate that heading and attitude robustness remains an unresolved bottleneck for applying
feature-level fusion in dynamic underwater navigation.

The deep integration of physics and data has moved from end-to-end replacement to modular enhance-
ment, but its effective boundary requires clearer engineering consensus. Successful practices generally follow
the principle: keep the physical chain (matching plus filtering or graph optimisation) interpretable and
verifiable, while learning modules handle parts that are difficult to model explicitly, such as region suitability
discrimination, weight or threshold scheduling, noise estimation, or feature enhancement. The weakness lies
in poor generalisation across different sea areas; learning modules tend to become overconfident under map
errors or sensor anomalies, and attention-like structures are costly on embedded platforms. Therefore, a key
limitation of current learning-enhanced fusion is not only model accuracy, but also the lack of a stable and
verifiable boundary between physical modeling, data-driven representation, and onboard implementation.

Uncertainty management is the core that turns multi-field complementarity into stable gains, and is also
the part most lacking a unified interface. Existing methods often introduce quality metrics (interpolation
variance, wavelet energy, entropy, gradient energy) at local stages for region screening or weighting, and
the filtering layer uses innovation statistics or posterior peak shape for gating and resetting. The problem
is that these quantities are often empirical and difficult to propagate end to end, making the credibility of
the same data incomparable across different algorithms. This limitation makes uncertainty one of the most
important obstacles to reproducible comparison and reliable transfer of multi-field fusion methods across
different regions and platforms.

9.2 Research Challenges and Future Trends
First, robust matching under dynamic navigation remains a fundamental challenge. In practical AUV

operations, heading, attitude, velocity, and altitude may change continuously, causing rotation, deformation,
and scale inconsistency between the measured profile or local window and the reference map [100]. Future
methods should combine explicit heading modeling with learning-based invariant representations. For
example, heading angles can be introduced into feature construction or matching scores as continuous vari-
ables, while lightweight equivariant structures can be used to learn residual deformations. More importantly,
heading uncertainty should be propagated into the likelihood function or observation covariance, so that
robustness is controlled by measurable uncertainty rather than empirical parameter tuning.

Second, future research should further clarify the boundary between physics-based modeling and
data-driven learning. A fully end-to-end black-box strategy is difficult to verify and risky for safety-critical
underwater navigation. A more feasible trend is physics-informed lightweight learning, where the core
navigation chain remains filter-based or graph-optimization-based, while learning modules are used for
region suitability assessment, feature enhancement, noise estimation, quality gating, and fusion-weight
scheduling. Physical consistency constraints, such as cross-gradient consistency and structural coherence
among terrain, gravity, and magnetic anomalies, can be introduced into the training objective to suppress
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unreasonable cross-field couplings. For onboard deployment, an offline-heavy and online-light scheme is
preferable: large models learn cross-field relationships offline, while compact distilled models perform online
coefficient adjustment under AUV computational and power constraints.

Third, uncertainty propagation from map pixels to navigation decisions should become a standard
component of future fusion systems. Map errors, interpolation variance, sensor noise, matching confi-
dence, and posterior consistency should not be treated as isolated quantities [45,101]. Instead, pixel-level
uncertainty should be aggregated into window-level confidence and then mapped into likelihood functions,
filter covariance, particle weights, or factor-graph residual weights. A closed-loop consistency diagnosis
mechanism is also required. When abnormal innovations, insufficient cross-field posterior overlap, or
sudden changes in posterior peak shape are detected, the system should trigger covariance inflation, weight
reallocation, measurement rejection, or conservative fusion strategies such as covariance intersection. Such
an uncertainty-aware interface is essential for preventing overconfident updates and mismatch-induced
trajectory jumps.

Fourth, real-time onboard implementation and benchmark standardization are critical for moving
multi-field fusion from algorithmic demonstration to operational use [100]. High-complexity methods, such
as large-scale particle filtering, long-window factor graph smoothing, and deep attention networks, may
be difficult to deploy directly on resource-constrained AUVs, including small vehicles and some medium
platforms, because of limited computation, power, and storage. Therefore, future systems should emphasize
hierarchical search, map tiling, sparse updates, model compression, pruning, quantization, and adaptive
update scheduling. At the same time, the community still lacks open benchmark datasets, unified task
definitions, and standardized metrics for terrain, gravity, and geomagnetic fusion navigation. Establishing
shared datasets, baseline algorithms, uncertainty annotations, and reproducible evaluation scripts will be
necessary for fair cross-method comparison and for accelerating the engineering application of underwater
geophysical field matching navigation.

From an operational perspective, the choice of fusion strategy should also be matched to the size,
endurance, and onboard computing capacity of the AUV. For small or power-limited AUVs, lightweight
methods such as hierarchical correlation matching, map tiling, EKF/UKF-based updates, and quality-gated
single- or dual-field fusion are usually more practical. For compute-capable AUVs, including some medium
and large platforms with stronger processors and longer endurance, particle-filter-based global search,
sliding-window factor graph optimization, and lightweight learning-enhanced fusion become more feasible,
especially when sparse updates and adaptive triggering are used. In contrast, dense particle filtering over large
map areas, long-window smoothing, and large attention-based networks may be difficult to deploy directly
onboard unless model compression, pruning, quantization, or offline-heavy/online-light computation is
adopted. Therefore, operational use requires a tradeoff among positioning accuracy, robustness, map-storage
cost, update frequency, energy consumption, and failure-recovery capability. A full real-world deployment
comparison across different AUV classes is beyond the scope of this review, but it represents an important
direction for future engineering validation.

10 Conclusion
Based on the systematic review presented above, this paper provides a full-chain overview of multi-

source data fusion methods for underwater geophysical field matching navigation, covering preprocessing,
map-level, feature-level, and decision-level fusion, along with a standardized evaluation framework. The
study shows that single-field matching has limited robustness in complex environments, and the key to
successful multi-field cooperation lies in three aspects: first, establishing unified data benchmarks and
pixel-level uncertainty characterization to make heterogeneous data comparable and weightable; second,
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adopting coarse-to-fine hierarchical fusion strategies to balance wide-area convergence and fine alignment;
third, propagating uncertainty end-to-end to the filtering and decision layers to enable adaptive gating
and conservative fusion. The field is now converging around a consensus framework of “quality awareness,
hierarchical progression, and adaptive decision-making”, where the performance ceiling is shifting from
algorithmic forms to uncertainty modeling capabilities. Looking forward, deeply integrating physical priors
with lightweight learning models and establishing open benchmark datasets and evaluation pipelines are
two core directions for advancing this technology from laboratory research to engineering-reproducible and
cross-region transferable applications.
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