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Abstract

In Global Navigation Satellite System (GNSS)-denied deep-sea environments, traditional
scalar gravity matching navigation methods frequently suffer severe performance degra-
dation in weak-feature, highly repetitive gravity anomaly regions. Inspired by the hippo-
campal spatial memory mechanism and natural graded foraging behavior of benthic ma-
rine organisms, this paper proposes a full-chain bionic framework named the Physics-
Consistent Multi-Scale Adaptive Particle Filter for Gravity Matching Navigation (PC-
MAPEF-GM). This method endows the particle filter with four layers of biologically mim-
icked autonomous regulation capabilities: quantitative gravity field local suitability as-
sessment, dynamically adjusted time-varying search scope, three-level multi-scale step-
wise matching, and along-track trajectory motion physics consistency constraint. The ver-
ification of long-term shipborne lake experiments confirms that the proposed method re-
duces the final gravity matching positioning root mean square error (RMSE) to only 528.2
m, which is more than 41% lower than the classical terrain contour matching (TERCOM)
benchmark and 31% lower than iterative closest contour point (ICCP). This biomimetic
full-design-chain solution provides a robust new practical navigation paradigm for long-
endurance fully autonomous underwater vehicles operating without any external auxil-
iary positioning information.

Keywords: gravity matching navigation; underwater autonomous vehicles; GNSS denial
environment

1. Introduction

Autonomous navigation in Global Navigation Satellite System (GNSS)-denied envi-
ronments remains a fundamental challenge for long-duration underwater vehicles, polar
platforms, and other autonomous systems operating in highly constrained environments
[1-3]. Inertial navigation systems (INS) can provide continuous and self-contained posi-
tioning information; however, their errors inevitably accumulate over time due to sensor
biases, scale-factor errors, and stochastic drift [4,5]. For underwater vehicles, surfacing to
obtain GNSS fixes may be infeasible or undesirable because of mission continuity, con-
cealment, and operational safety requirements. Therefore, developing passive, stable, and
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infrastructure-free navigation methods is of significant importance for autonomous un-
derwater navigation [6].

Nature provides valuable inspiration for solving this problem. Many biological or-
ganisms achieve robust long-distance navigation by combining self-motion integration
with environmental cues. Instead of relying on a single external positioning source, bio-
logical navigation systems often exploit naturally existing signals, such as magnetic fields
[7], visual landmarks [8], odor gradients [9], optic flow [10], and other spatially distributed
environmental features, to correct accumulated path-integration errors. This principle has
motivated increasing interest in bio-inspired navigation systems for robots and autono-
mous platforms, where biologically inspired perception, information processing, and con-
trol strategies are transformed into engineering algorithms [11].

Inspired by such biological navigation principles, geophysical-field-aided navigation
has emerged as a promising solution for autonomous vehicles operating without GNSS
[12]. The Earth’s gravity anomaly field is spatially correlated, temporally stable, globally
available, and difficult to jam or spoof. These properties make it a useful natural reference
field for passive navigation [13]. In gravity matching navigation, the measured scalar
gravity sequence along a vehicle trajectory is compared with a pre-stored gravity anomaly
reference map, and the vehicle position is corrected according to the best-matched map
location. From a biomimetic perspective, this process can be interpreted as an artificial
analogue of environmental-field-based navigation: the vehicle integrates its motion
through INS mechanization and periodically corrects its accumulated error by recogniz-
ing spatial patterns in a stable natural field.

Classical gravity matching methods include terrain contour matching (TERCOM),
iterative closest contour point (ICCP), and Sandia inertial terrain-aided navigation (SI-
TAN). TERCOM-type methods generally rely on correlation or MSD matching between
measured and reference sequences [14]. ICCP-type methods use contour or equivalent-
value features to iteratively reduce position errors [15], while SITAN-type methods for-
mulate the problem within a filtering framework [16]. These methods have laid the foun-
dation for gravity-aided inertial navigation and have been widely used as benchmark ap-
proaches in related studies. Nevertheless, several limitations remain unresolved when
only scalar gravity measurements are available.

First, scalar gravity matching is highly sensitive to the local characteristics of the
gravity anomaly field [17]. In regions with strong spatial variations, gravity measure-
ments provide sufficient distinguishable information for position correction. However, in
weak-feature or smooth regions, different candidate locations may exhibit similar gravity
values, leading to ambiguous or false matches [18,19]. Traditional matching methods
mainly evaluate residuals or correlations but usually do not explicitly quantify whether
the local gravity field is suitable for reliable matching. As a result, a small residual may be
incorrectly interpreted as a high-confidence match, even when the local field lacks suffi-
cient spatial uniqueness [20].

Second, the search window in many existing methods is often empirically deter-
mined or fixed in advance. In practical navigation, however, INS uncertainty changes with
time and mission conditions. A small search window may exclude the true position when
INS drift becomes large, whereas an excessively large window increases computational
burden and the probability of false matching [21]. Moreover, the appropriate search re-
gion should depend not only on INS uncertainty but also on the discriminability of the
local gravity field [22]. This suggests that the matching search space should be jointly
adapted according to navigation uncertainty and environmental-field suitability [23].

Third, scalar gravity measurements contain limited instantaneous information. If the
matching likelihood is constructed only from single-point gravity residuals, the algorithm
may be vulnerable to sensor noise, map errors, and local value similarity [24,25].
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Biological navigation systems, in contrast, rarely rely on a single isolated cue; instead, they
accumulate sequential evidence and exploit the consistency of environmental changes
during movement [26]. Motivated by this principle, scalar gravity matching should make
better use of the along-track gravity variation pattern rather than only the absolute gravity
value at a single epoch.

Particle filtering provides a flexible Bayesian framework for nonlinear and non-
Gaussian navigation problems. Compared with linearized filters, particle filters can rep-
resent multimodal posterior distributions and are therefore suitable for gravity matching
in ambiguous environments [27]. However, a conventional particle filter that updates par-
ticle weights only according to scalar gravity residuals still suffers from particle degener-
acy and false convergence in weak-feature regions [28]. To improve robustness, additional
mechanisms are required to assess environmental suitability, regulate the search space,
and impose physical consistency constraints on the matching process.

To address these issues, this paper proposes a Physics-Consistent Multi-Scale Adap-
tive Particle Filter for Scalar Gravity Matching Navigation, referred to as PC-MAPF-GM.
The proposed method is designed for the practical condition in which only scalar gravity
measurements are available. Its central idea is to imitate several useful principles observed
in biological navigation: multi-scale environmental perception, suitability-aware cue se-
lection, path-integration error correction, and sequential evidence accumulation. Specifi-
cally, a local gravity field suitability index is first constructed by integrating map-derived
gradient magnitude, local roughness, information entropy, and matching uniqueness.
This index is used to evaluate the reliability of gravity matching in different regions and
is embedded into the particle weight update to suppress unreliable matches in weak-fea-
ture areas. Then, an adaptive search-window strategy is developed by jointly considering
the INS error covariance and local gravity suitability, allowing the particle distribution to
expand or contract according to both navigation uncertainty and environmental discrimi-
nability. Furthermore, an along-track gravity variation consistency constraint is intro-
duced to exploit the physical continuity of scalar gravity observations, thereby reducing
false matches caused by similar absolute gravity values. Finally, a multi-scale matching
framework is incorporated to improve convergence robustness and avoid premature trap-
ping in local optima.

Before detailing the proposed algorithm framework, we explicitly clarify the one-to-
one logical mapping from bionic navigation prototype to each algorithm module in this
work, as summarized in Table 1.

Table 1. One-to-one logical mapping table from biomimetic navigation prototype to each algorithm

module.

Biological Navigation Mechanism of Benthic Corresponding Algorithm Module in

Marine Organisms PC-MAPF-GM
Hippocampal spatial memory pre-judgment of Gravity field local suitability assessment
surrounding environmental cues model

Graded foraging behavior from coarse wide- Multi-scale stepwise 3-level matching
range exploration to fine precise positioning strategy

Natural continuous movement without discon-
tinuous space jumping in benthic motion tra-
jectory

Along-track trajectory physics-consistent
penalty constraint

To further highlight the novelty of this full-chain bionic design, we provide a system-
atic comparative review of representative recent bio-inspired gravity matching navigation
works in Table 2.
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Table 2. Comparison with state-of-the-art bionic gravity matching navigation methods.

Published

Bionic Core Mecha- Full Gravity Field Suit- Multi-Scale Coarse-

Reference Year Journal nism ability Assessment to-Fine Search
Zhao et al. 2022 Remote Sensing Soft—mar.gm local re- No No
[21] searching model
Wang et al. 2022 IEEE/ASME Trans. Marine vision 1.nsp1red No No
[22] Mechatron. map filtration
Zhaoetal y0ps  IEEE Internet Things J. DOUDe cross-domain No No
[23] transfer matching
This work 2026 Biomimetics Benthic h1ppoca.mpal Full support Full support
graded foraging

The main contributions of this paper are summarized as follows:

(1) A suitability-aware scalar gravity matching framework is developed for GNSS-de-
nied underwater navigation. A quantitative gravity-field suitability evaluation
model is constructed by integrating the local gradient, roughness, entropy, and spa-
tial uniqueness of the gravity anomaly map. This model explicitly characterizes the
matching capability of different regions and provides an environmental information
basis for adaptive navigation correction.

(2) A physics-constrained multi-scale adaptive particle filter is proposed. The particle
search region is dynamically adjusted according to both INS position uncertainty and
local gravity-field suitability, thereby avoiding the limitations of fixed search win-
dows. In addition, multi-scale gravity maps are introduced to construct a sequence-
based residual, which combines absolute gravity anomaly consistency with along-
track gravity variation constraints to improve robustness against measurement noise,
map errors, and local field ambiguity.

(3) An adaptive weight modulation and resampling strategy is designed to enhance
matching reliability. The particle weights are updated by jointly considering the multi-
scale matching residual and the local suitability index, while systematic resampling
with suitability-dependent roughening is employed to alleviate particle degeneracy.
Simulation results demonstrate that the proposed method can effectively suppress INS
error accumulation and achieve more accurate and stable positioning than conven-
tional INS-only navigation in complex gravity anomaly environments.

The remainder of this paper is organized as follows: Section 2 formulates the scalar
gravity matching navigation problem and analyzes the limitations of conventional resid-
ual-based matching methods. Section 3 presents the proposed Physics-Consistent Multi-
Scale Adaptive Particle Filter for Gravity Matching Navigation (PC-MAPF-GM), includ-
ing gravity-field suitability evaluation, adaptive search-region construction, multi-scale
likelihood modeling, and suitability-aware particle weight updating. Section 4 describes
the simulation and shipboard experimental settings and discusses the corresponding nav-
igation performance. Finally, Section 5 concludes the paper.

2. Problem Statement
2.1. Bio-Inspired View of Environmental-Field-Based Navigation

Many biological navigation systems do not rely on a single absolute positioning source.
Instead, animals often combine self-motion integration with environmental cues to achieve
robust navigation over long distances. In such systems, path integration provides a contin-
uous estimate of motion, while stable environmental features are used to correct accumu-
lated drift. This principle has inspired robotic navigation methods that integrate
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proprioceptive dead reckoning with external natural cues, such as visual landmarks, geo-
magnetic fields, odor gradients, or other spatially distributed environmental signatures.

Scalar gravity matching navigation follows a similar information-processing para-
digm. The inertial navigation system provides a continuous but drifting estimate of the
vehicle trajectory, while the gravity anomaly field provides a stable natural reference. By
comparing the measured gravity sequence with a pre-stored gravity anomaly map, the
accumulated INS error can be constrained. From a bio-inspired perspective, the gravity
anomaly map can be regarded as an environmental field memory, and the matching pro-
cess can be interpreted as environmental-cue-based correction of path-integration drift.

In the paper, we focus on the practical condition where only scalar gravity measure-
ments are available. No gravity gradient tensor, bathymetric observation, geomagnetic
measurement, or acoustic positioning information is assumed. Therefore, the main chal-
lenge is to extract sufficient positional information from a one-dimensional scalar gravity
sequence and a two-dimensional gravity anomaly reference map.

2.2. Coordinate Definition and State Representation

The horizontal position of an underwater vehicle at time step k is denoted by
T
P, = [xk yk] > 1)

where % and 7 represent the east and north coordinates in a local-level navigation
frame. For regional navigation problems, longitude and latitude can also be converted
into local Cartesian coordinates by map projection. Since the gravity matching process
mainly corrects horizontal position errors, this study focuses on two-dimensional hori-
zontal positioning.

The INS-predicted position is denoted by

n N . T
Pisi = [xlNS,k yINS,k:I . (2)
In practice, the INS prediction error gradually increases with time. The horizontal
INS error covariance matrix is written as

2
O O
_ x,k xy.k
Pyss = > | )
Ouwik Ok

The gravity matching algorithm aims to estimate the corrected position
T

=[] 4)
By jointly using the INS prediction, scalar gravity measurements, and the gravity
anomaly reference map.

2.3. INS-Based Motion Prediction Model

The vehicle motion between two adjacent epochs can be approximately represented
by the displacement increment derived from INS mechanization:

T
As, =[Axk Ayk] . ()
Then, the nominal position propagation model is
Py =P TAS W, (6)
where "¢ is the process noise accounting for INS drift, velocity error, heading error, and

unmodeled dynamic disturbances. In a particle filtering framework, the !-th particle is
propagated as
p =p? +As, +wi=12,..,N, @)
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where NV is the number of particles.
The process noise is commonly modeled as a zero-mean Gaussian random vector:

w ~N(0,Q,), ®)

where Q is determined according to the INS error characteristics and vehicle motion
uncertainty. In the proposed framework, the INS error covariance is not only used for
particle propagation but also for adaptive search-window determination, which will be
described in Section 3.

2.4. Scalar Gravity Observation Model

Let the scalar gravity anomaly measured by the onboard gravimeter at time step k
be denoted as

Z, = Ay s ©)
P

The corresponding gravity anomaly value at position

m(pk) :Agmap (pk)‘) (10)

in the reference map is

where m() represents the gravity anomaly reference map. Since the particle position may
not coincide with a grid node of the reference map, bilinear interpolation or bicubic inter-
polation is usually required to obtain the map value at an arbitrary candidate position.

The scalar gravity observation model can be written as

zo =m(p,)+v;, (11)

vV, . . . . . .
where ¥ is the scalar gravity measurement error, including gravimeter noise, map er-

ror, temporal variation residuals, and preprocessing errors. It is commonly assumed that
v, ~ N (0,07), 12)

2
o, . . . . . .
where ¢ is the equivalent variance of scalar gravity observation uncertainty.

For the ! -th particle, the single-point gravity residual is
& _ ()
T _Zk_m(pk ) (13)
The corresponding single-point likelihood can be expressed as
1\2
(@)
(")

20

2
g

p(z [p}") o exp| -

(14)

However, single-point scalar gravity matching is often insufficient because different
positions may have similar gravity anomaly values, especially in weak-feature regions.
Therefore, sequence-based matching is generally more reliable.

2.5. Sequence-Based Scalar Gravity Matching
A sliding gravity sequence of length L is considered:
z,,= [ZHH Zr 2 T & ]T (15)
For the ! -th particle trajectory, the corresponding map-derived gravity sequence is
m, =[m(p?,) m(pl..) o m(p?)] (16)

The sequence residual vector is defined as
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Nir =Ze, ~MG ;. (17)
A commonly used sequence-matching cost is the mean square residual:
. 1 & 2
(OR _ (@)
D, =7 z |:zj m(pj. )} (18)
J=k—L+1
The corresponding sequence-based likelihood is
DY,
P(z0, 1Y) oc exp| -4 |. (19)
20,

2.6. Conventional Particle-Filter-Based Gravity Matching

The standard particle filtering procedure consists of three main steps: prediction,
weight update, and resampling.
First, particles are propagated using the INS-derived motion increment:

p, ~ p(ps p{) (20)
Second, the particle weights are updated according to the scalar gravity matching

likelihood:

i) _ i) i
W) =w lp(zk,L |p§c))’ 21)

()
where % isthe unnormalized weight. Using the sequence residual defined in Equation
(18), the conventional weight update becomes

Y
( ) — D gk
i Wkl . eXp|: 5 5 | (22)
O
Then, the weights are normalized as
70
; W,
W]((l) M

z ) (23)

Finally, the estimated position is obtamed by weighted averaging:
=Z%%$ (24)
To avoid particle degeneracy, the effective number of particles is calculated as

1
N, =———
off i ( (,)) (25)
i=1
Ny . , N o
When "¢ is smaller than a predefined threshold "' , resampling is performed.
Although this framework is flexible and theoretically suitable for nonlinear gravity
matching problems, the conventional particle-filter-based method still mainly depends on
residual minimization. Therefore, particles located in weak-feature regions may obtain
high weights if their scalar gravity values happen to be similar to the measured values,
even when the match is physically unreliable.

2.7. Limitations of Existing Scalar Gravity Matching Methods

When only scalar gravity information is available, gravity matching navigation faces
several fundamental difficulties.

https://doi.org/10.3390/biomimetics11090651
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2.7.1. Ambiguity in Weak-Feature Gravity Regions

The amount of useful information contained in scalar gravity measurements depends
strongly on the spatial variability in the gravity anomaly field. In a region where the grav-
ity field changes significantly, small position deviations can lead to observable gravity
differences. In contrast, in a smooth region, many candidate positions may produce nearly
identical gravity values. This reduces the discriminability of scalar gravity matching.

Let two candidate positions be Po ang Po gt
m(p,)=m(p,) (26)
Or more generally,
my, (p,)~m,, (P,); @)

Then, gravity matching may fail to distinguish between these two candidate loca-
tions. This problem is particularly serious in flat gravity regions or regions with repeated
anomaly patterns.

Traditional residual-based likelihood functions do not explicitly evaluate the match-
ability of the local gravity field. Therefore, a small residual does not necessarily imply a
reliable position estimate.

2.7.2. Fixed or Empirically Defined Search Window

Many matching methods require a predefined search region around the INS-pre-
dicted position. However, the INS error grows with time and varies with sensor quality,
vehicle dynamics, and mission duration. A fixed search window is therefore not optimal.

If the search window is too small, the true position may be excluded:

| O (28)

where @ denotes the search region. In this case, no matching algorithm can recover the
correct position.

If the search window is too large, the number of false candidate positions increases,
and the computational cost also becomes higher. Moreover, in weak-feature areas, a large
search window can significantly increase the probability of false matching. Therefore, the
search region should be adaptively determined according to both INS uncertainty and
local gravity-field discriminability.

2.7.3. Insufficient Use of Sequential Physical Consistency

Scalar gravity observations are not independent isolated values along the trajectory.
Since the gravity anomaly field is spatially continuous, consecutive gravity measurements
should exhibit physically consistent variations with vehicle motion. However, many ex-
isting methods mainly use absolute gravity residuals or correlation coefficients, without
sufficiently exploiting along-track variation consistency.

For example, two candidate trajectories may have similar absolute gravity values but
different gravity variation trends. If only the residual magnitude is considered, these two
candidates may be difficult to distinguish. Therefore, incorporating the consistency be-
tween measured and map-derived gravity variation can provide additional constraints
for scalar gravity matching.

In this work, the abbreviation PC (Physics-Consistent) explicitly refers to the kinematic
motion physical constraint for underwater vehicles: it strictly limits the maximum one-step
position jump of any sampled particle to <1.2 times the maximum cruising speed of the
tested underwater vehicle, which eliminates all impossible pseudo-matching points that
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violate basic motion physics, and this design is inherently mimicking the natural continuous
movement property where benthic organisms never teleport abruptly on the seabed.

2.7.4. Local Convergence and Particle Degeneracy

In conventional particle filtering, particles with relatively small residuals receive
large weights. In complex or ambiguous gravity fields, this may cause the particle set to
converge prematurely to a false location. Once most particles concentrate in an incorrect
region, subsequent resampling may eliminate particles near the true position, leading to
irreversible divergence.

This issue is analogous to unreliable cue dominance in biological navigation: when
an environmental cue is ambiguous, over-trusting it can degrade navigation performance.
A more robust strategy should evaluate cue reliability before using it for strong correction.
In scalar gravity matching, this means that the algorithm should not only measure the
residual between observation and map but also assess whether the local gravity field pro-
vides sufficient information for reliable matching.

Based on the above analysis, the problem addressed in this paper can be formulated
as follows.

Given the following:

1. The INS-predicted position sequence

" K
{Prsc > (29)

2. The INS error covariance matrix
Pis i (30)

3. The scalar gravity measurement sequence

{Zehess (31)

4.  The scalar gravity anomaly reference map

m(p), (32)
the objective is to estimate the corrected vehicle position sequence
Y
Betia (33)

Such that the positioning error

e =[p—pi™ (34)

is minimized over the navigation process.
More specifically, this study aims to design a scalar-gravity-only matching method

that satisfies the following requirements:

1. Reliability in weak-feature regions: the method should reduce false matching when
the local gravity field has low spatial discriminability.

2. Adaptability to INS uncertainty: the search range should be adjusted according to
the time-varying INS error covariance.

3. Use of sequential gravity information: the method should exploit not only absolute
scalar gravity values but also along-track gravity variation consistency.

4.  Robust Bayesian estimation: the method should maintain multiple candidate hypotheses
before sufficient evidence is accumulated, thereby reducing premature convergence.
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To meet these requirements, the next section proposes a Physics-Consistent Multi-
Scale Adaptive Particle Filter for Scalar Gravity Matching Navigation, abbreviated as PC-
MAPF-GM.

3. Proposed Method
3.1. Framework of the Proposed PC-MAPF-GM Method

The PC-MAPF-GM framework proposed in the study is entirely generated by biomi-
metic mapping of the natural navigation behavior of multiple types of benthic marine
organisms: the gravity field local fitness modeling module directly simulates the pre as-
sessment behavior of benthic organisms on food density and habitat suitability in the sea-
bed area before foraging, corresponding to the encoding process of “environmental navi-
gability” in the spatial memory of the hippocampus; adaptive time-varying search inter-
val module, replicating the graded foraging strategy of organisms enlarging the explora-
tion range in unfamiliar areas and reducing the search step size in familiar high-resolution
feature areas; multiscale step-by-step matching module, corresponding to the hierarchical
spatial recognition behavior of organisms gradually focusing from large-scale coarse po-
sitioning to small-scale precise foraging points; the physical consistency constraint mod-
ule along the trajectory directly simulates the natural physical properties of biological con-
tinuous cruising without spatial teleportation. This full chain biomimetic design ensures
that every core component of the algorithm has a clear biological mechanism traceability,
rather than simply engineering heuristic improvements.

To improve the robustness of scalar gravity matching navigation in GNSS-denied
underwater environments, this paper proposes a Physics-Consistent Multi-Scale Adap-
tive Particle Filter for Gravity Matching Navigation, abbreviated as PC-MAPF-GM. The
method is designed for the practical condition in which only scalar gravity observations
are available. It does not require gravity gradient tensor measurements, bathymetric in-
formation, geomagnetic measurements, or external acoustic positioning.

The proposed method follows a bio-inspired environmental-field-based navigation
philosophy. In biological navigation, self-motion estimation is often corrected by stable
environmental cues, but such cues are not used blindly. Their reliability, spatial distinc-
tiveness, and temporal consistency are implicitly evaluated during movement. Inspired
by this principle, the proposed method treats INS mechanization as an engineering coun-
terpart of path integration, while the gravity anomaly map is regarded as a stable envi-
ronmental field memory. Scalar gravity measurements are then used as environmental
cues to correct accumulated INS drift.

In conventional particle-filter-based gravity matching, particle weights are usually
determined mainly by the residual between measured scalar gravity values and map-de-
rived scalar gravity values. However, this residual-only mechanism may be unreliable in
weak-feature regions, where many candidate positions can produce similar scalar gravity
values. Therefore, PC-MAPF-GM introduces three coupled mechanisms into the particle
filtering framework. First, a gravity field suitability index is constructed from the refer-
ence gravity anomaly map to quantify the local matchability of scalar gravity information.
Second, an adaptive search region is determined by jointly considering INS uncertainty
and gravity field suitability. Third, a physics-consistent multi-scale gravity matching like-
lihood is established by combining sequence similarity, along-track gravity variation con-
sistency, and multi-scale map information.

The overall workflow is as follows: At each time step, the INS-derived displacement
is used to propagate the particles. Around each candidate position, scalar gravity values
are interpolated from the reference map, and the measured gravity sequence is compared
with the map-derived sequence. Meanwhile, the local suitability of the gravity field is
evaluated. The final particle weight is determined not only by gravity sequence similarity,
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but also by the reliability of the local gravity field and the physical consistency of along-
track gravity variation. After normalization and resampling, the corrected position is ob-
tained from the weighted particle set.

3.2. Gravity Field Suitability Modeling and Adaptive Search Region

The reliability of scalar gravity matching depends strongly on the spatial character-
istics of the gravity anomaly field. In areas with strong spatial variation and distinctive
local patterns, scalar gravity measurements can provide effective positional information.
In contrast, in smooth or repetitive regions, different candidate positions may produce
similar gravity values or similar gravity sequences, leading to false matching. Therefore,
before scalar gravity information is used for strong position correction, the local gravity
field should be evaluated in terms of its suitability for matching.

_ r
Let m(p) denote the scalar gravity anomaly value at position p=[x.)] , and let

Q(p) be a local window centered at P In this study, the gravity field suitability index
is constructed by integrating four map-derived components: gradient magnitude, local
roughness, information entropy, and matching uniqueness.

The first component is the spatial gradient magnitude of the gravity anomaly map:

8m2 8m2
Gp) = |+ L (35)
i(p) [&) (@j

The partial derivatives are calculated from the reference map by finite differences:

6_m~ m(x+Axay)_m(x_Aan’)

36
ox 2Ax (36)
om _m(x,y+Ay)—m(x,y-Ay) -
oy 2Ay (37)
G,(p)

A larger value of indicates that a small position change can produce a more
observable gravity difference, which is beneficial for scalar gravity matching.
The second component is the local gravity roughness, defined as the standard devi-

ation of gravity anomaly values within the local window:

Gz(p)=\/ﬁ > [m(q)—n‘ig]za (38)

q<Q(p)

where M is the number of grid points in the local window and

_ 1
My =— m(q).
0= qegz(,,) (@) (39)
A larger roughness value usually implies stronger local fluctuation and better spatial
discriminability.
The third component is the local information entropy. The gravity anomaly values in

Q(p) are divided into B bins, and the probability of the b _th bin is denoted by £y .
The entropy is calculated as

B
G,(p)=-D B log(R+¢), (40)
b=1

where € is a small positive constant used to avoid numerical instability. A high entropy
value means that the local gravity distribution contains richer information, whereas a low
entropy value often corresponds to a smooth or homogeneous region.

The fourth component is the local matching uniqueness. Even if a local gravity pattern
has significant variation, it may still be similar to nearby patterns, causing ambiguous
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7o(p) 7P 4.

matching. Let denote the local gravity pattern centered at p, and let

note a neighboring pattern shifted by a nonzero displacement. If Pj P is the normalized
correlation coefficient between these two patterns, the uniqueness component is defined as

G,(p)=1-max ., |p,;(p)|- (41)

G,(p)

ings and is therefore more suitable for reliable matching.

A large indicates that the local gravity pattern is less similar to its surround-

Since the four components have different dimensions and numerical ranges, each

[0.1],

component is normalized into
min
G () -G

G,(p)= .
@) G -G™+¢
The final suitability index is obtained by weighted fusion:
A(p) =2, G (p) + 2, G, (p) + &Gy () + 2, G, (P), (43)

,1=1,2,3,4. (42)

where
4
> =120 (44)
=1

The value of A(p) lies in [0,1] . A larger value means that the local gravity field is
more informative and more suitable for scalar gravity matching.
The suitability index is further used to define the adaptive search region. At time step

P s«

k , the INS provides the predicted position and the horizontal error covariance

P
matrix % The INS uncertainty radius is defined using the largest eigenvalue of the

covariance matrix:
Rysi =K \Mmax (Pm&k )a (45)

denotes the maximum eigenvalue and X is a confidence coefficient.

//i’max (.)
To incorporate gravity field reliability, the average suitability around the INS-pre-

where

dicted position is calculated as
- 1

A = A(p)d
' ‘Qle,k‘IQNS'k P o

where = INS.k

is a local neighborhood centered at Pvs k. In discrete implementation,
the integral is replaced by the average over grid points or sampled candidate positions.

The adaptive search radius is then defined as
Ry = Ry i |:1+Iu(l_Ak )J (47)

where 42 0 is a suitability-based expansion coefficient. When the local suitability is
high, the search radius remains close to the INS uncertainty radius. When the local suita-
bility is low, the search region is enlarged to preserve multiple possible hypotheses and
reduce premature convergence.

The adaptive search region is therefore given by

Q= {p : ”p —Pixs 4 ” = Rk} (43)

This design links navigation uncertainty with environmental-field reliability. It pre-
vents the true position from being excluded when INS uncertainty grows, while also
avoiding overconfident matching in weak-feature gravity regions.
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3.3. Physics-Consistent Multi-Scale Gravity Matching Likelihood
After particle propagation, each particle represents a candidate vehicle position. For the

I th particle at time step k , the map-derived scalar gravity value is obtained by interpolation:
5() _ @)

2" =m(p). (49)

To reduce the ambiguity of single-point scalar matching, a sliding gravity sequence

of length L s used. The measured gravity sequence is written as
T
Z,, = [Zk—LJrl’ Zp_r4200+ "Zk] (50)

And the corresponding map-derived sequence for the [ .th particle trajectory is

~ () : . T
_ (@) () (i)
ZiL = [m (pk—L+l )’m(pk—L+2)" . "m(pk )] (1)
The sequence matching residual is defined as
A 1 & )
i) _ (@)
Dy =7 2 [Zj —m(pj )] (52)
Jj=k—L+1

If the scalar gravity measurement noise is modeled as zero-mean Gaussian noise with
2
variance % , the basic sequence likelihood can be expressed as

. (@)
L =exp| =255 (53)

g
However, scalar gravity observations along a trajectory are not independent isolated
values. Because the gravity anomaly field is spatially continuous, the variation trend of
consecutive scalar gravity measurements should be physically consistent with the varia-
tion trend predicted from the reference map along the candidate trajectory. Therefore, an

along-track gravity variation consistency term is introduced.

Let the traveled distance between time steps k=1 and ¥ pe
As, = Hf’INs,k _f)lNS,k—l H (54)

The observed along-track scalar gravity variation rate is defined as

. Zy T2
obsk = 55
S A e (55)
For the ! -th particle trajectory, the map-derived along-track variation rate is
() (@)
e m\P," |—m|\P;,
Emupk = (67) (el (56)

As, +¢&

The physical consistency residual is then given by

0 [ SC
Dp,k - [gobs,k - gmap,k ] (57)
This term helps distinguish candidate trajectories that have similar absolute gravity
values but different gravity variation trends. The combined physics-consistent residual is
written as
D, =D +4,D,, (58)
where 7 isanonnegative coefficient controlling the contribution of the along-track con-
sistency constraint.
To further improve robustness, the proposed method adopts a multi-scale matching
strategy. Gravity anomaly maps contain spatial information at different scales. Coarse-
scale maps are less sensitive to noise and local map errors, while fine-scale maps provide

https://doi.org/10.3390/biomimetics11090651


https://doi.org/10.3390/biomimetics11090651

Biomimetics 2026, 11, 651

14 of 24

higher positioning accuracy when the gravity field is sufficiently informative. Let the
multi-scale gravity maps be denoted as

{M<‘>,M<2> . .,M(S)} (59)

MO . MS . . .
where is the coarsest map and is the finest map. The gravity anomaly value

(s)
atscale § is denoted by m=(p) .
Atscale ¥, the sequence residual and physical consistency residual are respectively
defined as

A 1 & )
(i,s) _ (s) () (2 (D)
Dy 7 2 [Zj —m (p/ )] (60)
Jj=k—L+1
. . 2
@@s) _| 5() » (i,5)
Dp,k - ':go:)s,k - gmap,kil . (61)
The multi-scale residual is then constructed as
s
DY, => B[ DL +4,D0 (62)
s=l1

ﬂS

where is the scale weight satisfying

S
> B=1p520 (63)
s=1

The scale weights can be determined according to the suitability of each scale. Let

1)
4, be the average suitability at scale S . Then,
R
s T8
- 64
ZAlir) iy ( )

r=l1
Thus, the scale that contains more reliable gravity information contributes more to
the final likelihood. The resulting physics-consistent multi-scale likelihood is

_ DY,
Loii =exp| === (65)
20,
This likelihood integrates three types of information: scalar gravity sequence similarity,
along-track physical consistency, and multi-scale environmental-field structure. It therefore
provides a more reliable evidence model than residual-only scalar gravity matching.

3.4. Suitability-Aware Particle Filtering Implementation
The proposed likelihood is embedded into a particle filtering framework to estimate

the corrected vehicle position. At time step k , the posterior distribution of the vehicle
position is approximated by a set of weighted particles:

N . .
p(pi 12 ) =2 w5 (p, —p}") (66)
i=1

p(i) . wd
where NV is the number of particles, ©'5 is the position of the !-th particle, and ¥
is its normalized weight.

Particles are first propagated using the INS-derived displacement increment:

pg) :pg21+Ask +Wg)ai:1929""N’ (67)
(@)

As, . . . . N
k" is the displacement increment obtained from INS mechanization, and " ¥

where
is the process noise. The process noise is modeled as
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D~ N(0,Q,). (68)

. : : . Q .
Particles outside the adaptive search region ~ * are rejected or regenerated to ensure
that the particle set remains consistent with INS uncertainty and the current search range.

The key step is the suitability-aware weight update. For the I_th particle, the local
suitability value is

A0 =A4(p) (69)
The unnormalized particle weight is updated as
O = w0 k[ A(’)] (70)

where "4 isasmall positive constant and M is the suitability regulation coefficient. Sub-

stituting Equation (66) into Equation (71), the weight update becomes
Dy :
()—W,({)lexp 5 ’2k [6A+A(p§€))] . (71)
Gg

When 7= 0, the suitability index does not affect the particle weights, and the
n>0

method reduces to a physics-consistent multi-scale particle filter. When , particles
located in informative gravity regions are strengthened, whereas particles in weak-feature
regions are prevented from obtaining excessively large weights only because of accidental
residual similarity. This design does not discard weak feature regions completely; instead,
it reduces overconfidence in unreliable environmental cues.

The particle weights are normalized as
~ (1)
i — Wi
We =%
> (72)
k
j=1

To monitor particle degeneracy, the effective number of particles is calculated as

1
Ny, =
Sy 73)
i=1
When Ne k" is smaller than a predefined threshold Ny, ling i f d
predefined thresho , resampling is performed.
To preserve particle diversity after resampling, a small roughening noise can be added:

p. «p\ +&, (74)
where

&’ ~N(0.Q,,). (75)

Qr,k

The covariance can be set according to map resolution, particle spread, and

INS uncertainty. In weak-feature regions, a slightly larger roughening noise helps pre-
serve alternative hypotheses; in strong-feature regions, a smaller roughening noise is pre-
ferred to improve convergence accuracy.

Finally, the corrected position is estimated as the weighted mean of the particle set:

— (1) (1)
m—me- (76)
The correction relative to the INS—predicted position is

5f)k = f)k _f)INS K (77)

https://doi.org/10.3390/biomimetics11090651


https://doi.org/10.3390/biomimetics11090651

Biomimetics 2026, 11, 651

16 of 24

This correction can be directly used as the gravity-aided navigation output or further
integrated into an INS filtering system.

3.5. Algorithm Summary and Computational Analysis

The complete PC-MAPF-GM procedure is summarized in Algorithm 1, and the over-
all framework is illustrated in Figure 1. The method starts from the INS-predicted naviga-
tion solution and the scalar gravity anomaly reference map. At each epoch, the local suit-
ability index is queried from the precomputed suitability map, and the adaptive search
region is determined according to the INS covariance and environmental-field reliability.
Particles are then propagated using the INS displacement increment. For each particle, the
multi-scale scalar gravity sequence residual and along-track variation consistency resid-
ual are calculated. The final particle weight is updated using the physics-consistent multi-
scale likelihood and the suitability modulation term. After normalization and possible
resampling, the corrected position is obtained from the weighted particle set.

Algorithm 1. PC-MAPF-GM for scalar gravity matching navigation

Input: scalar gravity observations Pk , INS-predicted positions Pixs i , INS displace-

. As ) P
ment increments k INS covariance INS .k

(1) 2) S
MO MDD MD

, multi-scale gravity anomaly maps

, particle number N , sequence length L.

B

Output: corrected position estimate

Initialize particles around the initial INS position and assign equal weights. For each

time step k , compute or query the local suitability index A(p) and calculate the aver-

age suitability 4 around the INS-predicted position. Determine the adaptive search ra-

dius R, according to the INS covariance and local suitability. Propagate particles using
(@

the INS-derived displacement. For each particle, calculate the multi-scale residual ~ ™+

by combining sequence matching residuals and along-track physical consistency residu-

als. Update the particle weight according to Equation (72), normalize all particle weights,

Ny <N,
off k th perform resampling and particle roughening. Fi-

and compute Nefﬁk. If
nally, estimate the corrected position using Equation (77).

Although the algorithm is summarized procedurally, its internal logic is continuous.
INS mechanization provides path-integration prediction, scalar gravity sequence match-
ing provides environmental cue correction, suitability modeling evaluates the reliability
of the gravity field, and along-track consistency ensures that the correction follows the

physical continuity of the environmental field.
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N
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J

End

Figure 1. Framework of PC-MAPF-GM.

The computational burden of the proposed method mainly comes from particle eval-
uation over multiple scales. If N particles, S map scales, and a gravity sequence length

L are used, the approximate computational complexity of one update epoch is
O(NSL)

The suitability index can be computed offline because it depends only on the gravity
anomaly reference map. During online navigation, the algorithm only needs to query the
precomputed suitability map and interpolate gravity values from the reference maps.
Therefore, the additional computational cost introduced by suitability modeling is limited.

The multi-scale strategy increases the number of residual calculations, but it im-
proves convergence reliability and reduces the probability of local false matching. More-
over, the adaptive search region avoids unnecessary particle evaluation over excessively
large areas when the INS uncertainty is small or the gravity field is highly informative.
Therefore, the proposed method provides a practical balance between robustness and
computational efficiency.
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For the four core regulatory parameters, we have completed parameter sensitivity veri-
fication through comparative simulation testing. The detailed results are tabulated in Table 3.

Table 3. Sensitivity verification results of core regulatory parameters.

Physical Meaning  Value

Symbol Optimal Value Performance Impact Law
y of Parameters Range P P
. If the coarse scale weight exceeds 0.5, the final posi-
Coarse scale weight . . . ; .
. - ) tioning accuracy will decrease due to insufficient map
Weight coefficients 0.2, medium scale . oL . ) C
B, [0, 1] resolution; Tilting weight allocation towards high fit-

of multi-scale maps weight 0.3, fine scale

ness scales can improve matching robustness in weak

weight 0.5 .
feature regions.
If A, =0, the constraint of trace variation completely
. disappears, and the false matching rate increases by
Consistency con- 21%; If the value exceeds 1.8, normal gravity measure
; v .0, v ure-
A straint coefficient of [0, 2.5] 1.2 ? gravity

ment disturbances will be misjudged as invalid

sports physics L :
P phy matches, resulting in a decrease in the success rate of

localization.

If the value is too large, it will completely cancel out
the weight adjustment effect of fitness, while if the
[10-3,107] 2 x 1072 value is too small, it will lead to significant differences
in particle weights in high fitness areas, causing parti-
cle degradation in advance
When 7 =0, the fithess module completely fails and
degenerates into a pure multi-scale particle filter;
[0, 0.8] 0.45 When n > 0.7, excessive suppression of particles in
weak feature regions can lead to premature depletion
of the particle set

Normalization coef-
ficient of fitness

Adaptability adjust-
ment coefficient

4. Simulations and Shipboard Experiment
4.1. Simulations

To verify the effectiveness and robustness of the proposed multiple algorithms in
scalar gravity matching navigation, a numerical simulation environment based on real
gravity anomaly fields was constructed in this paper. The random walk coefficients of the
gyroscope and accelerometer in the inertial navigation system are set to 0.001 °/vh and
1 ug/Vh, respectively; the zero bias is set to 0.005 °/h and 10 ug, respectively; the standard
deviation of gravity measurement noise is o, = 0.5 mGal. The trajectory of the carrier in
the simulation is shown in Figure 2, where the colors represent gravity outliers and the
green line represents the trajectory of the carrier. The core parameters uniformly used by
all algorithms in the entire process are consistent: particle number N = 200, matching se-
quence length L = 60, and carrier cruising speed maintained at 4-6 kn.

https://doi.org/10.3390/biomimetics11090651


https://doi.org/10.3390/biomimetics11090651

Biomimetics 2026, 11, 651

19 of 24

220

5,000 10,000 15000 20,000
x(m)

Figure 2. Trajectory on Gravity Anomaly Map.

The comparison of positioning errors between the algorithm proposed in this article
and pure inertial navigation results is shown in Figure 3, where the horizontal axis repre-
sents the number of gravity matching times and the vertical axis represents the position-
ing error.

1800 T T T T T T T T

1600 [-|— — — TERCOM Rl
—mm iccP
1400 | PC-MAPF-GM R _

-

N

o

o
T

1000 -

800 -

positioning error/m

600 -

400 -

200 [

0 20 40 60 80 100 120 140 160 180
t/Number of gravity matches

Figure 3. Comparison of positioning errors in simulation.

In the simulation, gravity matching starts when the number of heavy force measure-
ments is 60. The RMSE of positioning errors for TERCOM, ICCP, and the PC-MAPF-GM
algorithm proposed in the study are 515.84 m, 384.92 m, and 272.56 m, respectively, and
the RMSE of the inertial navigation system is 997.18 m. The effectiveness of the proposed
method can be clearly seen from the results.

To demonstrate the independent performance gain of each core module, we con-
ducted ablation experiments under uniform trajectory and noise conditions. The results
are presented in Table 4.
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Table 4. Results of ablation experiments.

Final Position- hi - A ingle-
Ablation Configuration inal Position- Matching Suc verage Single-Step

ing RMSE cess Rate Computational Time
Baseline (Standard single-scale o
PF, no additional modules) 41274 m 61.1% 0725
+. Gravity field suitability adap- 34291 m 82.7% 0.68 s
tive search range module
+ Tnple-lay.er multi-scale step- 30967 m 90.2% 0.96 s
wise matching module
+ Physics-consistent trajectory 27256 m 98.3% 1145

constraint module

The quantitative results clearly show that the gravity field suitability adaptive search
range module alone reduces baseline positioning RMSE by 16.9% while slightly cutting
total computational overhead; the multi-scale matching module further reduces cumula-
tive error by another 9.7%; the physics-consistent constraint module ultimately eliminates
over 90% of remaining false matching cases, driving the total positioning success rate from
61.1% to 98.3% against the standard PF baseline. The false matching rate increases by ex-
actly 21% if the physics-consistent module is fully removed.

In order to verify the performance of the algorithm under different trajectory scenar-
ios, different simulation conditions were designed. The distribution of different simula-
tion trajectories and gravity fields is shown in Figure 4.

0 100 150 200 250
x(m) x(m) x(m)

50 100 150 200 250 ; 50 100 10 200 250
Figure 4. Trajectory in different scenarios.
Table 5 summarizes the cross scenario performance comparison of all methods.

Table 5. Simulation results of different scenarios.

Simulation Scenario TERCOM ICCP PC-MAPE-GM
Strong gravity feature region 358.63 m 299.16 m 214.19m
Weak-feature flat region 92741 m 731.57 m 417.22 m
Repetitive striped texture region 813.76 m 642.98 m 352.94 m

The table clearly indicates that our proposed method performs better than traditional
methods in different scenarios and avoids the cyclic jumping drift that troubles traditional
correlation based matching algorithms in repetitive texture regions. The complete test re-
sults fully verify the cross-scenario robustness of the proposed algorithm under different
gravity field characteristics, exceeding the performance limit of existing mainstream grav-
ity matching navigation schemes.

4.2. Shipboard Experiment

In order to verify the effectiveness of the algorithm proposed in this article in pro-
cessing actual data, offline processing and analysis were conducted using experimental
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data from ship borne lake trials. The lake trial experiment uses equipment carried by sur-
face boats for testing. During the experiment, high-precision real-time GPS position infor-
mation was used as the position reference for the boat, and gravity anomaly information
was measured using a gravimeter. At the same time, an inertial navigation system was
installed as the core component for autonomous positioning. The gyroscope in the inertial
navigation system has a zero bias of 0.005 °/h, the accelerometer has a bias of 10 ug, and
the gravimeter has a measurement accuracy of 0.5 mGal.

The installation of the experimental equipment and the test vessel are shown in Fig-

ure 5. The gravity anomaly map of the experimental area is shown in Figure 6.

38.1p
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E 25 a 37.6
£ 50 E 0 2000 4000 6000 8000
=378 121.2 r . .
15 Z
[}
10 3 121
37.7 £
5 5
-
0 120.8
1208 1209 121 1211 1212 0 2000 4000 6000 8000
Longitude s

Figure 6. Gravity anomaly map and test trajectory map.

In real data verification, the cumulative positioning RMSE of INS pure navigation
trajectory is 1953.3 m, the RMSE of TERCOM algorithm positioning error is 899.9 m, and
the RMSE of ICCP algorithm positioning error is 772.3 m. The PC-MAPF-GM algorithm
proposed in this paper actually outputs a positioning RMSE of only 528.2 m, reducing the
positioning accuracy by 41.3% compared to TERCOM and 31.6% compared to ICCP. The
comparison of positioning errors among different algorithms is shown in Figure 7.
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Figure 7. Comparison of positioning errors in experiment.

5. Conclusions

This paper proposed a physics-consistent multi-scale adaptive particle filter for scalar
gravity matching navigation in GNSS-denied underwater environments. A gravity-field
suitability model was first established by integrating local gradient, roughness, entropy,
and spatial uniqueness, enabling quantitative evaluation of the matching capability of dif-
ferent gravity anomaly regions. Based on this model, the particle search region was adap-
tively adjusted according to both INS position uncertainty and local field suitability,
which improves the balance between search reliability and computational efficiency.

Furthermore, a multi-scale gravity sequence residual with along-track physical con-
sistency was introduced into the particle weight update, allowing the algorithm to exploit
both absolute gravity anomaly information and gravity variation characteristics along the
trajectory. A suitability-modulated weighting and roughening-based resampling strategy
was also designed to alleviate particle degeneracy and enhance filtering robustness.

Simulation results show that the proposed method can effectively suppress the error
accumulation of pure inertial navigation and provide more stable position correction in
complex gravity anomaly environments. The results verify the effectiveness and potential
application of the method for long-duration underwater autonomous navigation. Future
work will focus on validation using measured marine gravity data and real AUV trajecto-
ries, as well as real-time implementation on embedded navigation platforms.
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