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Abstract: The geomagnetic field constitutes a massive fingerprint database, and its unique structure
provides potential position correction information. In recent years, particle filter technology has
received more attention in the context of robot navigation. However, particle degradation and
impoverishment have constrained navigation systems’ performance. This paper transforms particle
filtering into a particle-matching positioning problem and proposes a geomagnetic localization
method based on an adaptive fission particle filter. This method employs particle-filtering technology
to construct a geomagnetic matching positioning model. Through adaptive particle fission and
sampling, the problem of particle degradation and impoverishment in traditional particle filtering
is solved, resulting in improved geomagnetic matching positioning accuracy. Finally, the proposed
method was tested in a sea trial, and the results show that the proposed method has a lower
positioning error than traditional particle-filtering and intelligent particle-filtering algorithms. Under
geomagnetic map conditions, an average positioning accuracy of about 546.44 m is achieved.

Keywords: autonomous underwater vehicle; underwater localization; geomagnetic matching; fission
particle filter

1. Introduction

Navigation and positioning systems are the core technologies of autonomous under-
water vehicles (AUVs) [1,2]. However, due to the rapid attenuation of Global Positioning
System (GPS) signals in water, autonomous underwater robots cannot rely on GPSs for ac-
curate navigation and positioning [3,4]. Inertial navigation systems (INSs) are currently the
main forms of navigation equipment employed in underwater vehicles [5]. However, due
to the continuous accumulation of measurement errors from gyroscopes and accelerometers
over time, inertial navigation eventually leads to the divergence of positioning errors [6].
Effective positioning correction methods are still a popular and challenging topic in the
field of underwater navigation [7].

Geomagnetic fields can provide pose correction references for underwater navigation
systems. Inspired by biological geomagnetic localization, researchers have developed a
series of geomagnetic positioning methods [8-11], such as geomagnetic contour matching
algorithms (MAGCOMs) [12], iterative closest contours point (ICCP) [13], simultaneous
localization and mapping (SLAM) of the geomagnetic field [14,15], and multi-parameter
search without a magnetic map [16]. Wu proposed using interval knowledge of geo-
magnetic field measurements to overcome the uncertainty in measurement for practical
applications of geomagnetic positioning, and underwater experiments showed that the
root-mean-square error of the proposed method reached 139.3 m [17]. Li et al. proposed a
dual-feature matching algorithm combining geomagnetic total intensity and its gradient to
solve problems such as poor matching accuracy in areas with low geomagnetic roughness
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using only magnetic field total intensity as a feature. The results of a simulation experiment
showed that compared with a traditional correlation matching algorithm, the positioning
accuracy of the proposed algorithm could reach within 20 m [18]. A MAGCOM generally
requires vehicles to accumulate a segment of trajectory and compares the correlation be-
tween the magnetic survey sequence and the magnetic map sequence in the matching area
to obtain accurate position information. Compared with MAGCOMs, the ICCP algorithm
enhances the ability of a rotation search based on a translational search, thereby improving
the algorithm’s accuracy. These methods have been effective with regard to geomagnetic
positioning to some extent. However, the sparsity of geomagnetic characteristics in ma-
rine environments often leads to problems such as low effective matching rates for these
algorithms within the preset matching area. Expanding the search and matching range
precipitates higher computational resource consumption.

In recent years, terrain matching navigation based on particle-filtering technology
has been applied [19,20]. The corresponding algorithms used in this process introduce
the idea of probability estimation, which can effectively compensate for the shortcomings
of geomagnetic matching algorithms based on correlation measurement. Among these
algorithms, the particle-filtering method based on Bayesian estimation has shown strong
performance in processing nonlinear problems [21]. Quintas et al. demonstrated that
particle filtering is robust in geomagnetic navigation problems [22]. As the iteration process
progresses, the impoverishment and degradation of traditional particle-filtering methods
lead to particle swarm clustering and the inability to identify the best matching point.
Ultimately, an unsatisfactory position correction source was obtained.

To solve the problem of particle degradation and impoverishment, this article pro-
poses an adaptive fission particle-filtering geomagnetic matching localization algorithm.
During the execution of particle matching and positioning, the current particles undergo a
splitting operation and generate new particles. The newly developed particles are called
“offspring” particles, while the original particles are known as “parent” particles. The
degree of particle fission is judged based on the particle weight, and it is proposed that
the sampling of “offspring” particles should consider both the degree of particle fission
of the parent particles and the sampling variance of the “parent” particles. By redefining
the sampling of the offspring particles, the distribution of the particle set becomes more
reasonable, and the method can be explained in terms of generality, thus improving the
probability of obtaining a correct match in geomagnetic positioning. Our contributions can
be summarized as follows:

e  Particle-matching technology is employed to realize underwater geomagnetic localiza-
tion.

e An adaptive fission particle-filtering algorithm is proposed to solve the problem
of particle degeneration and particle impoverishment. Compared with advanced
intelligent particle-filtering methods, our method achieves better localization accuracy.

e  The proposed method was tested in a marine environment, and the results show that
our proposed geomagnetic localization method can effectively achieve underwater
navigation error correction.

The remainder of this paper is organized as follows. Section 2 introduces related
works. Section 3 presents the problems and methods. Section 4 describes the experiments.
Section 5 draws conclusions from the study.

2. Principle of Geomagnetic Matching Localization

The principle of geomagnetic matching is to store the geomagnetic feature map of the
planned trajectory area in advance on a computer. When vehicles navigate to this area,
the current geomagnetic field matching feature quantity is obtained in real time through
the onboard geomagnetic measuring sensor. Then, the real-time measured geomagnetic
data are correlated with the stored geomagnetic map on the computer, and the matched
point with a high degree of correlation is selected as the current real position of the
vehicles. Afterwards, the geographic coordinates of the position are investigated using the
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geomagnetic map, providing reliable position information for correcting the navigation
trajectory of the vehicles [23].

In this study, a geomagnetic matching localization algorithm based on particle filters
was developed, the principles of which are shown in Figure 1. The vehicle employed in this
study has a spherical array of magnetic sensors that can obtain real-time measurements
of 16-channel, three-axis geomagnetic vector data. Firstly, each magnetometer’s vector
magnetic field value is preprocessed to obtain characteristic parameters that can be used for
geomagnetic matching calculations. In addition, the vehicle’s dead reckoning (DR) naviga-
tion system can provide rough position information. Based on the error setting of the dead
reckoning navigation system, the range of particle movement is determined. Afterward,
the difference between the map value of the characteristic geomagnetic parameter falling
in the corresponding geomagnetic grid and the measurement value is used to update the
particle weight. Then, through continuous resampling and other steps, an estimate of the
vehicle’s current position is obtained.

T o . Magnetic sensor array -
g - Particle
E Match range

_—~Sequence of geomagnetic
measurements

Figure 1. Schematic diagram of particle filter geomagnetic matching localization principle.

Geomagnetic positioning systems based on filtering technology can yield a continuous
position output, making them superior to the above positioning methods in terms of real-
time performance, and they have received attention from researchers in recent years [24].
Typical methods used in this domain include the geomagnetic/inertial positioning method
with Kalman filtering, which is the core method used, and the geomagnetic positioning
method with particle filtering [25]. The former draws on the Sandia inertial-geomagnetic
navigation system, employs a linearized geomagnetic field model as an observation quan-
tity, and, finally, achieves system’s position or velocity error correction. However, how
highly non-linear geomagnetic models are linearized constitutes a crucial factor affecting
the accuracy of this method. The latter particle-filtering method based on Bayesian estima-
tion shows strong performance in dealing with non-linear problems, requires low magnetic
field measurement accuracy, allows for measurement errors, and has strong robustness.
Zhang et al. used particle filtering to achieve underwater terrain matching navigation [26].
In practical applications, as long as the filter does not diverge, the geomagnetic positioning
error can always be maintained within a certain range. Therefore, geomagnetic position-
ing methods based on filtering technology have great developmental potential in future
geomagnetic navigation applications.
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3. Problems and Methods
3.1. Particle Filter

In a geomagnetic matching navigation system, the state space model can be defined
as follows:
X = f(xk—1, ) @

zr = g(h(8), x¢, vg) 2)

In the Equation (1), xy represents the position outputs of INS, where x; = [¢  Af] T
zj represents the observation vector. /1(6) represents the magnetic field intensity at any
position on the geomagnetic map. u; and vy represent the state noise and observation noise
at time k, respectively, and the two types of noise are independent of each other and follow
a Gaussian distribution.

In a particle filter algorithm, assuming that the system process follows an m-order
Markov process, the state updating of the system can be achieved based on the poste-
rior probability density recursively derived from observations. However, in reality, it
is difficult to directly obtain an accurate posterior probability distribution of a target
in a nonlinear system. The importance-sampling technique generates a set of particles
% ~g(x)(i =1,2,...,N) via introducing a probability density function with known dis-
tribution characteristics and easy sampling characteristics. The choice of the importance
probability density function has a significant impact on the accuracy of the algorithm.
The detailed theoretical derivation can be found in [27]. Typically, in standard particle-
filtering algorithms, the importance density function is set to the prior probability density
function, namely

a(xtfe, z) = p(ux,) ©)
where xé.ki , represents the state variables from time 0 to k — 1, and zy represents the
observed variables from time 1 to k. The recursive update formula for particle weights is

simplified as
wh ol p(zfx) @)

In the problem of magnetic field matching localization, the following must be defined:

plafd) = ——exp (W) 6

In Equation (5), T is the variance of the magnetic field measurement error, 6y is the
total intensity value of the magnetic field measured by the magnetometer at time k, and 6,,
is the magnetic map value corresponding to the grid where the particle is located.

Normalize the weights

. wt
PR k
Yk= N

L Wi
i=1

(6)

where gj w' = 1. Thus, the particles’ posterior probability density and corresponding
weighté alre obtained. However, after several iterations, except for a few particles with large
weights, the weights of the remaining particles are so small that they can be ignored. Particle
degradation is a common problem faced when using sequential importance-sampling
particle filters [28]. In engineering, particle-resampling techniques are commonly used to
solve the problem of particle degradation. By adding a resampling calculation step after
importance sampling, low-weight particles are eliminated, and high-weight particles are
replicated, thereby facilitating the redistribution of particle weights. The three commonly
used basic resampling schemes are multinomial resampling, stratified resampling, and
systematic resampling. Resampling techniques solve the problem of particle degradation
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in particle filtering, but they also introduce new problems; replicating only weighted
particles reduces the diversity of particles, leading to particle impoverishment [21]. To
solve these problems, some adaptive particle-filtering algorithms have been proposed, such
as intelligent particle filtering [29] and genetic particle filtering [30].

3.2. Geomagnetic Localization with Adaptive Particle Fission

In response to the problems of particle degradation and impoverishment with respect
to traditional particle-filtering algorithms, this paper proposes an adaptive fission particle-
filtering geomagnetic matching localization method to correct the dead reckoning error.

In the particle-filtering geomagnetic matching algorithm, the state variables of each
particle are set as longitude, latitude, and total magnetic field strength. During initialization,
particles are drawn from their prior state distribution and assigned initial weights of
w=1/N, where N is the total number of particles. Then, iterative calculations such as
importance sampling are performed. In traditional particle filtering, high-weight particles
are copied multiple times during resampling, leading to a need for more diversity among
particles. Additionally, continuous iterations cause particles to gather in local areas of the
geomagnetic map, resulting in only locally optimal solutions rather than global optimal
solutions. As a result, significant positioning errors arise in the wrong matching area.

In the adaptive fission particle-filtering algorithm proposed in this paper, the particles
before resampling are employed as “parent” particles, and all “parent” particles generate
“offspring” particles after updating their weights. The “parent” particles and “offspring”
particles are then mixed, ranked in descending order according to weight, and only the top
N particles are retained, while the rest are discarded. This process continuously updates
the particle population to enrich its diversity without increasing computational complexity
and avoids local optimal solutions due to particle clustering. Assume that the number of
“offspring” particles generated by each “parent” particle is m}(

mfc = round [N X w}(} +2 )

In the equation above, N is the total number of particles, w!, is the weight of the i-th
particle at time k, and round|x] is the rounding function. It can be seen that the number of
“offspring” particles is determined by the weight of the “parent” particles. High-quality
particles with high weights will generate more “offspring”, while low-weight particles can
produce at least two “offspring” particles. Therefore, in the iterative calculation process,
the diversity of the particles can be maintained.

Next, samples are taken from a Gaussian distribution for the “offspring” particles. The
primary purpose of adaptive fission particle filtering is to retain high-weight particles and
perturb low-weight particles, moving them to other target areas. Therefore, the sampling of
“offspring” particles should satisfy a normal distribution with a mean value of the “parent”
particle state and a variance of y, as follows:

32;(] ~ N(x};, ‘u};),j = {1, mf(] (8)

Reference [31] defines the particle fission factor a;'( as the variance of the samples taken

for “offspring” particles.
1

w}( —w;Vg
1+exp| A —tsws
+ p wkmax 7wz\ g

In Equation (9), w, ® and w™ represent the average and maximum weight of the

particles at time k. Figure 2 shows the relationship between the weight of the “parent”
particles and the fission factor [31]. From Figure 2, it can be seen that “parent” particles with
smaller weights have a higher fission degree. However, it is not appropriate to directly use
the fission factor as the variance for sampling “offspring” particles. As shown in Figure 2,

a, =

©)
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regardless of whether the “parent” particle has a large or small weight, the sampling
variance of the “offspring” particles satisfies 0 < ai < 1. For example, if the fission factor
is 0.23 and the coordinate of the “parent” particle is (120° E, 30° N), then most of the
generated “offspring” particles will be within the range of (120° &+ 1.5° E, 30° & 1.5° N).
This distribution of “offspring” particles covers an area of nearly 300 x 300 km, which
obviously does not match actual situations. The method proposed in reference [31] is
only applicable to an amplitude of seismic wave signals no greater than 10 V at each time
interval and has a high degree of contingency.

€C

&)

Fission de

0 0.5 1

Parent particle weight
Figure 2. Relationship between parent particle weight and fission degree.

This paper indicates that the “offspring” particles generated from the fission of the
“parent” particles must inherit some characteristics of the “parent” particles. Thus, the
sampling of “offspring” particles should be based on the “parent” particles. Assuming that
the sampling distribution variance of the “parent” particles is yf{, then the variance of the
sampling of the “offspring” particles should be

o} = Mjaj, = — (10)

In the equation, A is the scale factor used to control the range of movement of the
“offspring” particles. It is an empirical value, and researchers can set it based on the specific
context of the problem being addressed. Equation (10) reflects that, under the consideration
of the motion characteristics of the “parent” particles, the “offspring” particles fission
adaptively based on the weights of the “parent” particles to obtain better state values. This
is achieved by adapting the distribution characteristics of the “parent” particles around
the distribution centered on the “parent” particles according to the fission factor size. In
Figure 3, the light blue circles represent the “parent” particles, and the blue asterisks
represent the “offspring” particles they generate. Each “offspring” particle is distributed
around its ‘parent’ particle to explore new optimal solutions. Figure 4 compares the
particle diversity between the proposed and traditional particle-filtering methods after
250/417 iterations. It can be seen from Figure 4 that even when the experiment is nearly 60%
complete, the particles of the adaptive fission particle-filtering method remain dispersed
and have good diversity. In contrast, the particles of the traditional particle-filtering method
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gather together. Therefore, the proposed adaptive fission particle-filtering method improves
the quality of particles and aids the discovery of the best geomagnetic matching point.

T T T T I I

@ Parent particles

36.01 *' s Offspring particles
*
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Figure 3. Schematic diagram of particle fission.
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Figure 4. Comparison of particle diversity.

The newly generated “offspring” particles ?c;(] update their weights according to Equa-
tion (4) based on the difference between the geomagnetic field reading values in their
state space and the measurement values. Then, the “parent” particles and “offspring”
particles constitute the particle set, sorted in descending order according to the weight
of particles, and the top particles are selected as the new particle swarm to participate in
the following iteration calculation. Finally, the particle weights are normalized, and the
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optimal matching position is calculated according to Equation (11) based on the states and
weights of all particles.

M=

Il
—_

(x;w;;) 11)

X =
1
The workflow of the adaptive fission particle-filtering geomagnetic matching localiza-
tion algorithm as Algorithm 1 shows:

Algorithm 1: The adaptive fission particle-filtering geomagnetic matching localization

1. Initialization: k = 0, The initialization-state particles x6 ~ P(xp),i=1,2,..., N are extracted
from the prior distribution P(xg). Initialize particle weights 106 =1/N

2. Importance sampling: x}( ~ q(xk xii 1,z1:k>

; ' i ol i iy~ 1 —(6:—60)*
3. Calculate particle weights w} o« w;_,p(zx|x; ), p( zk|x}; ) = oz &P o .

4. Normalize weights w;{ = w}{ / Z{i 1 w}(
5. Particle fission:
5.1 Calculate the number of offspring m;( = round [N X w}c] +2

5.2 Calculate the state value of the “offspring” particle %Z] ~N (xf{, y}() = [1, mi]

5.3 Update offspring particle weights, as in step 3.
5.4 Sort all particles by weight in descending order and choose the top N particles to

. _N
form a new particle swarm for the subsequent iteration calculation {x}(, @}c} -
1=

) i ON
6.  Normalize weights W}, = @} /};L; W

N, . .
7. Calculate state estimates x; = ) (x;(w}()
i=1

4. Experiments
4.1. Experimental Setup

This section reports the results of a sea trial performed to validate the proposed
geomagnetic localization method. The vehicle used for the sea trial is shown in Figure 5 [32].
This aluminum alloy vehicle can be divided into a main cabin and a spherical bow. The
components of the vehicle can be categorized into a power supply system, a perception
system, and a central control system. The power supply system consists of a power supply
source and a power management module, which are responsible for providing energy
support to the entire system, voltage regulation, and circuit switching. The perception
system consists of sensors, including a magnetometer, an inertial measurement unit (IMU),
a satellite receiver, and a pressure sensor, and the performance of the corresponding sensors
is shown in Table 1. The IMU is an essential sensor of the INS. Together, the INS and
the GPS form an integrated navigation unit receiving data from a satellite signal, which
provides reference position information for the test system. The central control system
consists of an NVIDIA TX2 core board and uses a Linux operating system to read and store
data uploaded by various sensors in real time. Each sensor communicates with the central
control system through RS232 and USB interfaces.

In this study, two sea trials were conducted in the Jiaozhou Bay area of Qingdao on
22 June and 26 June 2022. The total distance covered in the trial 1 was 9.63 km, and the total
distance covered in trial 2 was 14.37 km, for which the average speed was 5 m/s. Data on
parameters such as the characteristics of the geomagnetic field, motion acceleration and
angular velocity, attitude angle, GPS position, and true heading were collected during the
trials. The magnetometer sampling rate was set to 10 Hz during the tests. In comparison,
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the acceleration and angular velocity sampling rate was set to 100 Hz, and the attitude
angle, heading angle, and position data sampling rates were set to 10 Hz. The data from the
IMU and magnetometer were saved separately, with a file saved every 10 min. Each data
stream was timestamped based on the system read time to facilitate offline data alignment.

Magnetic sensor IMU F .

Pressure meter

Power supply \
Power mana; t Al
gemen
X2

Figure 5. The test vehicle’s structure.

Table 1. Parameters of main sensors.
Magnetometer Inertial Measurement Unit (IMU) Integrated Navigation
Accuracy/axis 0.5% Reading +0.1% FS ~ Acceleration zero-bias stability <0.1mg  Heading accuracy  0.1°
Range £100 uT Acceleration range t5g Attitude accuracy  0.1° (10)
Orthogonal error ~ <0.1° Gyroscope zero-bias stability 10°/h Position accuracy <12m
Resolution 0.1nT Gyroscope range +500°/s  Velocity accuracy 0.02m/s
Rate 10 Hz Rate 100 Hz Rate 10 Hz

Prior to verifying the performance of the proposed method, we had the vehicle
establish a sparse geomagnetic map with dimensions of 9.2 x 3.5 km along the lawn
mower trajectory indicated by the black line in Figure 6. The trajectories were spaced
approximately 500 m apart in the east-west direction. Then, linear interpolation was
used to encrypt the measured geomagnetic data, forming a grid map with a resolution
of 50 m. It is well known that the geomagnetic field undergoes long-term variations and
short-term diurnal changes [33]. Long-term diurnal variations can be disregarded during
geomagnetic navigation, and updating the geomagnetic map every 3-5 years is sufficient.
As for short-term diurnal changes, it is advisable to conduct geomagnetic measurement
experiments when the geomagnetic field is stable, i.e., around noon [18,34].
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Figure 6. Total geomagnetic field intensity map.

4.2. Results and Discussions

After obtaining the geomagnetic map of the experimental area, the adaptive fission
particle filter geomagnetic matching localization method proposed in this section was used
to perform further position correction for the dead reckoning results of the vehicle. In the
DR algorithm, the motion step and direction of the carrier are estimated based on the infor-
mation provided by the accelerometer and gyroscope, and the two-dimensional position of
the carrier can be calculated using known initial conditions [35].Considering that the geo-
magnetic field is a large-scale physical field and the magnetic field strength values change
very slightly at locations that are close to each other, in cases where the measurement
environment is not ideal, the interference noise amplitude may be much larger than the am-
plitude of geomagnetic field changes, leading to a large number of mismatches. Therefore,
in this paper, position correction was performed once when the distance between the front
and back exceeded 1 km. During the experiment, the particle sampling variances in the
longitudinal and latitudinal directions were set to diag(1.6454 x 1074,1.6454 x 10’4), unit
in degreez, and T = 100, 000; the scaling factor was A = 0.001; and there were 3000 particles.
At the initial time, all particles had equal weights, that is, 1/3000. In order to highlight
the performance advantages of the adaptive fission particle filter algorithm in relation to
geomagnetic positioning, this paper compared it with the traditional particle filter (PF)
algorithm and the intelligent particle filter (IPF) algorithm improved by Shen et al. [29].
The results are shown in Figures 7-10.

Figures 7 and 8 show that the blue, dashed line represents the dead reckoning system
trajectory. In contrast, the black, dotted line is the reference trajectory provided by the
GPS installed in the AUV. It can be seen from Figures 7 and 8 that after several successful
particle-matching processes, the calculated trajectory is gradually corrected, approaching
the true trajectory. The absolute position errors are shown in Figures 9 and 10. It can be seen
that the DR algorithm disperses the position errors due to the continuous accumulation of
errors. However, PF, IPF, and the proposed method show a stepwise decrease in absolute
position error due to the use of the geomagnetic field to correct the DR positioning results.
However, for Experiment 2, the correction of the DR navigation results via geomagnetic
positioning is less effective than in Experiment 1, particularly for the PF algorithm. This
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is because the performance of geomagnetic matching positioning algorithms is strongly
correlated with geomagnetic features. Most geomagnetic field intensity values are relatively
similar in areas with sparse geomagnetic features, making it difficult for particles to match
the correct geomagnetic feature points. In addition, as the program progresses, the particle
set gradually degenerates into a cluster in the PF algorithm, as shown in Figure 4. At this
point, particles only search for matching points in a limited local area, thereby enabling an
in improvement in the geomagnetic matching positioning performance of the PF algorithm,
which is also the problem this paper aims to solve. In Figure 9, for Test 1, after three
consecutive, valid matches, the accumulated position error is constrained, and the corrected

trajectory is almost identical to the true trajectory.
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Figure 7. Comparison of geomagnetic positioning results achieved using the adaptive fission particle

filter in test 1.
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Figure 8. Comparison of geomagnetic positioning results achieved using the adaptive fission particle

filter in test 2.
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Figure 9. Geomagnetic positioning error in test 1.
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Figure 10. Geomagnetic positioning error in test 2.

In addition, after combining the results of the two tests shown in Figures 9 and 10, it
was found that effective geomagnetic positioning occurred in the latter half of the voyage.
The error accumulation during navigation calculation in the initial stage was small, resulting
in a small distance between the dead-reckoning-indicated position and the true position,
and the geomagnetic field strength values at the two positions were close. Therefore, it
was difficult for the particles to distinguish the degree of geomagnetic similarity within
the exploration range, and most particles eventually had similar weights. As the voyage
continued, the accumulated error in the dead reckoning further increased. When there was
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a clear distinction between the geomagnetic fields at the predicted and true navigation
positions, the particles could accurately match the correct position in the motion space
through similarity calculations and then perform a correction on the DR navigation results.

Table 2 summarizes the position error results for the three particle-filtering methods
in the two experiments. The table shows that the method proposed in this paper outper-
forms the compared methods in terms of average position error and endpoint error. In
the two experiments, the dead reckoning trajectory based on heading and displacement
information resulted in absolute position errors of 2391.7 m and 911.15 m, respectively.
The adaptive fission particle filter method proposed in this paper can maintain particle
diversity throughout the iteration process. It increases the probability of matching the
best position, which leads to the geomagnetic positioning results being closer to the true
position. After correction using the adaptive fission particle filter geomagnetic positioning
method, the absolute position errors at the end of the task were reduced by 98.17% and
67.94%, respectively.

Table 2. Absolute position error statistics (m).

Traditional Particle Filter Intelligent Particle Filter Proposed Method
Test 1 Test 2 Test 1 Test 2 Test 1 Test 2
RMSE 804.64 631.75 819.42 501.50 767.18 482.40
Mean positioning error 674.06 582.18 685.08 468.61 647.99 444.89
Error at the end 138.08 794.93 119.02 433.23 43.68 292.08

The first two rows of Table 2 are the root-mean-square error and average positioning
error, which were obtained by comprehensively considering the positioning error of the
entire trajectory. Figures 9 and 10 show that the navigation time of 1600 s in Figure 9
and the performance of the method proposed in this paper before 1500 s in Figure 10
are almost equivalent to those of IPE. Subsequently, due to the better particle diversity
of the method proposed in this article, particle matching yielded better matching points
than the IPF method, resulting in a significant reduction in positioning error compared
to the IPF method (at 1500 s in Figure 10). At around 1800 s, the method proposed in
this paper obtained even better matching points based on the original error. So, in the
end, the positioning error of the method proposed in this article is smaller than that of the
IPF method.

Meanwhile, the geomagnetic matching localization method based on traditional parti-
cle filtering reduced the positioning error by 94.23% and 12.76% in the two experiments.
The intelligent-particle-filtering-based geomagnetic matching localization method reduced
the absolute position errors by 95.02% and 52.45% in the two experiments. The average posi-
tioning errors of the proposed method in this paper were 546.44 m for the two experiments.
The mean values of the traditional-particle-filtering and intelligent-particle-filtering-based
geomagnetic positioning were 628.12 m and 576.85 m, respectively.

5. Conclusions

This paper studied the error accumulation problem in long-duration AUV tasks using
the dead reckoning principle by combining displacement and heading. Using sparse
geomagnetic maps, a method was proposed to correct the dead reckoning results using
the geomagnetic field, thereby achieving the autonomous and covert navigation and
positioning of the AUVs in satellite-restrictive environments. This paper proposed an
adaptive fission particle-filtering-based geomagnetic positioning method that allows for
the creation of “parent” particles before resampling to generate “offspring” particles. The
“offspring” particles are sampled according to the fission degree and motion variance of
the “parent” particles, ensuring that the particle set maintains diversity during the iteration
process. This method solves the problems of particle degradation and impoverishment
that occur with traditional particle filtering as the iteration progresses and improves the
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accuracy of geomagnetic positioning. After sea trials, the proposed adaptive fission particle-
filtering-based geomagnetic positioning algorithm effectively corrected the dead reckoning
error. The average positioning error after geomagnetic positioning correction was 546.44 m,
which is a 41.7% improvement over that of dead reckoning.

Future work will focus on the effect of the resolution of the geomagnetic map grid on
the geomagnetic positioning effect. Our team aims to conduct research on geomagnetic
navigation under the condition of sparse-resolution geomagnetic maps.
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