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Abstract: This paper primarily investigates the selection of matching regions in a gravity matching navigation system for
submersibles. When employing Support Vector Machines (SVM) for adaptive region classification, traditional SVMs necessitate
manual adjustment of hyperparameters according to different scenarios. To address this limitation, our work integrates Genetic
Algorithm (GA) with SVM for the selection of suitable matching regions in underwater gravity-assisted navigation. The
experimental results demonstrate that this approach can provide valuable references for the division of adaptive regions and the

design of navigation routes for underwater vehicles.
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1.

As global attention on the development and utilization of
marine resources grows, the navigation and positioning
capabilities of underwater vehicles have emerged as a critical
area of scientific inquiry[1]. These vehicles primarily rely on
Inertial Navigation Systems (INS), which are self-contained,
stealthy, and offer high short-term accuracy. Despite these
advantages, INS suffers from errors accumulating over time
due to factors like gyro drift and accelerometer bias, making
long-term mission accuracy challenging without external
corrections [2].The stable and well-distributed temporal-
spatial characteristics of marine gravity fields present an
effective solution for correcting these INS inaccuracies[3]. By
utilizing onboard gravity sensors, underwater vehicles can
gather gravity field data during their journey. This data is then
compared against a preloaded reference map database,
enabling the identification of the most accurate matching
position through specialized algorithms. The correction of
inertial navigation errors using Earth's gravity field not only
enhances navigation precision but also opens new avenues in
the autonomous navigation of underwater vehicles. This
method represents a promising research trend, aiming to
leverage natural environmental features for improved
underwater navigation reliability and efficiency .This
approach underscores the potential for integrating
environmental mapping with traditional navigation systems
to achieve more reliable long-duration underwater
missions[4].

Introduction

2. Constructing a Support Vector
Machine Classifier

2.1. Gravity field characteristic parameters

Gravity field characteristics can be described from various
aspects such as statistics, correlation, and frequency [5].

(1) Standard deviation of gravity anomalies, the calculation
formula is as follows:
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g(i, j) is the value at position (7, j) in the gravity anomaly
map.
(2) Standard deviation of slope, the calculation formula is

as follows:
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(3) Roughness, the calculation formula is as follows:

R=(R,+R))/2 (3)
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(4) Gravity anomaly difference entropy, the calculation
formula is as follows:
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(5) Correlation coefficient, the calculation formula is as
follows:
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2.2. Particle Swarm Optimization Support
Vector Machine

2.2.1. Support Vector Machine Principles

Support Vector Machine (SVM) is a supervised learning
model used for classification and regression analysis[6]. The
core idea of SVM is to find a hyperplane in a high-
dimensional space that separates data points of different
classes as much as possible while maximizing the margin
between the classes. Additionally, by employing what is
known as the kernel trick, SVM can efficiently perform non-
linear classification.
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The Gaussian Kernel Support Vector Machine (RBF-SVM)
is a type of Support Vector Machine model that uses the
Radial Basis Function (RBF) as its kernel. The RBF kernel,
also known as the Gaussian kernel, is one of the most
commonly used kernels in SVM, especially suitable for non-
linear classification problems. It works by mapping the
original input space to a higher-dimensional space, making it
possible to find a hyperplane that can linearly separate the
data points in this high-dimensional space [7]. The
mathematical expression for the Gaussian kernel function is:
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This paper adopts the radial basis function kernel, bring it
into formula (7):The classification function of the optimal
hyperplane is expressed as:

f(x)=sgn[iaiYiK(xi,xj)+b} (10)

i=l1

44

In the context of RBF-SVM, selecting the appropriate
penalty parameter C and Gaussian kernel parameter g is vital
for enhancing classification performance. Consequently, to
improve classification outcomes, standard Particle Swarm
Optimization (PSO) is utilized to optimize these
hyperparameters.

2.2.2. Genetic Algorithm

Genetic Algorithm (GA) is a search heuristic that mimics
the process of natural selection and genetic mechanisms,
belonging to the category of evolutionary algorithms[8]. It
draws inspiration from Darwin's theory of natural selection,
particularly the principle of "survival of the fittest," and
addresses problems by simulating operations found in
biological evolution such as inheritance, mutation, selection,
crossover, and recombination[9]. The formula is as follows:

=(dil, di2...diD),i=1,2... NP (1)
For each individual in the population, the mutation vector
in differential evolution is generated in the following way:
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Where rlrl, 1272, and 1373 are randomly selected from the
population such that r1#r2#r3, and F is the scaling factor.
Typically, the scaling factor F" is chosen within the range [0,
2].

Below is the crossover formula for genetic algorithms:
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Below is the method for selecting individuals for the next
generation:
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Figure 1. Flowchart of Genetic Algorithm



3. Results

This study utilized gravity anomaly data from the
University  of  California, San  Diego  website
(http://topex.ucsd.edu/), with a resolution of 1'x1'. The
interpolated image has a spatial resolution of approximately
100 m x 100 m. The window size was set at 150x150 grid
cells, with a sliding step of 150 grid cells. Each region thus
covers an actual area of approximately 15 km x 15 km. This
paper divides the experimental area into 196 sub-regions and
conducts simulation experiments using the TERCOM
algorithm. Using average positioning accuracy as the criterion,

regions with an accuracy of 10072 meters or less are
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designated as suitable areas, while all other regions are
designated as unsuitable areas. The simulation parameters are
set as follows: the constant drift of the gyroscope in the
inertial navigation system is set to 0.05°/h, and the constant
error of the accelerometer is set to 0.04 m/s>. The simulated
speed is 10 m/s. The number of samples is 80, with a sampling
period of 10 seconds. A random error with a standard
deviation of 1 mGal is superimposed on the sampled values
as real-time measurement data for the gravimeter, and the
TERCOM algorithm is used for trajectory matching. The
distribution of positioning accuracy obtained from the
simulation experiment is shown in Figure 2.
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Figure 2. Calibration of Suitable areas.(a) Pre-calibrated Suitable areas in the east-west direction; (b) Pre-calibrated Suitable
areas in the northeast direction; (c) Pre-calibrated Suitable areas in the north-south direction; (d) Pre-calibrated Suitable areas
in the northwest direction

The dataset is divided into a training set, a test set, and a
validation set in a ratio of 6:2:2. The SVM algorithm uses the
LIBSVM tool developed by Lin et al., with the code
compilation environment being MATLAB R2021a[10]. The
standard Genetic Algorithm (GA) is used to optimize the
Support Vector Machine, with the following parameter
settings: penalty parameter ranges from [0.1, 100]; kernel
function parameter ranges from [0.00001, 10]. The parameter
settings for the Genetic Algorithm are as follows: the
population size is set to 100; the number of iterations is set to
500 generations; the crossover probability is set to 0.9; the
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mutation probability is set to 0.01; an elitism strategy is
employed, retaining the top 2 individuals directly into the next
generation to ensure that the best solutions found are not lost,
which helps maintain and improve the overall quality of the
population.

This indicates that for each direction, specific values have
been set for the kernel function parameter and the penalty
parameter to optimize the performance of the SVM model



Table 1. Performance results of various classifiers on the

test set.
Direction accuracy
East-west heading 92%
North-south heading 91%
Northeast heading 93%
Northwest heading 89%

Manually adjusting these parameters is time-consuming
and challenging, whereas Genetic Algorithms (GA) can
automatically search for the best parameter combinations,
thereby saving time and effort. GA employs a search strategy
based on evolutionary principles, allowing for extensive
searches across the entire solution space. This capability helps
in finding the global optimum or a solution close to the global
optimum, thus avoiding the problem of getting trapped in
local optima, which is common with traditional optimization
methods. As shown in Table 1, the classifier's accuracy
reaches above 90% in all directions except for the northwest,
where it stands at 87%. Experiments have shown that the
method proposed in this paper can more comprehensively
divide the adaptation regions of the study area.

4. Conclusions

This paper primarily investigates underwater navigation
technology based on gravity-adaptive regions, utilizing
Support Vector Machine (SVM) classification methods for
gravity-assisted navigation. By incorporating kernel
functions, SVM can accurately capture nonlinear
relationships and complex dynamic changes within the data,
offering excellent adaptability and robustness. To further
enhance the classifier's accuracy, this study introduces
Genetic Algorithm (GA) to optimize the SVM. The
experiment proves that the method proposed in this paper can
divide the adaptation region of the study area more
comprehensively.
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