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Abstract: Autonomous Underwater Vehicles (AUVs) equipped with Side-Scan Sonar (SSS) play a
critical role in seabed mapping, where precise navigation data are essential for mosaicking sonar
images to delineate the seafloor’s topography and feature locations. However, the accuracy of AUV
navigation, based on Strapdown Inertial Navigation System (SINS)/Doppler Velocity Log (DVL)
systems, tends to degrade over long-term mapping, which compromises the quality of sonar image
mosaics. This study addresses the challenge by introducing a post-processing navigation method
for AUV SSS surveys, utilizing Factor Graph Optimization (FGO). Specifically, the method utilizes
an improved Fourier-based image registration algorithm to generate more robust relative position
measurements. Then, through the integration of these measurements with data from SINS, DVL, and
surface Global Navigation Satellite System (GNSS) within the FGO framework, the approach notably
enhances the accuracy of the complete trajectory for AUV missions. Finally, the proposed method
has been validated through both the simulation and AUV marine experiments.

Keywords: AUVs; SSS; seabed mapping; sonar image registration; FGO; post navigation

1. Introduction

The utilization of Autonomous Underwater Vehicles (AUVs) equipped with Side-Scan
Sonar (SSS) stands as a pivotal technique for seabed scanning [1]. AUVs typically utilize
a navigation system that integrates data from the Strapdown Inertial Navigation System
(SINS) and the Doppler Velocity Log (DVL) [2]. By amalgamating the measurements
from the Side-Scan Sonar (SSS) with the navigation data, seabed acoustic mosaics are
generated, which contain navigation information and the positions of significant seabed
features [3]. The precision of the AUV’s navigation data holds substantial sway over
the accuracy of seabed mapping and the localization of seabed features. Nevertheless,
conventional SINS/DVL-integrated navigation methods are susceptible to errors stemming
from imprecise DVL measurements, scale factors, and mounting error angles, thereby
culminating in positioning discrepancies over time. While post-processing with satellite
data before and after diving might yield enhancement, this approach is constrained by
the absence of positional data during the underwater phase and limitations in modeling
accuracy. Based on our experimental findings, although post-processing with satellite data
before and after diving could offer some enhancements, this approach is hindered by the
lack of positional data during the underwater phase and limitations in modeling accuracy.

AUV utilizes the SINS/DVL-integrated navigation method to obtain navigation infor-
mation underwater [4,5]. This is a dead-reckoning method that achieves positioning by
fusing and integrating the measurements of DVL and SINS. However, not only the heading
errors of SINS would cause overall trajectory deviations, but also there are error sources
such as the change in DVL calibration due to sound speed and installation errors between
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DVL and SINS in the system, leading to accumulated positioning errors of underwater
AUVs [6,7].

Performing simple post-processing with GNSS measurements taken before the sub-
merging and after the surfacing of AUV could optimize the trajectory to some extent [8,9],
but there are still some issues remaining.

The first limitation is the difficulty in obtaining stable and reliable relative position
measurements from Side-Scan Sonar (SSS) images: Relative position measurements from
sonar image registration can complement the measurements; conventional feature-based
image registration methods are limited in dull environments [10], making them prone to
failure in seabed sonar images. Image registration methods based on the Fast Fourier Trans-
form (FFT) show improved performance by leveraging overall image information [11,12],
and it is already utilized in image sonar. However, the registration of SSS images presents a
greater challenge. Unlike images from conventional image sonar, which typically exhibit
similar perspectives, the perspectives of SSS images are usually entirely distinct. This leads
to significant discrepancies between images, resulting in inaccuracies in the determination
of relative positions in the output and the potential outliers.

The second limitation is that existing methods often lack the estimation of the AUV’s
heading and the DVL installation errors. These omissions significantly affect the quality of
SSS imaging, for it is the AUV’s heading, rather than its navigational course, which governs
the angle of this frame in the stitched map. The conventional map stitching methods do not
correct for heading, treating the heading values obtained from the SINS/DVL-integrated
navigation as true values [10,13], which limits the maximum achievable accuracy. However,
existing methods typically overlook the installation errors between DVL and the SINS [14].
This omission results in errors in the transmission of position correction within the method,
casting suboptimal accuracy in heading estimation [15]. Although traditional filtering
methods could estimate errors in time series by extending the system model, they often
encounter difficulties when the intervals between positional measurements are excessively
long [16]. This challenge arises from the nonlinear system, where certain states, despite
being unobservable at a given moment, may still be inaccurately estimated by the filter,
potentially resulting in system instability. Consequently, this might be a reason why existing
methods generally do not incorporate the estimation of these errors.

This study aims to address the two previously mentioned issues in the AUV navigation
information for seafloor mapping. On one hand, an improved SSS image registration
method based on the FFT is designed and implemented, which enables a more stable and
accurate acquisition of relative positions from the SSS. On the other hand, to concurrently
estimate the state sequence of the AUV and the constant system error parameters, we
propose a method based on FGO. Compared to filter-based methods, which necessitate
the sequential estimation of constant states, the FGO-based method allows for the flexible
modeling of states as either sequences or constants [17,18], making it particularly suitable
for scenarios like this study, where large time intervals between measurements are utilized
to estimate constant states such as installation errors.

Ultimately, by using FGO to fuse relative position from SSS images and position
from GNSS before submersion and after surfacing, it becomes possible to simultaneously
estimate navigation information such as attitude, velocity, and position as time series, along
with constant error parameters like DVL scale factors and installation errors. This method
offers two significant advantages: first, it allows for the estimation of more accurate AUV
attitude and position, thereby enhancing the quality of seafloor images through improved
attitudes and positions of the SSS. Second, the derived parameters, such as installation
errors, can serve as valuable references for the AUV’s subsequent missions.

The contribution of this study Can be summarized as

1. To acquire reliable relative position measurement, an improved Fourier-based image
registration technique has been proposed to address the lack of features in SSS seafloor
images. This method builds upon traditional registration by incorporating a Gaussian
prior to eliminating outliers, and employs bandpass filtering to enhance the accuracy



J. Mar. Sci. Eng. 2024, 12, 1769 3 of 23

after outlier removal. This approach not only significantly improves the stability of
the registration process, but also requires minimal computational resources since both
enhancements are applied to the normalized cross-correlation function.

2. A post-processing method based on Factor Graph Optimization (FGO) is proposed
that facilitates the simultaneous estimation of the varying AUV’s navigation informa-
tion and constant error parameters, such as DVL scale factors and installation errors.
With position measurements, this method not only allows for the optimization of
trajectory information in the same manner as traditional post-processing methods,
but also enables an effective optimization of heading information.

This paper includes an improved SSS registration method, an enhanced post-processing
model, and an optimization implementation based on FGO. The sonar registration algo-
rithm was validated through SSS seabed images, while the optimization method was
validated through two sets of experiments using both simulated data and ocean trial data.
Section 2 presents the overview, Section 3 presents the improved sonar image registration
method and its validation, Section 4 proposes the integrated navigation with measurement
from SSS image registration based on FGO, and Sections 5 and 6 provide comparative sim-
ulations and experiments of the existing methods and the improved methods, respectively.

2. Overview

The proposed approach is outlined in Figure 1, which comprises three primary
components.
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Figure 1. The framework of the proposed method. Figure 1. The framework of the proposed method.

(1) Registration of SSS images

SSS image pair selection, image pair pre-processing, and Fourier-based registration
are included, aiming to establish the spatial relationship between the SSS images. This will
be demonstrated with details in Section 3.

(2) Factor graph optimization

Based on the improved high-accuracy pre-integration model and DVL/SSS mea-
surement residuals, as shown in Section 4, the state of the entire trajectory will be batch-
optimized through FGO. The specifics of the FGO formulation are provided in Section 4.1.
The DVL measurement model will be presented in Section 4.2. The residuals and Jacobian
matrix will be demonstrated in Sections 4.3 and 4.4.

(3) Information output

After the states are estimated using FGO, the navigational information for the trajectory
can be generated.
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3. Fourier-Based SSS Image Registration

When the AUV navigates to a location near its previous path, the survey areas of the
SSS will overlap. Pre-processing and registration can be applied to the partially overlapping
sonar images to obtain relative position measurements.

This section presents an improved Fourier-based image registration technique. It
builds on the standard Fourier-based SSS Image Registration method by adding two key
improvements. The two improvements involve the addition of a Gaussian prior and the
use of a window function on the normalized cross-correlation function, which, respectively,
address significant errors and minor errors in SSS image registration. These methods will
be validated using examples of SSS images.

3.1. Standard Fourier-Based SSS Registration
3.1.1. Pre-Process of SSS Images

Prior to registration, it is necessary to perform slant-range correction, essential image
enhancement, and longitudinal intensity normalization for SSS images. Assuming a level
seabed, the formula for slant-range correction is as follows:

L f eature =

√(
Lslope

)2
− (H)2 (1)

where L f eature and Lslope represent the distance from a point on the seabed to the midline of
the acoustic survey path, and the diagonal distance from that point to the SSS transducer,
respectively. H represents the height of the transducer relative to the seabed.

After slant-range correction and necessary image enhancement, a vertical intensity
normalization is required due to the inherent vertical intensity unevenness in the images.
It can be shown as

I′(i, j) = I(i, j) + cj
cj = µglobal − µcol(j)

(2)

where I′(i, j) and I(i, j), respectively, represent the pixel intensity values at the row i and
column j of the intensity-balanced image and the original image; cj represents the intensity
adjustment value for column j; µglobal is the global mean intensity of the original image I;
and µcol(j) is the mean intensity of column j in the original image.

3.1.2. Fourier-Based SSS Registration

As the scanning routes are nearly parallel, it can be assumed that the two images g
and f to be registered only have a translational relationship, as shown in Equation (3).

f (x, y) = g
(
x − tx, y − ty

)
(3)

The normalized cross-power spectrum is illustrated in Equation (4). The robustness
of Fourier-based registration to noise is attributed to the process-normalized process in
Equation (4), which can be viewed as a pre-whitening step.

C(u, v) =
F(u, v)G∗(u, v)
|F(u, v)G∗(u, v)| = e−i(utx+vty) (4)

Subsequently, through the inverse Fourier transform, the Phase Correlation Matrix
(PCM) can be obtained as shown in (5):

P(u, v) = F−1C(u, v) (5)

Finally, the position relationship is determined in Equation (6), which is the relative
position measurement corrected by sonar image pairs.(

tx, ty
)
= argmax

(u,v)
{P(u, v)} (6)
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3.2. The Optimization of SSS Registration
3.2.1. Gaussian Prior-Enhanced SSS Registration

The common features present in SSS images often introduce errors in image regis-
tration. Along an AUV track, the intensity of SSS images exhibits a gradient, increasing
from the port side to a peak at the centerline, followed by a decrease towards the starboard
side. Additionally, the contrast fluctuates between weak and strong, reaching its peak at a
moderate distance from the midline of the acoustic survey path. When seabed features are
not clearly defined, these fixed characteristics of intensity and contrast can dominate the
registration results, causing errors in relative position measurements.

However, it has been observed that even when the underwater features in the images
are not clearly defined, the PCM frequently yields local maxima in proximity to the correct
registration outcomes, albeit not globally optimal. Consequently, this study suggests
leveraging the coarse relative positional data supplied by the AUV navigation system
as a Gaussian prior, and integrating this Gaussian prior into the registration process to
effectively derive meaningful registration results from the PCM.

When the prior image displacement is
(

t∗x, t∗y
)

, the two-dimensional normal distribu-
tion f (u, v) is defined as

f (u, v) =
1

2πσuσv
exp

(
−1

2

[
(u − t∗x)

2

σ2
u

−
2ρ(u − t∗x)(v − t∗y)

σuσv
+

(v − t∗y)
2

σ2
v

])
(7)

where σu and σv represent the standard deviations of f (u, v) in the u and v directions,
determined by the attitude holding capability of the SINS; t∗x and t∗y denote the prior image
displacements in the horizontal and vertical directions, respectively.

The PCM with added Gaussian prior is denoted as PGaussian(u, v).

PGaussian(u, v) = P(u, v) + f (u, v) · (Pmax − Pmin) · k (8)

where Pmax and Pmin represent the maximum and minimum values of P(u, v), respectively.
The parameter k represents the confidence coefficient of the prior information, with values
ranging from 0 to 1, typically determined empirically.

By using PGaussian instead of the original PCM, the registration results with the added
Gaussian prior can be obtained.(

tx, ty
)
= argmax

(u,v)

{
PGaussian(u, v)

}
(9)

3.2.2. Bandpass Filter-Aided SSS Registration

Although the inclusion of prior information can reduce errors introduced by the
inherent characteristics in SSS images, the presence of noise and perspective effects still
compromise the precision of registration.

Bandpass filters serve to highlight the seabed features of interest, thereby improving
the quality of registration. Moreover, since Fourier-based image registration operates
in the frequency domain, the enhanced registration results achieved through bandpass
filtering can be obtained with minimal computational effort. This is achieved by simply
computing the Hadamard product of the normalized cross-power spectrum with a designed
window function.

The frequency limits for FIR bandpass filters can be set independently along the
horizontal and vertical axes.

The frequency limits for FIR bandpass filters can be individually set for both the
horizontal and vertical dimensions. This entails defining the upper frequency limit fhigh,row
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and the lower frequency limit flow,row for the horizontal direction, as well as the upper
frequency limit fhigh,col and the lower frequency limit flow,col for the vertical direction.

0 ≤ flow,row < fhigh,row ≤ 1
0 ≤ flow,col < fhigh,col ≤ 1

(10)

Then, these parameters are used to define the row and column dimensions of the
bandpass filter.

Hrow =
⌊

fhigh,row × m
⌋

Lrow = ⌊ flow,row × m⌋
Hcol =

⌊
fhigh,col × n

⌋
Lcol = ⌊ flow,col × n⌋

(11)

where m represents the number of rows in the image, n is the number of columns in the
image, and ⌊·⌋ denotes the floor function, which rounds down to the nearest integer.

Then, the window function W can be determined.

RowPass(u, Lrow, Hrow, m) =

{
1 if u ∈ (Lrow, Hrow) ∪ (m − Hrow + 1, m − Lrow + 1)
0 otherwise

ColPass(v, Lcol , Hcol , n) =

{
1 if v ∈ (Lcol , Hcol) ∪ (n − Hcol + 1, m − Lcol + 1)
0 otherwise

W(u, v) = RowPass(u, Lrow, Hrow, m)× ColPass(v, Lcol , Hcol , n)

(12)

where u and v represent the indices for the rows and columns, respectively.
Subsequently, the enhanced frequency domain results can be achieved by using the

Hadamard product between the window function and the normalized cross-power spectrum.

CFIR(u, v) = C(u, v)⊙ W(u, v) (13)

where ⊙ denotes the operation of taking the Hadamard product of two matrices.
After this step, the time-domain results, which are also the optimized PCM, can be

derived through an inverse Fourier transform, following the same procedure as standard
Fourier-based image registration.

PFIR(u, v) = F−1CFIR(u, v)(
tx, ty

)
= argmax

(u,v)

{
PFIR(u, v)

}
(14)

3.3. Evaluation of Optimized Fourier-Based SSS Registration

To validate and verify the performance of the improved registration method, the
following four registration approaches will be applied to the same pairs of sonar images:

1. Classic Fourier-based image registration method;
2. Fourier-based registration method optimized with Gaussian prior;
3. Fourier-based registration method optimized with bandpass filter;
4. Fourier-based registration method optimized with both Gaussian prior and band-

pass filter.

The SSS image pairs employed in the experimental study were meticulously chosen to
comprise seabed visuals with ambiguous characteristics, acquired by an unmanned semi-
submersible along contiguous survey transects. The two images only have a translational
relationship between them. The pre-registered SSS image pairs, which have undergone
image enhancement and intensity balancing, are shown in Figure 2. Each pixel in the
image represents 0.1 m. According to GNSS measurements, in correct registration, the
left half of Figure 2b should overlap with the right half of Figure 2a, indicating a minimal
vertical displacement and a lateral displacement approximately equal to half the width of
the image.
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3.3.1. Fourier-Based Image Registration

Under the classic Fourier-based image registration, the PCM and the overlapping
result of the two images are shown as Figure 3.

J. Mar. Sci. Eng. 2024, 12, x FOR PEER REVIEW 8 of 24 
 

 

3.3.1. Fourier-Based Image Registration 
Under the classic Fourier-based image registration, the PCM and the overlapping re-

sult of the two images are shown as Figure 3. 

(a) (b) 

Figure 3. The result of classic Fourier-based image registration: (a) the PCM; (b) the overlapping. 

This registration attempt was unsuccessful, with an error of 76.2m, rendering it un-
suitable for positional measurements. 

In the classic Fourier-based registration algorithm, the coordinates of the maximum 
value of the normalized cross-correlation function on the upward and rightward axes rep-
resent the relative pixel displacement of the two images in the upward and rightward 
directions, respectively. However, as shown in Figure 3a, the maximum of the PCM is 
located on the ridge with a rightward displacement close to zero, rather than at the correct 
registration position. The overlap image of the registration result is shown in Figure 3b, 
where it can be observed that due to the influence of the longitudinal features, the regis-
tration algorithm considers the two images to be almost completely overlapping. This is 
far from the reference position provided by GNSS. This is a failed registration with an 
error of 76.16 m, which is unacceptable. 

The two unfavorable conditions for this registration can be observed in the PCM. 
Firstly, there is a ridge at a rightward displacement close to zero, which is generated by 
the influence of residual longitudinal features in the image. Secondly, the PCM contains 
numerous small spikes, which are caused by high-frequency noise in the image and lead 
to local registration errors. The PCM’s maximum value, on which this failed registration 
is based, corresponds to a small spike on the ridge caused by high-frequency noise due to 
the longitudinal features. However, at the end of the rightward axis of Figure 3a, there is 
a noticeable but less prominent peak, the position of which aligns with the reference pro-
vided by GNSS. This indicates that a frequency domain analysis is capable of extracting 
the correct displacement information, but it is overwhelmed by misleading information. 
This demonstrates the feasibility of optimizing the registration process. 

3.3.2. Gaussian Prior-Optimized Registration 
Under the registration method optimized with Gaussian prior, the PCM and the 

overlapping result of the two images are shown as follows. 
This is a successful but less precise registration, with an error of 0.9 meters as refer-

enced by GNSS measurements. 
Figure 4a shows that, compared to the PCM in the classic registration method, the 

PCM with Gaussian prior optimization has added convexities due to the prior, which 
weights the maxima near the prior. This highlighting makes the peaks, which were 

Figure 3. The result of classic Fourier-based image registration: (a) the PCM; (b) the overlapping.

This registration attempt was unsuccessful, with an error of 76.2 m, rendering it
unsuitable for positional measurements.

In the classic Fourier-based registration algorithm, the coordinates of the maximum
value of the normalized cross-correlation function on the upward and rightward axes
represent the relative pixel displacement of the two images in the upward and rightward
directions, respectively. However, as shown in Figure 3a, the maximum of the PCM
is located on the ridge with a rightward displacement close to zero, rather than at the
correct registration position. The overlap image of the registration result is shown in
Figure 3b, where it can be observed that due to the influence of the longitudinal features,
the registration algorithm considers the two images to be almost completely overlapping.
This is far from the reference position provided by GNSS. This is a failed registration with
an error of 76.16 m, which is unacceptable.

The two unfavorable conditions for this registration can be observed in the PCM.
Firstly, there is a ridge at a rightward displacement close to zero, which is generated by
the influence of residual longitudinal features in the image. Secondly, the PCM contains
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numerous small spikes, which are caused by high-frequency noise in the image and lead
to local registration errors. The PCM’s maximum value, on which this failed registration
is based, corresponds to a small spike on the ridge caused by high-frequency noise due
to the longitudinal features. However, at the end of the rightward axis of Figure 3a, there
is a noticeable but less prominent peak, the position of which aligns with the reference
provided by GNSS. This indicates that a frequency domain analysis is capable of extracting
the correct displacement information, but it is overwhelmed by misleading information.
This demonstrates the feasibility of optimizing the registration process.

3.3.2. Gaussian Prior-Optimized Registration

Under the registration method optimized with Gaussian prior, the PCM and the
overlapping result of the two images are shown as follows.

This is a successful but less precise registration, with an error of 0.9 m as referenced by
GNSS measurements.

Figure 4a shows that, compared to the PCM in the classic registration method, the PCM
with Gaussian prior optimization has added convexities due to the prior, which weights the
maxima near the prior. This highlighting makes the peaks, which were overwhelmed by
misleading information in the classic method, stand out and become more likely to be the
global maximum. Therefore, Gaussian prior optimization in registration can largely avoid
gross errors caused by the subtlety of seabed features, making the output registration results
more reliable. Figure 4b also illustrates this point; the overlap shown in the registration
result is more similar to the reference value provided by GNSS.
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However, there are two shortcomings to the registration method that uses only Gaus-
sian prior optimization. On one hand, the effectiveness of this method is inherently
influenced by the accuracy of the prior information. When the confidence in the prior
information is not high, the two-dimensional Gaussian distribution will strengthen the
maxima of the cross-correlation function over a broader range. Since the original PCM
contains multiple maxima, if the prior is close to a wrong maximum, it could also lead to an
incorrect registration result. For example, there are local maxima caused by low-frequency
features in Figure 4a, which might compete with the correct registration maximum when
the prior information is not highly confident or is biased. On the other hand, when we
focus on the local area of the PCM as shown in Figure 4c, it can be observed that due to
the high-frequency noise in the acoustic imagery, there are numerous noise spikes around
the maximum value, which can interfere with the accuracy of local registration. Figure 4d
displays the enlarged details of the overlap, where it can be seen that, compared to the
overall features, it is the small bright spots that align more precisely.

3.3.3. Bandpass Filter-Optimized Registration

Under the registration method optimized with a bandpass filter, the PCM and the
overlapping result of the two images are shown as follows.

This represents a failed registration with an error of 60.07 m.
From Figure 5a, it is evident that the PCM optimized with bandpass filtering retains

only two groups of peak values. These include a local maximum with a larger rightward
value, which corresponds to the correct registration we expect, and another peak at a
rightward displacement close to zero, which is due to the incorrect registration caused
by longitudinal features. In contrast to the traditional method and the Gaussian prior
optimization method, the cross-correlation function near the correct registration position
in the PCM with bandpass filtering optimization is clearer. This showcases the noise
suppression and peak optimization performance of the bandpass filtering.
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However, due to the subtle features of this image pair, the maximum value of the
cross-correlation function still lies at the incorrect peak. Although bandpass optimization
can filter out most of the competing erroneous registration results, it cannot guarantee
that the registration of interest becomes the global maximum without individually tuning
parameters for each image pair. Considering that the image pairs to be registered may
not always have visually identifiable features, the effectiveness of using bandpass filtering
optimization alone for registration is limited.
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3.3.4. Gaussian Prior- and Bandpass Filter-Integrated Registration

Under the registration method optimized with both a Gaussian prior and bandpass
filter, the PCM and the overlapping result of the two images are shown as follows.

This is a successful registration, with a reference GNSS measurement error of 0.2 m.
Given that each pixel in the image represents 0.1 m, the precision of this registration
is satisfactory.

In Figure 6, it can be observed that with the complementarity of the two optimization
methods, the cross-correlation function value at the correct registration position success-
fully becomes the global maximum and is no longer affected by noise spikes and potential
competing local maxima. The Gaussian prior optimization can exclude erroneous registra-
tions with gross errors, while the bandpass optimization can refine the registration near the
prior position. This results in the most accurate registration outcome.
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The registration results for the four methods are shown in Table 1 below.
In conclusion, in the experiments with the four methods, it can be observed that the

classic Fourier-based image registration is susceptible to the influence of high-frequency
noise and residual longitudinal features in the SSS images, making it prone to failure when
dealing with images lacking distinct features.



J. Mar. Sci. Eng. 2024, 12, 1769 11 of 23

Table 1. The registration results for the four methods.

Registration Method Precision

Classic Fourier-based image registration 16.2 m
Registration optimized with Gaussian prior 0.9 m
Registration optimized with bandpass filter 60.7 m

Registration optimized with both Gaussian prior and bandpass filter 0.2 m

Optimization with Gaussian prior can eliminate large errors during registration, but
still can be misled by local maxima, resulting in registration errors.

Optimization with bandpass filtering can focus on the features at the desired scale in
the image, reducing noise spikes and some misleading local maxima. However, it cannot
guarantee that the peak value of interest in the registration result is the global maximum.
Hence, it may still be influenced by the shared features in the SSS images.

By combining the optimization based on Gaussian prior and the optimization based on
bandpass filtering in a single registration, the strengths of both methods can be leveraged.
This approach not only eliminates gross errors to improve the likelihood of correct registra-
tion but also reduces the risk of being misled by local maxima near the prior registration
position. The integrated optimization method of Gaussian prior and bandpass filtering
requires minimal computational resources while greatly improving the stability of the
registration process.

4. SSS-Integrated Navigation Method Based on FGO

A navigation data processing method based on FGO is introduced, which integrates
SSS position measurements and incorporates estimates of DVL scale factors and installation
errors. This section includes updated factor graph structures, definitions of residuals, and
calculations of the Jacobian matrix. In addition, the IMU pre-integration method used in
the approach is an improved method that takes into account the Earth’s rotation [19]. The
frame nomenclature is provided in Table 2.

Table 2. Nomenclature.

Symbol Description

n Ideal local-level navigation frame
b Body frame
e Earth frame
i Nonrotating inertial frame

4.1. Formulation of FGO

In Figure 7, the structure of the proposed factor graph is depicted, using circles to rep-
resent the states xk, and squares to represent the factors or the residuals. The corresponding
factor is explicitly defined in the subsequent sections.
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At time step k, the state xk is defined as Equation (15),

xk =
[
Cn

b k vk pk εk ∇k
]

(15)

where Cn
b k represents the attitude Direction Cosine Matrix (DCM), δvk is velocity error, δpk

is the position error, and εk and ∇k are the bias of gyros and accelerators, respectively.
Then, the state encompassing each time step in the factor graph can be expressed as (16).

X =
(
x2 x2 x3 · · · xn−1 xn ϕDVL δk

)
(16)

In this context, ϕDVL =
[
α β γ

]T denotes the DVL installation error angles consist-
ing of the roll, heading, and pitch. δk denotes the scale factor error of the DVL. Both ϕDVL
and δk are defined as time-invariant constants.

4.2. DVL Measurement Model

Errors in DVL velocity measurements can be classified into systematic errors and
non-systematic errors. Systematic errors include scale factor errors and installation errors,
which can be calibrated out. See Figure 8.
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Define the DVL velocity measurement as vDVL =
[
vd

x vd
y vd

z

]T
; the measurement

model of the DVL can be expressed as

ṽDVL = Cb
d(1 + k)vDVL = ( I3×3 − ϕDVL )̂(1 + δk)vDVL + δvDVL (17)

The DCM for transforming from the DVL-fixed coordinate to the vehicle coordinate is
denoted by Cb

d. ṽDVL represents the measurement obtained from the DVL, whereas δvDVL
is the measurement noise of DVL, typically considered as white noise. δk denotes the DVL
scaling factor error; ϕDVLˆis the skew-symmetric matrix generated from ϕDVL =

[
α β γ

]T.

ϕDVL̂ =

 0 −γ β
γ 0 −α
−β α 0

 (18)

4.3. Definition of Residuals

(1). Residuals of pre-integration factors

The INS residuals r∆INS =
[
r∆Rij r∆vij r∆pij

rbg rba

]T
can be expressed as (19);

the r∆Rij , r∆vij , r∆pij , rbg , and rba represent the attitude, velocity, position, accelerometers,
and gyroscope residuals, respectively.
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r∆Rij = Log
(

∆R̃T
ij

(
Cn(j)

n(i)Cn(i)
b(i)

)−1
Cn(j)

b(j)

)
r∆vij = vn(j)

en(j) − vn(i)
en(i) − gn∆T − ∆ṽij

r∆pij =
1

Mpv

(
pj − pi

)
− vn(i)

en(i)∆T − 1
2 gn∆T2 − ∆ p̃ij

rbg = bg,j − bg,i
rba = ba,j − ba,i

(19)

(2). Residual of the DVL measurement factor

The DVL measurement residuals rvDVL and the SSS measurement residuals can be
expressed as (22); the ∆ p̃SSSab indicates the relative position error calculated by (20).

rvDVL =
(

vi − Cn(i)
b(i) vDVL

)
(20)

(3). Residual of SSS measurement factor

The residuals related to the relative position measurements from the SSS are expressed
as follows,

r∆pSSSij =

(
1

Mpv

(
pj − pi

)
− ∆ p̃SSSij

)
(21)

where ∆ p̃SSSij = Cn(i)
b(i)∆ p̃b(i)

SSSij. Cn(i)
b(i) represents the rotation matrix derived from the average

heading over a period of time centered at time i. The duration of this time period is
determined by the length of the corresponding SSS image during image matching, which is
fixed at 50 s in this paper.

(4). Surface GNSS measurement factor

r∆pGPS =
1

Mpv
(pi − pGPS) (22)

Finally, the whole state can be optimally estimated by the following expression,

X∗ = argminX∑
k
∥r∆INS∥2

∑INS
k

+ ∥rvDVL∥
2
∑DVL

k
+
∥∥∥r∆pSSSij

∥∥∥2

∑SSS
k

+
∥∥r∆pGPS

∥∥2
∑GPS

k
+ ∥rPRIOR∥2

∑PRIOR
k

(23)

where ∑INS
k , ∑DVL

k , ∑SSS
k , ∑GPS

k , and ∑PRIOR
k are all convex matrices. ∑INS

k is the weight of
the INS residuals, determined by the accuracy of the IMU; ∑DVL

k is the weight of the DVL
measurement residuals, determined by the measurement noise of the DVL; ∑SSS

k is the
weight of SSS measurement residuals, which is determined by the matching noise of the SSS;
∑GPS

k is the weight of GPS measurement residuals and determined by the measurement
noise of GPS; and ∑PRIOR

k can be obtained through the marginalization or set directly.

4.4. Jacobian Matrix

To solve the nonlinear least squares problem presented in Equation (23), it is necessary
to compute the detailed Jacobian matrix. The corresponding derivation of the Jacobian
matrix is presented as follows.

(1). Jacobian matrix of IMU pre-integration

The Jacobian matrix of the pre-integration factor for each state is as follows:
JIMU_PRE =

−J−1
r

(
r∆R̃ij

)(
Cn(j)

b(j)

)−1[
I − T(ωn

in )̂
]
Cn(i)

b(i) 03×3 03×3 −J−1
r

(
r∆R̃ij

)
∆R̃T

ij

([
I − T(ωn

in )̂
]
Cn(i)

b(i)

)−1
Jr

(
∂∆R̃ij
∂bg,i

)
03×3 J−1

r

(
r∆R̃ij

)
03×3 03×3 03×3 03×3

−
∂∆ṽij

∂Cn(i)
b(i)

−I3×3 03×3 −
∂∆ṽij
∂bg,i

−
∂∆ṽij
∂ba,i

03×3 I3×3 03×3 03×3 03×3

−
∂∆ p̃ij

∂Cn(i)
b(i)

−∆T −I3×3 −
∂∆ p̃ij
∂bg,i

−
∂∆ p̃ij
∂ba,i

03×3 03×3 I3×3 03×3 03×3

03×3 03×3 03×3 −I3×3 03×3 03×3 03×3 03×3 I3×3 03×3
03×3 03×3 03×3 03×3 −I3×3 03×3 03×3 03×3 03×3 I3×3



(24)
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where the
∂∆ṽij

∂Cn(i)
b(i)

,
∂∆ p̃ij

∂Cn(i)
b(i)

,
∂∆R̃ij
∂bg,i

,
∂∆ṽij
∂bg,i

,
∂∆ p̃ij
∂bg,i

,
∂∆ṽij
∂ba,i

, and
∂∆ p̃ij
∂ba,i

need to be obtained from recursion,

as follows:

∂∆ṽij

∂Cn(i)
b(i)

= −
j−1
∑

k=i

(
Cn(k)

n(i) Cn(i)
b(i)

(
Cb(i)

b(k)

(
∆vk + ∆vb(k−1)

rot(k) + ∆vb(k−1)
scul(k)

)) )̂
∂∆ p̃ij

∂Cn(i)
b(i)

=
j−1
∑

k=i

∂∆ṽik

∂Cn(i)
b(i)

∆t

∂∆R̃ij

∂bg,i
= −

j−1
∑

k=i

[
∆R̃k+1,j Jr,k∆t

]
∂∆ṽij

∂bg,i
= −

j−1
∑

k=i

[
Cn(k)

n(i) Cn(i)
b(i) ∆R̃ik∆vk̂

∂∆R̃ik
∂bg,i

∆t

]
∂∆ p̃ij

∂bg,i
= −

j−1
∑

k=i

[
∂∆ṽik
∂bg,i

∆t

]
∂∆ṽij

∂ba,i
= −

j−1
∑

k=i

[
Cn(k)

n(i) Cn(i)
b(i) ∆R̃ik∆t

]
∂∆ p̃ij

∂ba,i
= −

j−1
∑

k=i

[
∂∆ṽik
∂ba,i

∆t
]

(25)

(2). Jacobian matrix of DVL measurement

∂rvDVL

∂xk
=
[

Cn(i)
b(i) ṽDVLˆ I3×3 03×3 03×3 03×3

]
(26)

∂rvDVL

∂ϕDVL
= −Cn(i)

b(i) ((1 + δk)vDVL) (27)

∂rvDVL

∂(δk)
= −Cn(i)

b(i) vDVL + Cn(i)
b(i) ϕDVL̂vDVL (28)

(3). Jacobian matrix of SSS measurement

r∆pSSSij
∂xi

=
[
03×3 03×3 −I3×3 03×3 03×3

]
r∆pSSSij

∂xj
=
[
03×3 03×3 I3×3 03×3 03×3

] (29)

(4). Jacobian matrix related to the surface GNSS measurements

∂rpGPS

∂xk
=
[
03×3 03×3

1
Mpv

03×3 03×3

]
(30)

5. Simulation and Result Analysis
5.1. Setup of Simulation

The simulation models 3000 s of maneuvers, which corresponds to a typical underwa-
ter “Z” route for AUVs, with each side of the route, called a survey line, measuring 500 m.
All methods incorporate an initial heading error of 2.5◦.

The measurements in the simulation include IMU measurements, DVL measurements,
relative position measurements from the SSS, and surface GNSS measurements. The IMU’s
data frequency is set to 100 Hz, with the zero biases for the three-axis gyroscopes set at
1.0◦/h, 0.9◦/h, and −1.1◦/h, respectively. Gaussian noise with a standard deviation of
0.05◦/s and 0.3 mg is introduced. The zero biases for the three-axis accelerometers are
set at 0.2 mg, −0.25 mg, and 0.18 mg. Additionally, angular jitter and linear motion are
incorporated across all three axes. The DVL data frequency is 1 Hz. The scale factor is
configured to 0.98, and the installation errors for the DVL are set to 0.2◦, −0.5◦, and −0.5◦,
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respectively. The SSS images are registered every 50 m along the survey line, with the
registration results subjected to Gaussian noise with a standard deviation of 5m. The GNSS
measurement frequency is 1 Hz and is only valid at the beginning and end of the simulation,
with Gaussian noise having a standard deviation of 0.5 m.

A total of six methods are verified as follows:

1. EKF: SINS+DVL. This method represents the traditional EKF-based SINS/DVL-
integrated navigation approach. It is used to illustrate the effectiveness of the most
widely applied filtering methods for AUV navigation.

2. FGO: SINS+DVL. This method is based on FGO for SINS/DVL-integrated navigation,
allowing for the batch optimization of the entire trajectory using all available SINS
and DVL measurement data. It is used to demonstrate the effectiveness of batch
processing methods in AUV navigation.

3. FGO: SINS+DVL+SSS. This method incorporates relative position measurements from
the SSS into method 2. It serves to assess the auxiliary role of the proposed SSS relative
position measurements in AUV navigation.

4. FGO: SINS+DVL+Position Constraint. This method integrates GNSS position con-
straints, obtained before descent and after surfacing, into the FGO-based SINS/DVL-
integrated navigation model. It is used to demonstrate the effectiveness of post-
processing navigation data using a traditional measurement source.

5. FGO: SINS+DVL+Position Constraint+SSS. This method incorporates relative position
measurements from the SSS into method 4. It serves as a comparison to method 4,
assessing the auxiliary role of the proposed SSS relative position measurements in
post-processing navigation data.

6. FGO: The Proposed Method, or FGO: SINS+DVL+Position Constraint+SSS+ Improved
Model. This method builds upon method 5 by incorporating the model with DVL
installation errors proposed in this paper. It is used to compare with method 5, assess-
ing the improvements in DVL installation error calibration and heading estimation
brought about by the proposed model.

The EKF method is employed because traditional SINS/DVL-integrated navigation
systems predominantly utilize Bayesian filtering techniques, with EKF being one of the
most widely applied. The primary focus remains on the comparison between different
FGO methods.

5.2. Results of Simulation

Figure 9 shows the comparison of the integrated navigation results of several methods,
including trajectory comparison, position error comparison, heading angle error compari-
son, and gyro zero bias and accelerometer zero bias estimation effect comparison. Table 3
shows the comparison of the average position and heading errors of different methods.
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Table 3. The comparison of average positioning and heading errors.

Method Positioning Error (m) Heading Error (deg)

KF: SINS+DVL 47.638 1.601
FGO: SINS+DVL 35.777 0.227

FGO: SINS+DVL+SSS 31.637 0.090
FGO: SINS+DVL+Position constraint 17.256 0.486

FGO: SINS+DVL+Position constraint+SSS 15.853 0.471
FGO: SINS+DVL+Position constraint+SSS

+Improved model (The proposed method) 2.234 0.039

Figure 9 illustrates the trajectory comparisons of different methods. It is evident that
among the real-time navigation group that does not utilize GNSS position constraints,
the EKF: SINS+DVL method performs the worst, as it struggles to correct the initial
heading error due to its reliance on a dead-reckoning algorithm. In contrast, the other two
batch processing methods for real-time navigation, namely FGO: SINS+DVL and FGO:
SINS+DVL+SSS, show slightly better performance, as they optimize information over the
entire trajectory. The FGO: SINS+DVL+SSS method benefits from incorporating relative
position measurements from SSS. In the post-processing methods that utilize GNSS position
constraints, all methods maintain good trajectory accuracy; however, the proposed method
using the enhanced model demonstrates superior performance at the end of the “Z” route.

Figure 10 and Table 3 present the details of the positioning and heading errors for each
method. Figure 10a provides a clearer depiction of trajectory accuracy. For the comparative
methods, while incorporating SSS position measurements and GNSS position constraints
reduces position errors, these errors still display a linear trend as the AUV traverses the
“Z” route. This linear variation is primarily attributed to errors in the DVL scale factor.
The proposed method significantly mitigates this variation, which is further evidenced by
the average position errors presented in Table 3. Figure 10b compares the heading errors
of different methods, while Table 3 provides the specific values of the average heading
errors. Firstly, the FGO methods, which can optimize historical navigation information,
show smaller heading angle errors compared to the EKF method, which does not adjust
for previous heading values. Secondly, the inclusion of SSS relative position information is
found to enhance the accuracy of heading estimation. More importantly, while adding po-
sition constraints without utilizing the improved model decreases the average positioning
errors from over 30 m to below 20 m, it results in an increase in the average heading error
from below 0.25◦ to above 0.45◦. This occurs due to the existing model not being adequate,
leading to incorrect feedback into the heading estimates. In contrast, the proposed method
addresses this issue, resulting in reductions in both positioning and heading errors.

Figure 11 and Table 4 illustrate the estimates of inertial sensor biases for the different
methods. It can be seen that the inclusion of SSS measurements enhances the estimation
accuracy of the Z axis gyroscope bias.

The summary of this simulation result is as follows:

1. Compared to filtering methods, batch processing methods can optimize past nav-
igation data, significantly improving the positioning accuracy of the AUV during
surveying tasks.

2. The relative position measurements provided by SSS can enhance the positioning
and heading accuracy of the AUV, with a more pronounced effect when position
measurements are otherwise lacking.

3. Methods that do not incorporate DVL error modeling result in GNSS position mea-
surements improving the system’s positioning accuracy at the expense of its heading
accuracy. However, this issue does not occur with the model proposed in this paper,
as both positioning and heading exhibit higher accuracy.
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KF: SINS+DVL 0.598 0.553 1.100 0.088 0.152 0.017

FGO: SINS+DVL 0.081 0.026 1.215 0.017 0.032 0.002

FGO: SINS+DVL+SSS 0.081 0.035 0.555 0.018 0.0337 0.023
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6. AUV Marine Experiments and Result Analysis
6.1. Setup for AUV’s Marine Experiments

The physical experiment took place in Sanya, Hainan, and was conducted using a semi-
submersible vehicle. During operation, the main body of the robot remains underwater,
unaffected by surface waves, while an antenna, approximately the same length as the AUV,
is kept above the water surface. This setup allows for the real-time transmission of large
volumes of data. Additionally, the antenna is equipped with a GPS module that integrates
RTK technology, enabling high-precision positioning results.

The semi-submersible vehicle operates at a speed of approximately 3 knots. An initial
heading error of 4◦ is set for the experiment. Figure 12 illustrates the AUV setup and its
trajectory during the experiment. Tables 5–8 display the parameters of the sensors.
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Table 5. Parameters of the MG-300B MEMS-IMU.

Parameters Value

Gyro bias stability 0.02◦/h
Angle random walk ≤0.015◦/

√
h

Rate bias over temperature ≤1◦/h (over life)
Gyro factor error <100 ppm
Acc bias stability <0.1 mg

Velocity random walk <30 µg
√

Hz
Acc bias over Temp <2 mg (over life)

Table 6. Parameters of the SSS ES4590.

Parameters Value

Range 75 m (900 kHz)
Resolution 0.17 m

Table 7. Parameters of the Waterlinked a125 DVL.

Parameters Value

Ping rate 2–15 Hz
Velocity resolution 0.1 mm/s

Long-term accuracy ±1.01%
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Table 8. Parameters of the RTK GPS module K823.

Parameters Value

Position accuracy 15 mm+ (baseline length (KM)/1,000,000) mm
Update rate 20Hz

The referenced true values for the experiment are sourced as follows

1. Position trajectory comparison and position error comparison

The GPS antenna of the semi-submersible vessel remains at the water surface at all
times, and the positioning results obtained using RTK technology will be directly utilized as
the true position values. The absolute position errors of the results from different methods
are compared, along with their average absolute position errors.

2. Heading error comparison

For semi-submersible unmanned vessels, there is no higher-precision attitude reference
installed. Therefore, the output of the smoothed result from the integrated navigation of
SINS/GNSS is used as the true heading value. Since the heading angle accuracy of the
SINS/GNSS integration is significantly higher than that of the SINS/DVL integration, it is
reasonable to consider its results as the true values.

Similar to the simulation, an initial heading error of 4◦ is also introduced for all
methods in the experiment. A total of six methods are verified:

1. EKF: SINS+DVL.
2. FGO: SINS+DVL.
3. FGO: SINS+DVL+SSS.
4. FGO: SINS+DVL+Position Constraint.
5. FGO: SINS+DVL+Position Constraint+SSS.
6. FGO: The Proposed Method, or FGO: SINS+DVL+Position Constraint+SSS+ Improved

Model.

6.2. Results of Marine Experiments

Figure 13 displays the trajectory results for all methods.
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From Figure 13, it is evident that the EKF: SINS+DVL method exhibits significant
errors, as the initial attitude error leads to uncorrected positioning errors. Among the
FGO methods, FGO: SINS+DVL+SSS demonstrates superior trajectory tracking compared
to FGO: SINS+DVL. The inclusion of GNSS position constraints before diving and af-
ter surfacing in FGO: SINS+DVL+Position Constraint further enhances positioning ac-
curacy. Additionally, FGO: SINS+DVL+Position Constraint+SSS achieves even better
performance. The trajectory tracking of the proposed method is comparable to that of FGO:
SINS+DVL+SSS+Position Constraint.

Figure 14 presents a comparison of position and heading errors, while Table 9 displays
the average values of these errors for each method. As shown in Figure 14a, the inclusion
of SSS reduces position errors. However, in the absence of GNSS position constraints at the
beginning and end, the vehicle’s position errors fluctuate over time due to DVL scale factor
errors. When GNSS position constraints are added, the overall position errors decrease. On
the other hand, Figure 14b indicates that without using the improved model, the addition
of GNSS position constraints does not significantly enhance heading accuracy.
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Figure 14. (a) Position error comparison of marine experiments; (b) heading error comparison of
marine experiments.

Table 9. The comparison of average positioning error and heading error.

Method Average Positioning
Error (m)

Average Heading
Error (deg)

KF: SINS+DVL 42.333 1.946
FGO: SINS+DVL 40.509 0.477

FGO: SINS+DVL+SSS 29.267 0.554
FGO: SINS+DVL+Position constraint 28.656 0.488

FGO: SINS+DVL+Position constraint+SSS 16.120 0.421
FGO: SINS+DVL+Position

Constraint+SSS+Improved Model
(The proposed method)

11.548 0.133

Table 9 provides average values that further illustrate this point. When SSS relative
position measurements are added to the system, the average positioning error decreases
from 40.509 m to 29.267 m. Even with GNSS position constraints at the beginning and
end of the trajectory, incorporating SSS relative position measurements further reduces the
average positioning error from 28.656 m to 16.120 m.
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Regarding heading errors, the EKF method cannot correct past heading deviations,
resulting in the largest heading error of 1.946◦. After applying the FGO method to process
the SINS/DVL-integrated navigation data, the heading angle error is reduced to 0.477◦

due to the optimization of the previous trajectory. However, adding more measurements
does not lead to a further reduction in heading errors. In fact, when comparing the FGO:
SINS+DVL method with the FGO: SINS+DVL+Position Constraint method, the latter
exhibits a higher average heading error of 0.488◦, compared to 0.477◦ for the former. Upon
the analysis, it is concluded that the traditional modeling is not sufficiently accurate, as
unaccounted factors such as scale factor errors and DVL installation angle errors contribute
to position errors. This results in position residuals being incorrectly fed back into the
attitude angle, ultimately leading to erroneous estimates.

In contrast, the proposed method, which employs the improved model, effectively
reduces both positioning and heading errors by enhancing the overall modeling accuracy.

The summary of the experimental results is as follows:

1. The proposed method of incorporating SSS relative position measurements as a
position reference into the SINS/DVL navigation system significantly improves the
positioning accuracy of the integrated navigation system, particularly in the absence
of position measurements.

2. The introduction of GNSS measurements before diving and after surfacing to optimize
the underwater trajectory of the AUV greatly enhances positioning accuracy, especially
when the accuracy of the inertial devices is slightly lower.

3. In methods utilizing the traditional model, although the addition of GNSS position
constraints improves positioning accuracy, it does not enhance heading accuracy.
However, the proposed method with the improved model raises both positioning and
heading accuracy. Under the traditional model, residuals are incorrectly fed back into
the heading; with a more robust model, these residuals are instead directed towards
the DVL calibration angle and scale factor, resulting in improved heading accuracy.

7. Conclusions

This paper proposes a post-processing navigation method for underwater robots
based on FGO that incorporates SSS relative position references. The method employs
an improved SSS image registration method to obtain relative positions, and integrates
these with other measurements from the AUV using an enhanced model within the FGO
framework. This approach simultaneously optimizes the navigation information and DVL
error parameters within the trajectory, providing a more accurate attitude reference for the
SSS map.

The research first introduces an improved Fourier-based image registration tech-
nique that enhances measurement stability and accuracy using Gaussian priors and band-
pass filtering, with only low computational resource consumption. Subsequently, an
SSS-integrated navigation method based on the improved model FGO is proposed, ca-
pable of simultaneously estimating the AUV’s navigation information and system error
parameters, such as DVL scale factor errors, thereby optimizing position and heading
information. Finally, the effectiveness of this method is validated through simulations and
field experiments.

There are three principal conclusions:

1. The introduction of relative position measurements from SSS and GNSS measurements
significantly enhances the position and heading accuracy of the AUV navigation
system, particularly in scenarios lacking position measurements.

2. While the traditional model improves positioning accuracy with the inclusion of
GNSS position constraints, it does not enhance heading accuracy. In contrast, the
proposed improved model effectively mitigates the negative impact of residual errors
on heading, resulting in improved accuracy for both position and heading.
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3. Compared to the Kalman filter method, the batch processing approach optimizes past
navigation data, leading to significant improvements in the position accuracy of AUV
during survey tasks, especially under the traditional model.

Author Contributions: Conceptualization, L.Z. and L.G.; Data curation, L.Z. and J.Z.; Formal analysis,
L.Z.; Funding acquisition, Y.G.; Investigation, L.Z. and J.Z.; Methodology, L.Z.; Project administration,
L.G.; Resources, L.Z.; Supervision, J.Z. and Y.G.; Visualization, L.G.; Writing—original draft, L.Z.;
Writing—review and editing, L.G. All authors have read and agreed to the published version of
the manuscript.

Funding: This work was funded in part by the Fundamental Research Funds for the Central
Universities (No. 3072024XX0406), in part by the Department of Science and Technology of Hei-
longjiang Province (2023ZX01A21), and in part by the National Natural Science Foundation of China
(NSFC. 61803118).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data that support the findings of this study are available from the
corresponding author upon reasonable request.

Conflicts of Interest: The funders had no role in the design of the study; in the collection, analyses,
or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.

References
1. Hansen, R.E.; Saebo, T.O.; Callow, H.J.; Hagen, P.E.; Hammerstad, E. Synthetic Aperture Sonar Processing for the HUGIN AUV.

In Proceedings of the Europe Oceans 2005, Brest, France, 20–23 June 2005; Volume 2, pp. 1090–1094.
2. Naus, K.; Piskur, P. Applying the Geodetic Adjustment Method for Positioning in Relation to the Swarm Leader of Underwater

Vehicles Based on Course, Speed, and Distance Measurements. Energies 2022, 15, 8472. [CrossRef]
3. Jaffre, F.; Littlefield, R.; Grund, M.; Purcell, M. Development of a New Version of the REMUS 6000 Autonomous Underwater

Vehicle. In Proceedings of the OCEANS 2019—Marseille, Marseille, France, 17–20 June 2019; pp. 1–7.
4. Wang, J.; Tang, Y.; Li, S.; Lu, Y.; Li, J.; Liu, T.; Jiang, Z.; Chen, C.; Cheng, Y.; Yu, D.; et al. The Haidou-1 Hybrid Underwater Vehicle

for the Mariana Trench Science Exploration to 10,908 m Depth. J. Field Robot. 2024, 41, 1054–1079. [CrossRef]
5. Wåhlin, A.; Alley, K.E.; Begeman, C.; Hegrenæs, Ø.; Yuan, X.; Graham, A.G.C.; Hogan, K.; Davis, P.E.D.; Dotto, T.S.; Eayrs, C.; et al.

Swirls and Scoops: Ice Base Melt Revealed by Multibeam Imagery of an Antarctic Ice Shelf. Sci. Adv. 2024, 10, eadn9188. [CrossRef]
[PubMed]

6. Xu, B.; Wang, L.; Li, S.; Zhang, J. A Novel Calibration Method of SINS/DVL Integration Navigation System Based on Quaternion.
IEEE Sens. J. 2020, 20, 9567–9580. [CrossRef]

7. Yan, M.; Wang, Z.; Zhang, J. Online Calibration of Installation Errors of SINS/OD Integrated Navigation System Based on
Improved NHC. IEEE Sens. J. 2022, 22, 12602–12612. [CrossRef]

8. Gade, K. NavLab, a Generic Simulation and Post-Processing Tool for Navigation. MIC 2005, 26, 135–150. [CrossRef]
9. Yao, Y.; Shen, Y.; Xu, X.; Deng, K.; Xu, X. A Modified Smoothing Scheme for Water Current-Aided SINS/DVL Integration System.

IEEE Sens. J. 2023, 23, 26366–26374. [CrossRef]
10. Franchi, M.; Ridolfi, A.; Pagliai, M. A Forward-Looking SONAR and Dynamic Model-Based AUV Navigation Strategy: Prelimi-

nary Validation with FeelHippo AUV. Ocean Eng. 2020, 196, 106770. [CrossRef]
11. Hurtós, N.; Ribas, D.; Cufí, X.; Petillot, Y.; Salvi, J. Fourier-based Registration for Robust Forward-looking Sonar Mosaicing in

Low-visibility Underwater Environments. J. Field Robot. 2015, 32, 123–151. [CrossRef]
12. Song, Y.; He, B.; Zhang, L.; Yan, T. Side-Scan Sonar Image Registration Based on Modified Phase Correlation for AUV Navigation.

In Proceedings of the OCEANS 2016—Shanghai, Shanghai, China, 10–13 April 2016; pp. 1–4.
13. Hover, F.S.; Eustice, R.M.; Kim, A.; Englot, B.; Johannsson, H.; Kaess, M.; Leonard, J.J. Advanced Perception, Navigation and

Planning for Autonomous in-Water Ship Hull Inspection. Int. J. Robot. Res. 2012, 31, 1445–1464. [CrossRef]
14. Zhang, L.; Zhou, H.; Gao, Y. An In-Motion Alignment Method of AUV SINS/DVL Navigation System Based on FGO. Measurement

2023, 222, 113578. [CrossRef]
15. Xu, B.; Guo, Y. A Novel DVL Calibration Method Based on Robust Invariant Extended Kalman Filter. IEEE Trans. Veh. Technol.

2022, 71, 9422–9434. [CrossRef]
16. Barfoot, T.D. State Estimation for Robotics, 1st ed.; Cambridge University Press: Cambridge, UK, 2017; ISBN 978-1-107-15939-6.
17. Cao, S.; Lu, X.; Shen, S. GVINS: Tightly Coupled GNSS–Visual–Inertial Fusion for Smooth and Consistent State Estimation. IEEE

Trans. Robot. 2022, 38, 2004–2021. [CrossRef]

https://doi.org/10.3390/en15228472
https://doi.org/10.1002/rob.22307
https://doi.org/10.1126/sciadv.adn9188
https://www.ncbi.nlm.nih.gov/pubmed/39083596
https://doi.org/10.1109/JSEN.2020.2988500
https://doi.org/10.1109/JSEN.2022.3170707
https://doi.org/10.4173/mic.2005.3.2
https://doi.org/10.1109/JSEN.2023.3318561
https://doi.org/10.1016/j.oceaneng.2019.106770
https://doi.org/10.1002/rob.21516
https://doi.org/10.1177/0278364912461059
https://doi.org/10.1016/j.measurement.2023.113578
https://doi.org/10.1109/TVT.2022.3182017
https://doi.org/10.1109/TRO.2021.3133730


J. Mar. Sci. Eng. 2024, 12, 1769 23 of 23

18. Qin, T.; Li, P.; Shen, S. VINS-Mono: A Robust and Versatile Monocular Visual-Inertial State Estimator. IEEE Trans. Robot. 2018, 34,
1004–1020. [CrossRef]

19. Zhang, L.; Wen, W.; Hsu, L.-T.; Zhang, T. An Improved Inertial Preintegration Model in Factor Graph Optimization for High
Accuracy Positioning of Intelligent Vehicles. IEEE Trans. Intell. Veh. 2023, 9, 1641–1653. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1109/TRO.2018.2853729
https://doi.org/10.1109/TIV.2023.3282623

	Introduction 
	Overview 
	Fourier-Based SSS Image Registration 
	Standard Fourier-Based SSS Registration 
	Pre-Process of SSS Images 
	Fourier-Based SSS Registration 

	The Optimization of SSS Registration 
	Gaussian Prior-Enhanced SSS Registration 
	Bandpass Filter-Aided SSS Registration 

	Evaluation of Optimized Fourier-Based SSS Registration 
	Fourier-Based Image Registration 
	Gaussian Prior-Optimized Registration 
	Bandpass Filter-Optimized Registration 
	Gaussian Prior- and Bandpass Filter-Integrated Registration 


	SSS-Integrated Navigation Method Based on FGO 
	Formulation of FGO 
	DVL Measurement Model 
	Definition of Residuals 
	Jacobian Matrix 

	Simulation and Result Analysis 
	Setup of Simulation 
	Results of Simulation 

	AUV Marine Experiments and Result Analysis 
	Setup for AUV’s Marine Experiments 
	Results of Marine Experiments 

	Conclusions 
	References

