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Abstract

Autonomous Underwater Vehicles (AUVs) are increasingly used in deep-sea exploration,
environmental monitoring, and marine engineering. Their operational safety and mission
performance rely heavily on accurate and long-endurance underwater localization. How-
ever, both single-sensor localization methods and existing multi-sensor fusion approaches
have inherent limitations, making it difficult to achieve high-precision localization during
long-duration missions. To address this issue, this study develops a deep-learning-based
multi-source sensor fusion framework for AUV localization. In the proposed framework,
high-frequency data from the Inertial navigation system (INS) and Doppler velocity log
(DVL) are used for continuous position propagation, while low-frequency absolute po-
sition observations from the Ultra-short baseline (USBL) system and Sonar are used to
periodically correct the propagated results. Based on this framework, three instantiated
models are developed using a Deep neural network (DNN), a Long short-term memory
(LSTM) network, and a Bayesian semi-supervised mixed shallow-layer neural network
(BSsMSLNN), respectively. Comparative experiments are conducted against the Extended
Kalman filter (EKF) and Simultaneous localization and mapping system using Sonar, Vi-
sual, Inertial, and Depth sensor (SVIn2). The results show that the proposed framework
effectively suppresses long-term error accumulation and significantly improves localization
accuracy. Among the evaluated models, the BSSMSLNN-based method achieves the best
performance in terms of trajectory fitting, root mean square error (RMSE), and coefficient
of determination (R?). The proposed method provides a feasible solution for high-precision
autonomous navigation of AUVs in GPS-denied environments.

Keywords: autonomous underwater vehicle; multi-source sensor fusion; underwater
localization; integrated navigation; deep learning

1. Introduction

The ocean contains abundant biological, mineral, and energy resources and has there-
fore become a strategic focus for many maritime nations [1]. With the continued advance-
ment of marine resource exploration and scientific investigation, Autonomous Underwater
Vehicles (AUVs), owing to their flexibility and high degree of autonomy, have become
important platforms for deep-sea exploration, environmental monitoring, and marine
engineering operations [2,3]. Because of the complexity and variability of the underwater
environment, the operational safety of AUVs depends critically on navigation and posi-
tioning systems that can provide high accuracy over long-duration missions [4]. Since
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electromagnetic waves attenuate rapidly in water, the Global navigation satellite system
(GNSS) cannot be directly used for underwater localization [5]. As a result, accurate AUV
localization mainly depends on the acquisition and fusion of information from onboard
and external sensors.

Existing AUV localization methods based on a single sensor can generally be di-
vided into three categories: inertial-navigation-based methods, acoustic-navigation-
based methods, and geophysical-navigation-based methods. Inertial navigation relies on
an Inertial navigation system (INS), which uses onboard accelerometers and gyroscopes
and operates independently of external infrastructure while providing a high update rate.
However, because measurement errors are integrated over time through the navigation
equations, INS-based localization inevitably suffers from cumulative drift [6]. Acoustic
navigation achieves localization by transmitting and receiving acoustic signals via sonar
equipment, including specifically Doppler velocity log (DVL)-based methods [7] and
underwater acoustic positioning system-based methods [8]. The DVL uses the Doppler
effect to calculate the velocity of the vehicle relative to the seafloor. However, this
method is highly sensitive to changes in AUV attitude and is also subject to the risk of
beam failure [9]. Underwater acoustic positioning systems, such as Ultra-short baseline
(USBL) and sonar-based positioning systems, can provide relatively accurate position
information [10]. Nevertheless, their update rates are much lower than those of INS
and DVL, and their accuracy usually degrades as the distance between the AUV and
the beacon or transponder increases [11]. Geophysical navigation estimates the current
position by matching measured physical-field information, such as magnetic or gravity
data, to a pre-surveyed reference map. However, such methods are difficult to apply
reliably in regions where the field gradients are weak.

Because each single-sensor localization method has inherent limitations, it is difficult
for any one of them to satisfy the requirements of long-term, autonomous, and high-
precision underwater localization. Consequently, multi-source sensor fusion has become
a major research direction in AUV navigation [12]. Existing multi-source sensor fusion
approaches can generally be broadly grouped into filter-based fusion ones, optimization-
based fusion ones, and deep-learning-based fusion ones.

Among filter-based methods, the Extended Kalman Filter (EKF) extends the classical
Kalman filter to nonlinear systems by using first-order linearization [13]. However, this
approximation makes the EKF sensitive to initial-state errors and limits its estimation accu-
racy in highly nonlinear scenarios. The Unscented Kalman Filter (UKF) improves nonlinear
approximation by propagating sigma points through the nonlinear model [14], while the
Cubature Kalman Filter (CKF) uses cubature points to approximate high-dimensional Gaus-
sian integrals [15]. Although these methods can improve nonlinear state estimation to some
extent, their performance may still degrade in the presence of non-Gaussian noise, acoustic
outliers, and ocean-current disturbances. For example, a robust Kalman filtering method
that integrates filtering with M-estimation is proposed, thereby improving robustness to
model errors and uncertainty in noise statistics [16]. Huang et al. proposed the Statistical
regression adaptive Kalman filter (SRAKF), which combines the Expectation-Maximization
algorithm with the unscented transform to improve localization performance under time-
varying noise [17]. Shi et al. designed a variational Bayesian robust adaptive Kalman
filter (VBRAKEF) to improve robustness to non-Gaussian noise [18]. Despite these advances,
filter-based methods still face significant challenges in underwater localization scenarios
characterized by both strong nonlinearity and time-varying noise.

Optimization-based methods formulate AUV state estimation as a mathematical
optimization problem and obtain the maximum a posteriori estimate by minimizing a global
or local cost function. These methods have been widely applied in simultaneous localization
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and mapping (SLAM). For example, Dellaert et al. transformed state estimation into a sparse
nonlinear least-squares problem by constructing sparse factor graphs and proposed the
square root SAM framework for large-scale SLAM [19]. However, SAM is computationally
expensive and is therefore not well suited to online applications. To improve efficiency,
Kaess et al. proposed iSAM, which performs incremental optimization [20]. Nevertheless,
SAM-type methods still rely on least-squares optimization and are sensitive to outliers.
To address this issue, Yang et al. proposed a general global estimation framework that
combines graduated non-convexity (GNC) with non-minimal solvers [21]. In addition, the
above underwater SLAM systems suffer from localization drift and localization failure.
To address this problem, Rahman et al. proposed an underwater SLAM system based on
sonar, vision, inertial, and depth sensors, namely SVIn2, which is equipped with loop-
closure detection and relocalization capabilities [22]. Bathymetric and magnetic-beacon-
assisted SLAM methods have also been investigated to reduce horizontal drift in INS/DVL
navigation [23,24]. Although optimization-based methods are effective in many scenarios,
they usually involve heavy computational costs, and their performance may degrade
when the optimization problem is non-convex or when strict real-time requirements must
be satisfied.

Deep learning has been widely applied in industrial processes [25,26], and advanced
models have been developed to address the measurement noise and multimodal charac-
teristics of industrial data, such as the Bayesian semi-supervised mixed shallow-layer
neural network (BSsSMSLNN) [27]. In the early stage, deep learning was mainly used
as an auxiliary component in single-sensor localization methods. Deep neural network
(DNN) has been used to estimate AUV velocity or compensate for navigation errors
when some measurements are unavailable [28]. With the development of models capable
of learning temporal dependencies, such as Recurrent neural networks (RNNs) and Long
short-term memory (LSTM) networks, researchers began to apply end-to-end learning
methods to AUV localization. For example, Mu et al. proposed a hybrid-RNN-based
AUV localization framework that processes multi-source sensor data in parallel using
unidirectional and bidirectional LSTMs, achieving favorable accuracy while satisfying
real-time requirements [29]. However, this method still relies implicitly on system mod-
eling and state estimation, and therefore cannot completely eliminate model-related
approximation errors. To address this limitation, Zhang et al. proposed NavNet, which
combines an RNN with an attention mechanism to directly regress displacement from
raw data [30]. Building on this idea, Zhang et al. further proposed a sequence-learning
localization method based on a Temporal convolutional network and self-attention to
compensate for the errors of state-estimation algorithms such as the EKF and UKEF [31].
However, these methods generally process inputs from different sensors in a unified
manner, which may overlook sensor-specific local characteristics. To address this issue,
Zhang et al. proposed a hybrid multi-branch framework that uses one-dimensional
convolutional neural networks to extract local features from each sensor independently,
thereby enabling more refined heterogeneous feature learning [32]. In addition, under-
water SLAM systems based on image enhancement and multi-sensor coupling have been
reported [33]. Despite these advances, most deep-learning-based multi-source fusion
methods still rely on recursively accumulated displacement estimates and therefore
remain vulnerable to long-term error accumulation.

Recent studies and reviews have also emphasized the importance of sensor-fusion
robustness and learning-assisted perception in underwater SLAM and AUV naviga-
tion [34,35].
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In summary, existing multi-source sensor fusion methods still exhibit several lim-
itations in AUV localization with heterogeneous sensor update rates and intermittent
low-frequency observations. It should be noted that the general idea of high-frequency
propagation and low-frequency correction is related to classical integrated-navigation
principles. The contribution of this work lies in developing a learning-based multi-source
fusion localization framework for heterogeneous AUV sensor data. The framework consists
of two modules: a high-frequency recursive prediction module and a low-frequency ob-
servation correction module. The first module performs continuous position propagation
using INS and DVL data, whereas the second periodically corrects the propagated results
using low-frequency absolute position observations from USBL and sonar. In this way,
the framework is specifically designed to maintain continuous localization output under
sparse acoustic observations while suppressing accumulated propagation errors. Within
this framework, three representative models based on DNN, LSTM, and BSsSMSLNN are
instantiated and evaluated against EKF and SVIn2 through comparative experiments. In
addition, depth-related experiments are conducted to analyze the influence of operating-
depth variation on model generalization. The real-water experimental scenarios adopted
in this study are controllable and repeatable, which helps acquire reliable multi-source
data and provides a clear basis for validating the effectiveness of the proposed fusion
localization framework.

The main contributions of this study are summarized as follows: (1) a deep-learning-
based multi-source fusion localization framework is developed for AUVs under hetero-
geneous sensor update rates, where high-frequency INS/DVL measurements are com-
bined with sparse low-frequency USBL/sonar observations for continuous localization;
(2) three representative learning architectures, namely DNN, LSTM, and BSsSMSLNN, are
systematically instantiated and compared under the same fusion framework and experi-
mental protocol; and (3) a depth-related generalization analysis is conducted to study the
influence of operating-depth variation on localization performance and to evaluate the
benefit of incorporating depth-aware information into underwater localization models.

2. Deep-Learning-Based Multi-Source Sensor Fusion Framework
2.1. Multi-Source Sensor Fusion Framework

The underwater motion of an AUV is highly nonlinear and is affected by ocean-
current disturbances, sensor noise, and variations in operating conditions, which introduce
considerable uncertainty into motion-state estimation. Meanwhile, different sensors ex-
hibit substantial differences in measurement principles, update frequencies, and error
characteristics, making it difficult for any single sensor to simultaneously ensure local-
ization continuity and accuracy. To address these problems, a multi-source sensor fusion
framework for AUV localization that combines high-frequency recursive propagation with
low-frequency observation correction is proposed.

The data sources used in this study include the INS, DVL, USBL, Sonar, and the
Global positioning system (GPS). It is worth mentioning that the GPS is used only to
provide the reference trajectory during the experimental stage and is not involved in the
online prediction process. Specifically, at time step ¢, the INS input is denoted by I; € R?,
including heading angle, pitch angle, roll angle, three-axis angular velocities, and three-axis
accelerations. The DVL input is denoted by D; € R?, including the transverse, longitudinal,
and normal velocities relative to the seabed. The USBL input is denoted by U; € R?, and
the Sonar input is denoted by S; € R?, both of which provide external position observations.
The GPS data are used only for ground-truth annotation and performance evaluation and
are not involved in the online prediction process.
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In terms of signal characteristics, INS and DVL provide continuous measurements
at relatively high update frequencies, making them suitable for short-term position
propagation. By contrast, USBL and sonar operate at lower update frequencies because
of acoustic propagation delays, signal-processing latency, and environmental constraints.
However, they are able to provide absolute position observations and are therefore used
to suppress error accumulation during recursive propagation. After temporal alignment,
USBL and Sonar observations are unavailable at some time instants, which increases
the difficulty of unified multi-source fusion. To make the heterogeneous-frequency data
relationship clearer, Figure 1 has been revised to include the full names of the sensor
signals, their sampling frequencies, and the availability of observations at different
time instants.

T T+k

l Data exists
l Missing data

Y
k groups of data

I INS input; D;: DVL input; U.: USBL input;
S;: Sonar input; T: time step

Figure 1. Correspondence diagram of heterogeneous-frequency sensor signals. INS and DVL
provide high-frequency measurements, whereas USBL and sonar provide low-frequency absolute
observations at discrete correction instants. Green blocks indicate available observations, and red
blocks indicate missing observations.

As shown in Figure 1, under a unified time axis, high-frequency sensors such as INS
and DVL provide observations at every sampling instant, whereas low-frequency sensors
such as USBL and Sonar provide valid position observations only at discrete intervals.
Assume that the sampling period of the low-frequency signals is K times that of the
high-frequency signals. Then, between two adjacent low-frequency observation instants
T and T + K, only high-frequency signals are available from time T + 1 to time T + K — 1,
while low-frequency absolute position observations are absent. Therefore, the key
challenge in multi-source sensor fusion is how to maintain continuous position output
during intervals without low-frequency observations while effectively suppressing the
accumulated propagation error once low-frequency observations become available.

To solve this problem, the proposed multi-source fusion framework is constructed as
shown in Figure 2. The framework consists of two modules: a high-frequency recursive
prediction module and a low-frequency observation correction module. The first module
is designed for periods when low-frequency observations are unavailable and uses high-
frequency INS and DVL data for continuous position propagation. The second module is
activated when USBL and Sonar observations are available and introduces low-frequency
absolute position information to correct the propagated result. In this way, the framework
forms a coordinated localization mechanism of high-frequency propagation and low-
frequency correction.

During the recursive prediction stage, only high-frequency INS and DVL data are
used, and the input structure is defined as

xt = [I;,Dy], 1
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where x]' denotes the high-frequency input vector at time instant ¢, I; represents the INS
measurements, and D; represents the DVL measurements.

= Inertial Navigation Sensor(INS) i Deep Iearning training: F( Xh)
.g Heading, angular velocity, Data preprocessing '
% acceleration(l,) — & K Ff@ﬁ\ (Alat,
v L e AN VA X/ /\ )/\ !
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AUV Real-

Time
Positioning | —————

Figure 2. Schematic diagram of the fusion framework.

Since no position constraints from USBL or Sonar are available during this stage,
the current AUV position must be continuously estimated from high-frequency motion
information alone. Specifically, the INS and DVL measurements collected at the same time
step are combined into an input vector, which is then fed into the selected deep learning
model to predict the latitude and longitude increments between two consecutive time steps:

Alat;, Alon; = F(xi’ ), (2)

where F(-) denotes the instantiated learning model, and Alat; and Alon; denote the pre-
dicted latitude and longitude increments between two adjacent time steps, respectively.

Subsequently, the predicted increments are combined with the corrected output posi-
tion from the previous time step to obtain the recursively predicted position at the current
time step,

lat}" = 1at?"] + Alat;, (3)
lon{! = lon?, + Alon;, 4)
where lat}" and lon“' denote the predicted latitude and longitude at the current time

step, respectively, and lat’"}, and lon?<!; denote the predicted latitude and longitude at the
previous time step.

When low-frequency observations become available, the framework enters the cor-
rection stage. In addition to the high-frequency recursive prediction result, low-frequency
absolute position observations from USBL and Sonar are introduced to correct the current
position. The low-frequency input at this stage is defined as

xi = [Ut, S, )

where x! denotes the low-frequency observation vector at time instant ¢, U; represents the
USBL observation, and S; represents the sonar observation.
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Because both USBL and Sonar provide absolute position references, while differing
in measurement accuracy and environmental adaptability, these two sources are first
combined into a unified low-frequency position observation:

lat", lon{™ = G(x{) = U, + (1 - B)S, 6)
where G(-) denotes the weighted fusion function for USBL and sonar observations; la’c§Jbs
and lon§® denote the fused low-frequency latitude and longitude observations, respec-
tively; and B € [0,1] is the weight used to balance the USBL and sonar observations. Similar
to «, B is determined by the differential evolution algorithm using K-fold cross-validation
on the training set with the objective of minimizing the average validation RMSE. Once the
optimal value of 8 is obtained, it remains fixed during the testing stage and is not updated
online with time. The sonar-derived position is obtained by extracting the target echo or
feature point from the sonar observation, converting it into a range-bearing measurement
according to the sonar imaging geometry, and transforming it into the local navigation
coordinate system before being fused with the USBL observation.

Subsequently, the fused low-frequency observation is integrated with the high-
frequency recursive prediction result through weighted fusion to obtain the final output at
the current time step:

latPod = & - 1at?t 4+ (1 — ) - latd®s, 7)

lon™9 = & - Ton?t + (1 — ) - lon?®, 8)

where a € [0,1] denotes the fusion weight used to balance the contributions of recursive
prediction and low-frequency observations, and 1at™*? and lon°? denote the corrected
latitude and longitude outputs, respectively. The value of « is determined by the differential
evolution algorithm using K-fold cross-validation on the training set, with the objective of
minimizing the average RMSE over the validation folds. The testing trajectories are not
involved in determining a. Once the optimal « is obtained, it is fixed during the testing
stage and is not updated online at each sampling instant.

It should be noted that the final output obtained in the correction stage is used not
only as the localization result at the current time step but also as the reference input for
recursive updating at the next time step. In this way, the framework forms a closed-
loop recursive process along the temporal dimension. During intervals in which low-
frequency observations are unavailable, continuous localization is achieved through high-
frequency propagation; when low-frequency observations become available, absolute
position information is used to periodically correct the accumulated error, and the corrected
result is then fed back into the next round of recursive propagation. This mechanism
enables the framework to maintain both short-term continuity and long-term stability.

Based on the above design, Algorithm 1 summarizes the implementation procedure
of the proposed multi-source sensor fusion localization framework. First, the initial true
position of the AUV is used as the starting point for recursive propagation. At each
time step, the available INS, DVL, USBL, and Sonar data are collected to construct the
corresponding input vectors. If the current time step falls within an interval in which low-
frequency observations are unavailable, only INS and DVL inputs are used, and the deep
learning model predicts the position increment for recursive propagation. If low-frequency
observations are available, the framework further fuses USBL and Sonar observations to
obtain the corrected final output. This output is then used as the reference for the next
recursive update, and the above process is repeated until the localization of the entire
trajectory is completed.
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Algorithm 1 Deep Learning-Based Multi-Sensor Fusion Localization Framework

Input High-frequency sensor data {It,Dt}ii 1, low-frequency sensor data {U;, St}f]: 1/
fusion weights « and B.

Output Estimated longitude and latitude positions of the AUV at each time instant

pre pre

t 1y

lat; ,lo

1: Initialize the initial position of the AUV: (latg,lony).

2: fort=1,2,--- ,Ndo

3: Read the high-frequency sensor data at the current time instant I, D;, construct the
high-frequency input vector x/ = [I}, D]

4: Predict the position increment between consecutive time instants Alat;, Alon; ac-
cording to Equation (2)

5. Calculate the recursively predicted position at the current time instant lat?“!, lon3!
according to Equations (3) and (4) is available

if Low-frequency observation available at current time instant then
Read the low-frequency sensor data Uy, S; at the current time instant and con-

struct the low-frequency input vector x} = [U}, S]

8: Combine the USBL and sonar observations to obtain the low-frequency position
measurement lat?, long®s
9: Fuse the recursively predicted result with the low-frequency observation accord-
ing to Equations (7) and (8) to obtain the corrected output lat°d, lon"d
10: Obtain the final predicted position lat’™ = 1at!™*d, lonP™ = lon"°? at time ¢
11: else
12: The final predicted position lat!™ = lat?!, lonf™ = lon? at time ¢
13: end if
14: end for

2.2. Instantiated Model Configuration

In the proposed multi-source fusion framework, the learning model is responsible for
estimating the position increment of the AUV from high-frequency INS/DVL measure-
ments. Three representative models, namely DNN, LSTM, and BSsMSLNN, are imple-
mented under the same fusion framework for comparison. It should be noted that the
three models share the same input-output definition and evaluation protocol, but they
do not completely share the same training objective. The DNN and LSTM models are
trained by minimizing the mean squared error (MSE), whereas the BSSMSLNN model
is trained by maximizing the evidence lower bound (ELBO) within a semi-supervised
Bayesian inference framework.

For all instantiated models, the high-frequency input at time instant ¢ is denoted as

xf = I, Dy, )

where I; and D; denote the INS and DVL measurements, respectively. The output of the
learning model is the two-dimensional position increment in the local metric coordinate
system, denoted as

Apr = [A%y, AT (10)

The recursively predicted position is then obtained by accumulating the predicted
position increments over time. The detailed network structures, training parameters, and
hyperparameter settings used in the experiments are summarized in Section 3.1.

2.2.1. DNN-Based Implementation

The DNN-based implementation is adopted as a representative feedforward neural
network model. It directly maps the current high-frequency input /' to the position
increment Ap; through multiple fully connected layers. The hidden layers are used to
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approximate the nonlinear relationship between the INS/DVL measurements and the
AUV motion increment, while the output layer contains two neurons corresponding to the
predicted increments in the two horizontal directions.

The DNN can be expressed as

Apr = fonn (xf; Opan), (11)

where fpnn(+) denotes the nonlinear mapping represented by the fully connected neural
network, and @pny denotes the trainable network parameters. The DNN model is trained
by minimizing the MSE between the predicted and reference position increments:

1
LpNN = N Y lap: — Ap:l3, (12)
=1

where N is the number of training samples, Ap; is the predicted position increment, and
Apy is the reference position increment calculated from the reference trajectory.

2.2.2. LSTM-Based Implementation

The LSTM-based implementation is adopted as a representative recurrent neural
network model. Different from the DNN, the LSTM uses a sliding-window sequence of
high-frequency INS/DVL measurements as input, so that temporal dependencies among
consecutive samples can be considered. The input sequence at time instant ¢ is written as

h h h h
X = XX ) (13)

where L denotes the sequence length. Through its memory cell and gating mechanisms,
the LSTM extracts temporal features related to AUV motion dynamics. The final hidden
representation is then mapped to the two-dimensional position increment through a fully
connected output layer:

APt = frstm(X); OLstm), (14)

where frsvm(+) denotes the LSTM-based mapping function, and @ gty denotes the train-
able parameters. Similarly to the DNN, the LSTM model is trained by minimizing the
MSE loss:

1N
Listv = 5 Y ||Ap: — Aptf3- (15)
=1

2.2.3. BSsSMSLNN-Based Implementation

The BSsSMSLNN-based implementation is adopted to enhance local nonlinear mod-
eling capability under limited labeled trajectory data. BSSMSLNN is a semi-supervised
Bayesian mixture of multiple shallow neural networks. Each shallow neural network
acts as a local expert for a specific region of the input space, and the final prediction is
obtained by adaptively combining the outputs of different local experts. This “divide-
and-conquer” structure is suitable for AUV localization because the relationship between
sensor measurements and position increments may vary under different motion states and
trajectory segments.

Let K denote the number of local shallow neural networks. For the k-th local shal-
low network, the predicted position increment is denoted as Apﬁk). A latent variable is
introduced to describe the contribution of the current sample to each local network. The
posterior probability of the k-th local network for the sample at time instant ¢ is denoted

https://doi.org/10.3390 /jmse14111064
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as Jy, satisfying Z]Ile o1 = 1. The final prediction of BSSMSLNN is then obtained by
posterior-weighted fusion:
K
Apr =) duspy- (16)
k=1
Differently from the DNN and LSTM models, BSSMSLNN is not trained by directly
minimizing the MSE loss. Instead, it is trained within a semi-supervised Bayesian learning
framework. The model contains latent variables and Bayesian random parameters, whose
posterior distributions are estimated by variational inference. Meanwhile, the connection
weights of the shallow neural networks are updated by gradient ascent. The training
objective is to maximize the evidence lower bound (ELBO), which is expressed as

LrLpo = Egq)[Inp(D, Q| W)] — Hy ) [, (17)

where D denotes the training data, () denotes the set of latent variables and Bayesian
random parameters, W denotes the connection weights of the shallow neural networks,
q(Q2) is the variational posterior distribution, and H, ) [Q)] is the entropy term. During
training, the posterior distributions g((2) are updated by variational inference, while the
network weights W are updated by gradient ascent to increase the ELBO. When reliable
prior information is unavailable, the hyperparameters of the prior distributions are set to
small values, corresponding to non-informative priors. This setting reduces the dependence
on subjective prior assumptions and allows the local model contributions and network
parameters to be mainly learned from the experimental data.

3. Experiments and Analysis
3.1. Experimental Setup and Evaluation Metrics

To verify the effectiveness of the proposed deep-learning-based multi-source sensor
fusion framework and to compare the localization performance of different instantiated
models, AUV localization experiments were conducted under different trajectory scenarios
and water-depth conditions. The experimental scenarios were designed in a controllable
real-water environment, which facilitates reliable acquisition of synchronized multi-source
sensor data and provides a clear basis for evaluating the proposed high-frequency propa-
gation and low-frequency correction mechanism. To provide a clearer description of the
experimental conditions, the physical AUV platform and the field-test arrangement are
shown in Figure 3. Figure 3a shows the AUV platform used in the experiment, where
the onboard navigation sensors and communication modules were integrated into the
cylindrical vehicle body. Figure 3b presents the AUV during the field test, indicating that
the vehicle operated in a real water environment rather than under purely laboratory
conditions. Figure 3c illustrates the voyage arrangement and observation layout during
the experiment. The red arrows indicate the planned navigation directions of different
voyages, while the marked region represents the reference observation area used for data
acquisition and trajectory evaluation. These experimental settings provide the basis for
collecting heterogeneous multi-source navigation data under practical operating conditions.
It is should be noted that the background map in Figure 3c is used only for visualization
of the experimental site and planned route; it is not used as an input to the proposed
localization algorithm.

During the experiments, multiple types of data were collected: INS, DVL, USBL,
Sonar, and GPS. Among them, INS and DVL data were recorded in real time by the
AUV platform and were mainly used for position estimation during the high-frequency
propagation stage. USBL and sonar data were obtained from external observation systems
and were used for position correction during the low-frequency correction stage. RTK-GPS
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was used to obtain the reference latitude and longitude coordinates of the AUV during
the experiments. Compared with standard GPS, RTK-GPS provides higher positioning
accuracy and a higher update frequency, which makes it more suitable for constructing the
reference trajectory used for quantitative evaluation. The RTK-GPS data were used only for
reference trajectory construction and performance evaluation and were not involved in the
online localization process. The operating depth of the vehicle was measured by the depth
sensor, while the underwater motion states, including velocity, attitude, angular velocity,
and acceleration, were obtained from the INS and DVL sensors. According to the current
experimental platform configuration, INS and DVL were recorded at 20 Hz, whereas the
low-frequency acoustic observations were recorded at approximately 1 Hz. Therefore,
the experimental data effectively reflect the heterogeneous-frequency multi-source fusion
scenario considered in this study.

(b)
Figure 3. Experimental platform and field-test trajectory design: (a) physical AUV platform and

sensor installation; (b) AUV field-test process in the water; (c) schematic diagram of the planned
voyage for visualizing the experimental site and planned route.

Based on the above sensor data, this study collected voyage data at three water depths:
0.3 m, 0.6 m, and 0.9 m. The raw data were preprocessed before model training and testing.
These values refer to the immersion depth of the AUV, namely the vertical distance from
the water surface to the reference point of the vehicle body, rather than the bottom depth
of the experimental area. The bottom depth of the test area was sufficient to ensure safe
vehicle operation and valid sensor measurement during the tests.

The raw data were preprocessed before model training and testing. Abnormal records
and invalid samples were removed, and the remaining data were divided at the trajectory
level. Complete trajectories were treated as independent units, where approximately 80%
of the trajectories were selected as the training set and the remaining 20% were used as the
testing set. K-fold cross-validation was adopted on the training trajectories for parameter
selection. The testing trajectories were only used for final localization-performance eval-
uation. Data collected at an operating depth of 0.3 m were mainly used for performance
comparison among different models, whereas data collected at depths of 0.6 m and 0.9 m
were used to investigate the effect of depth variation on model prediction performance.

To demonstrate the effectiveness of the proposed framework, two categories of com-
parison methods were selected in the experiments. The first category consists of three data-
driven instantiated models constructed within the proposed fusion framework, namely
DNN [26], LSTM [30], and BSsSMSLNN [27]. The second category comprises representative
conventional fusion methods, including the EKF [13] and the multi-sensor fusion SLAM
system SVIn2 [22]. The former was used to compare the adaptability of different deep
learning models under a unified framework, whereas the latter was used to evaluate the
performance difference between the proposed framework and conventional fusion methods
in complex navigation scenarios.

To ensure reproducibility, the network architectures and training settings of the three
instantiated learning models are summarized in Table 1. All models use the same train-
ing/testing trajectory split and the same data normalization strategy. The input variables
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are normalized using the mean and standard deviation calculated from the training set,
and the same normalization parameters are applied to the validation and testing sets.
K-fold cross-validation is performed on the training trajectories for parameter selection.
The testing trajectories are not involved in model training, hyperparameter selection, or
fusion-weight optimization.

For the BSsMSLNN-based implementation, the hyperparameters of the prior distribu-
tions are set to small values when no reliable prior information is available, corresponding
to non-informative priors. This setting reduces the dependence on subjective prior assump-
tions and allows the model parameters and local-mode weights to be mainly learned from
the experimental data.

Table 1. Network architectures and training hyperparameters of the instantiated learning models.

Item DNN LSTM BSsMSLNN

Input INS + DVL measurements INS + DVL sequence INS + DVL measurements
Output 2-D position increment 2-D position increment 2-D position increment

Input dimension dy L x dy dy,

Network type Fully connected neural network  Recurrent neural network  Bayesian mixture of shallow NNs
Network architecture d,—-128-64-32-2 LSTM layer + FC layer 3 local single-hidden-layer NNs
Number of hidden layers 3 1 LSTM layer 1 for each local NN

Hidden units 128, 64, and 32 64 20 for each local NN

Activation function ReLU Tanh/Sigmoid gates Sigmoid

Sequence length - 10 -

Initial number of local models - - 3

Prior setting

Training objective

Training algorithm

Learning rate

Batch size

Maximum epochs/iterations
Stopping criterion
Parameter selection

Non-informative priors
ELBO maximization
Variational inference + gradient ascent

MSE minimization
Adam optimizer

MSE minimization
Adam optimizer

1.0x 1073 1.0x 1073 1.0x 1073

64 64 -

300 300 300

Validation RMSE Validation RMSE ELBO convergence

K-fold cross-validation K-fold cross-validation K-fold cross-validation

Quantitative assessments of localization efficacy were conducted through the appli-
cation of the root mean square error (RMSE) and coefficient of determination (R?), which
served as diagnostic tools to measure prediction accuracy and model fit, respectively. To
provide a more intuitive and practical evaluation of localization accuracy, the starting
point of each AUV trajectory was used as the origin of a local planar coordinate system.
The latitude and longitude coordinates of both the reference trajectory and the predicted
trajectory were then converted into local metric coordinates relative to this origin. Based
on the converted coordinates, the localization errors and RMSE values were calculated
in meters.

1 N
RMSE = , | (yn — D), (18)
n=1
N N N2
) Zl (Yn —Jn)
RP=1- = 19
%< 1 % )2, (19)
n=1 In Nn:lyn

where y,, denotes the true value of the sample at the n-th sampling instant in the testing
stage, 1, denotes the estimated value of the sample at the n-th sampling instant in the
testing stage, and N denotes the total number of samples in the testing stage. RMSE is used
to measure the overall deviation between the predicted trajectory and the ground-truth
trajectory; the smaller its value, the smaller the localization error of the model. R? is used to
evaluate the degree to which the predicted results fit the variation trend of the ground-truth
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trajectory; the attainment of values nearing 1 is indicative of optimal model calibration and

data correspondence.
The summary of the experimental scenario and dataset division is shown in Table 2.

Table 2. Summary of the experimental scenario and data usage.

Item Description

Test environment Shallow real-water experimental area
Platform AUV experimental platform shown in Figure 3
Operating depths 0.3 m, 0.6 m, and 0.9 m immersion depths

High-frequency sensors  INS and DVL, recorded at 20 Hz

Low-frequency sensors USBL and sonar, recorded at approximately 1 Hz

Reference data RTK-GPS for reference latitude/longitude and depth sensor for operating depth
Trajectory-level split, with approximately 80% of trajectories for training and 20%
for testing

Evaluation metrics RMSE in meters and dimensionless R?

Data split

3.2. AUV Localization Results and Discussion

To first evaluate the recursive prediction capability of the instantiated models under
the proposed framework, no low-frequency correction information from USBL or Sonar
was introduced (i.e., « is set to 1). Under this setting, the predicted trajectory was obtained
entirely through high-frequency propagation based on INS and DVL data. Figures 4 and 5
present the recursive prediction results of DNN, LSTM, and BSSMSLNN under two repre-
sentative trajectory scenarios.
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Figure 4. The recursive prediction results of each model in Scenario 1 when no low-frequency signal
is introduced: (a) DNN; (b) LSTM; (c) BSsSMSLNN.

In Scenario 1, the ground-truth trajectory consists of two approximately straight
segments and one small-angle turn. As can be seen from Figure 4a, the DNN model
gradually exhibits a pronounced deviation as the navigation distance increases, indicating
strong susceptibility to long-term error accumulation. Figure 4b shows that the LSTM
model can exploit temporal information to alleviate error growth to some extent; however,
an obvious discrepancy between the predicted and true trajectories still remains. By
contrast, Figure 4c shows that the BSSMSLNN-based model achieves the highest degree
of agreement with the true trajectory, demonstrating stronger local dynamic modeling
capability and better recursive stability.
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In Scenario 2, the ground-truth trajectory includes large-angle turns and multiple
local bends, resulting in a more complex motion pattern. As can be seen from Figure 5a,
the DNN model exhibits clear lag in turning regions, and its error continues to increase
with the traveled distance. Figure 5b shows that the LSTM model is able to follow the
overall trajectory trend reasonably well, but still shows fluctuations and local deviations
in tortuous regions. By contrast, as shown in Figure 5c, the BSSMSLNN model remains
highly consistent with the true trajectory throughout most of the navigation process, except
for slight deviations in a few sharp-turn regions, indicating that this model still possesses
strong adaptability under complex trajectory conditions.
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Figure 5. The recursive prediction results of each model in Scenario 2 when no low-frequency signal
is introduced: (a) DNN; (b) LSTM; (c) BSsSMSLNN.

Table 3 further quantifies the recursive prediction performance of the three instantiated
models under the two scenarios. It can be seen that, in both navigation scenarios, the
BSsMSLNN-based model within the framework outperforms the other models. Specifically,
compared with the DNN- and LSTM-based models within the framework, the BSsMSLNN-
based model reduces the RMSE by 61.4% and 16.3%, respectively, and increases the R? value
by 15.2% and 2.9%, respectively, in Scenario 1. In Scenario 2, it reduces the RMSE by 73%
and 61.1%, respectively, and improves the R? value by 2.48% and 0.55%, respectively. These
results indicate that, under the condition of relying solely on high-frequency propagation,
BSsMSLNN achieves the best performance among the three models. However, all models
still exhibit long-term cumulative errors to varying degrees, suggesting that high-frequency
signals alone are insufficient to meet the requirements of high-precision localization over

long-duration missions.

Table 3. Quantitative evaluation metric values of each model in Scenario 1 and Scenario 2 when no

low-frequency signal is introduced.

DNN LSTM BSsMSLNN
Scenario 1 RMSE (m) 8.2385 3.8006 31826
R? 0.8594 0.9621 0.9898
Scenario 2 RMSE (m) 7.2022 4.9894 1.9427
R? 0.9833 0.9920 0.9975
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Based on the above observations, low-frequency absolute position observations from
USBL and Sonar were then incorporated into the proposed fusion framework to correct
the propagated results. The fusion weight parameter « is determined by the differential
evolution algorithm. Meanwhile, to enhance the comparability of the results, EKF and
SVIn2 were selected as conventional baselines and compared with the three deep-learning-
based instantiated models under the same fusion framework.

Figure 6 presents the localization results of the five models in Scenario 1 after low-
frequency correction is introduced. With the incorporation of low-frequency absolute
observations, the predicted trajectories of all models generally follow the ground-truth
trajectory more closely. However, clear differences remain in localization accuracy and
trajectory smoothness. As shown in Figure 6a,b, EKF and SVIn2 still exhibit relatively
large deviations and noticeable trajectory fluctuations. By contrast, the three deep-learning-
based models shown in Figure 6¢c—e achieve a higher degree of consistency with the true
trajectory and more stable overall performance. Furthermore, a closer comparison reveals
that the BSsSMSLNN-based model yields lower localization deviation and a higher degree of
agreement between the predicted and true trajectories, indicating that this model achieves
the best localization prediction performance in Scenario 1.
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Figure 6. The prediction results of each model in Scenario 1: (a) EKF; (b) SVIn2; (c) DNN; (d) LSTM;
(e) BSSMSLNN.

Figure 7 illustrates the localization prediction trends of five models in Scenario 2 after
low-frequency correction is introduced. As can be seen from Figure 7a,b, under this more
complex trajectory condition, the EKF exhibits obvious deviations at large-angle turns,
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whereas the SVIn2 shows multiple sharp fluctuations and poor overall smoothness. By
contrast, the three deep-learning-based models within the proposed framework demon-
strate clearly better performance, as shown in Figure 7c—e. As shown in Figure 7c, the
DNN-based model produces a relatively smooth trajectory overall but still deviates in
several regions. Figure 7d indicates the LSTM-based model captures the global trend
effectively and remains stable in both straight and turning segments, but slight deviations
are still visible in locally tortuous regions. A further comparison of Figure 7c—e shows
that the BSSMSLNN-based model achieves the smallest localization deviation in Scenario
2 and exhibits the highest degree of agreement between the predicted and true trajecto-
ries. Whether in straight segments, at large-angle turns, or in locally tortuous regions, it
demonstrates a very high level of consistency. This further verifies the superiority of the
BSsMSLNN model in complex navigation scenarios, indicating that it can fully exploit
the collaborative effects of multiple local models to more accurately capture the dynamic

variations in the AUV trajectory.
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Figure 7. The prediction results of each model in Scenario 2: (a) EKF; (b) SVIn2; (c) DNN; (d) LSTM;
(e) BSsSMSLNN.

Table 4 summarizes the quantitative evaluation metrics of localization prediction for
the five different models under two different scenarios. It can be seen that, in both naviga-
tion scenarios, the BSsMSLNN-based model within the proposed framework outperforms
the other models. Specifically, compared with the EKF, SVIn2, the DNN-based model,
and the LSTM-based model, the BSSMSLNN-based model reduces the RMSE by 63.8%,
57.7%, 50.9%, and 9.8%, respectively, and improves the R? value by 2.78%, 2.62%, 1.72%,
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and 0.06%, respectively, in Scenario 1. In Scenario 2, it reduces the RMSE by 84.2%, 81.3%,
77.1%, and 20.4%, respectively, and improves the R? value by 2.45%, 1.92%, 1.39%, and
0.09%, respectively. These results indicate that low-frequency absolute observations can
effectively suppress the accumulated errors caused by high-frequency propagation and
that, within the unified fusion framework, the BSsSMSLNN offers stronger local modeling
capability and more stable prediction performance.

Table 4. Quantitative evaluation metric values of each model in Scenario 1 and Scenario 2 when
low-frequency signal is introduced.

EKF SVIn2 DNN LSTM BSsMSLNN
Scenario 1 RMSE (m) 4.7299 4.0544 3.4929 1.9003 1.7142
R? 0.9689 0.9704 0.9790 0.9952 0.9958
Scenario 2 RMSE (m) 7.3687 6.2280 5.0880 1.4622 1.1641
R? 0.9755 0.9806 0.9857 0.9985 0.9994

To further compare the stability of the five methods, Figures 8 and 9 present the
distributions of the prediction errors in the local metric coordinate system under Scenarios
1 and 2, respectively. In both scenarios, the three models developed within the proposed
framework exhibit narrower interquartile ranges, shorter whiskers, and medians closer to
zero than EKF and SVIn2, indicating generally lower prediction errors and better stability.
Among the three deep-learning-based models, the error distribution of DNN is relatively
dispersed and exhibits noticeable systematic bias in some cases. The LSTM-based model
produces a more concentrated error distribution than DNN, but its prediction uncertainty
remains non-negligible. By contrast, the BSsSMSLNN-based model exhibits the most con-
centrated error distribution, with most errors clustered near zero, indicating superior error
control capability and prediction stability. Taken together with the results in Figures 6-9 and
Table 4, these findings confirm that the proposed fusion framework can effectively improve
AUV localization accuracy under different trajectory conditions and that BSSMSLNN is the
best-performing instantiated model within this framework.
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Figure 8. The distribution of prediction errors of the five models in Scenario 1: (a) northward error;

(b) eastward error.
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Figure 9. The distribution of prediction errors of the five models in Scenario 2: (a) northward error;
(b) eastward error.
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To evaluate the real-time feasibility of the proposed framework, the average inference
times of all instantiated learning models are measured and compared with the sampling
interval of the high-frequency INS/DVL data. Since the INS and DVL measurements are
updated at 20 Hz, the corresponding sampling interval is 50 ms. As shown in Table 5, the
average inference times of the DNN-, LSTM-, and BSsMSLNN-based models are all much
lower than the 50 ms sampling interval of the high-frequency INS/DVL measurements.
Although the BSsSMSLNN-based model requires a longer inference time than the DNN- and
LSTM-based models due to its posterior-weighted combination of multiple local shallow
networks, its inference time is still sufficient for real-time localization under the current
experimental configuration. These results indicate that the proposed fusion localization
framework can satisfy the real-time requirement of the present AUV experimental platform.

Table 5. Average inference time of different models.

Model DNN LSTM BSsMSLNN
Average inference time (ms) 1.12 1.89 2.32
Sampling interval (ms) 50 50 50

3.3. Analysis of the Effect of Underwater Depth on Model Performance

The above experiments were conducted mainly under the water-depth condition
of 0.3 m and verified the localization performance of the proposed fusion framework
and its instantiated models under typical trajectory scenarios. However, in practical
applications, AUVs are often required to operate under different depth conditions. As
the water depth changes, the surrounding environment, hydrodynamic characteristics,
and sensor measurement states may also vary, thereby causing a mismatch between the
distribution of the training data and the actual testing conditions. To further investigate
the effect of operating depth on model performance, the depth-related analysis is designed
in two parts. The first part evaluates direct cross-depth generalization, where the model
trained at 0.3 m is directly tested on the 0.6 m and 0.9 m data without retraining. The second
part investigates whether explicitly introducing depth information and using multi-depth
training trajectories can alleviate the above distribution mismatch. Because BSsSMSLNN
showed the best overall performance in the previous experiments, it was selected for
further analysis.

In this part of the study, the BSSMSLNN model trained using data collected at a depth
of 0.3 m was directly applied to data collected at depths of 0.6 m and 0.9 m to evaluate its
generalization capability under varying depth conditions. Figure 10 presents the prediction
results for two voyages at a depth of 0.6 m. As shown in the figure, the predicted trajectories
deviate from the true trajectories in both voyages to different extents, especially in turning
segments, and a noticeable cumulative offset remains after the turn. These results suggest
that when the training depth is inconsistent with the testing depth, the model’s ability
to characterize changes in navigation state, particularly complex motion patterns such as
turning, deteriorates.

Figure 11 further presents the prediction results for two voyages at a depth of 0.9 m.
Compared with the results obtained at 0.6 m, the trajectory deviations under the 0.9 m
condition are generally more pronounced. In Voyage 1, the predicted trajectory is relatively
close to the true trajectory at the initial stage, but the deviation gradually accumulates and
becomes especially obvious in the turning region. In Voyage 2, although the predicted
trajectory is close to the true trajectory near the starting point, the subsequent segments
show a noticeable overall offset and reduced consistency with the ground-truth trajectory
shape. These observations indicate that as the water depth increases further, the localization
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performance of a model trained at a fixed depth deteriorates further when it is directly
applied to cross-depth prediction.
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Figure 10. Prediction results of BSSMSLNN at 0.6 m depth: (a) Voyage 1; (b) Voyage 2.
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Figure 11. Prediction results of BSSMSLNN at 0.9 m depth: (a) Voyage 1; (b) Voyage 2.

Table 6 quantifies the localization performance obtained when the BSSMSLNN model
parameters trained at a depth of 0.3 m are directly applied to data collected at depths of
0.6 m and 0.9 m. As can be seen from Table 6, the RMSE values remain relatively large
under direct cross-depth prediction. At a depth of 0.6 m, the RMSE values of Voyage 1
and Voyage 2 are 14.944 and 10.197, respectively, while the corresponding R? values are
0.7460 and 0.8945. At a depth of 0.9 m, the RMSE values of Voyage 1 and Voyage 2 are
6.082 and 8.1482, respectively, with corresponding R? values of 0.9590 and 0.9373. These
results indicate that when the operating depth of the testing data differs from that of the
training data, the prediction accuracy of the model decreases, demonstrating the influence
of depth-induced distribution mismatch on cross-depth localization performance.

Table 6. Quantitative evaluation results of direct cross-depth prediction using the BSSMSLNN model
trained at 0.3 m.

RMSE (m) R
Voyage 1 14.9441 0.7460
depth 0.6 m Voyage 2 10.1973 0.8945
Voyage 1 6.0828 0.9590
depth 0.9 m Voyage 2 8.1482 0.9373

To address the above problem, this study further incorporates depth information
as an auxiliary input variable and combines it with other sensor features to form the
model input, thereby explicitly characterizing the variations in AUV motion states and
sensor response characteristics under different depth conditions. In this part, parts of the
trajectories collected at 0.3 m, 0.6 m, and 0.9 m are jointly used as the training set to train a
depth-aware BSSMSLNN model, while the remaining independent trajectories at 0.6 m and
0.9 m are used for testing. Therefore, the retraining in this part is not intended to artificially
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improve the results by changing the experimental condition, but to examine whether a
model trained with multi-depth data and explicit depth information can better adapt to
varying operating depths.

Figure 12 presents the prediction results of the model for two voyages at a depth
of 0.6 m after the incorporation of depth information. Compared with Figure 10, the
retrained model shows a substantially improved agreement between the predicted and true
trajectories. In both voyages, the model is able to track the overall trajectory trend more
effectively, and the previously observed cumulative drift and lag are no longer evident in
either straight or turning segments. In particular, the tracking consistency at the large-angle
turn in Voyage 1 is markedly improved, while Voyage 2 also exhibits high trajectory-
tracking accuracy. These results indicate that, after depth is introduced as an input variable,
the model is able to learn the trajectory evolution patterns under different depth conditions
more effectively and thus alleviate the mismatch caused by depth variation.
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Figure 12. The prediction results considering depth information at a depth of 0.6 m: (a) Voyage 1;
(b) Voyage 2.

Figure 13 further presents the prediction results of the model for two voyages at a
depth of 0.9 m after the incorporation of depth information. Compared with Figure 11, the
consistency between the predicted trajectories and the true trajectories is further improved
after depth information is introduced. In Voyage 1, the model fits the true trajectory well
throughout the entire voyage, with especially notable improvement in the turning region. In
Voyage 2, the overall trajectory offset is effectively alleviated, and the predicted trajectory re-
mains highly consistent with the shape of the ground-truth trajectory. These results indicate
that even under deeper-water conditions, incorporating depth information still contributes
substantially to improving localization accuracy and trajectory-tracking stability.
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Figure 13. The new prediction results considering depth information at a depth of 0.9 m: (a) Voyage
1; (b) Voyage 2.

Table 7 presents the quantitative evaluation results after incorporating depth informa-
tion. A combined examination of Tables 6 and 7 shows that, at a depth of 0.6 m, the RMSE
values for Voyage 1 and Voyage 2 decrease by 84.3% and 76%, respectively, relative to the
corresponding voyages in Table 6, while the R? values increase by 33.4% and 11.3%, respec-
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tively. At a depth of 0.9 m, the RMSE values for Voyage 1 and Voyage 2 decrease by 47.5%
and 79%, respectively, relative to the corresponding voyages in Table 6, while the R? values
increase by 4.1% and 6.5%, respectively, compared with those of the corresponding voyages
in Table 6. These results indicate that, after the introduction of depth information, the pre-
diction errors of the model under different depth conditions are significantly reduced, and
its fitting capability is also markedly improved. This demonstrates that the depth variable
can provide the model with important supplementary information related to environmental
variations, thereby enhancing its adaptability to different operating conditions.

Table 7. Quantitative evaluation metrics after fusing depth information.

RMSE (m) R?
Voyage 1 2.3492 0.9949
depth 0.6 m Voyage 2 2.4495 0.9958
Voyage 1 3.1930 0.9979
depth 0.9 m Voyage 2 17090 0.9986

Overall, the depth-related experiments demonstrate two important findings. First,
a model trained at a single operating depth has limited generalization capability when
directly applied to other depths, indicating that depth-induced distribution shift is an
important factor affecting AUV localization accuracy. Second, incorporating depth in-
formation and multi-depth training data can improve the adaptability of the model to
varying operating depths. These results indicate that, in localization modeling for practical
underwater missions, it is necessary to incorporate depth information into the multi-source
sensor fusion framework so as to enhance the robustness and generalization capability of
the model under complex operating conditions.

4. Conclusions

In this paper, a deep-learning-based multi-source sensor fusion framework is proposed
for AUV localization. The framework combines high-frequency recursive propagation
based on INS and DVL data with periodic low-frequency correction using absolute posi-
tion observations from USBL and sonar, thereby establishing a coordinated localization
mechanism of high-frequency propagation and low-frequency correction. Within this
framework, three instantiated models, namely DNN, LSTM, and BSSMSLNN, are devel-
oped and compared with EKF and SVIn2 through experiments conducted under different
trajectory scenarios and water-depth conditions.

The experimental results lead to the following conclusions. First, the proposed fu-
sion framework effectively coordinates high-frequency propagation and low-frequency
correction, thereby suppressing the accumulation of long-term propagation errors while
maintaining continuous position output and improving AUV localization accuracy. Com-
pared with localization based solely on high-frequency propagation, the introduction
of low-frequency observations from USBL and sonar improves the performance of all
evaluated models to different degrees.

Second, under the unified fusion framework, substantial differences are observed
among the instantiated models. Among them, the BSSMSLNN-based model achieves
better trajectory agreement, lower RMSE, and higher R? values than the DNN- and LSTM-
based models, as well as the conventional benchmark methods EKF and SVIn2, in both
representative trajectory scenarios. These results indicate that BSsMSLNN is more capable
of handling the complex nonlinear relationships, heterogeneous multi-source information,
and local dynamic variations involved in AUV localization tasks.
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Third, water-depth variation has a significant influence on localization performance.
When a model trained at a fixed depth is directly transferred to data collected at other
depths, its prediction accuracy degrades substantially, indicating the presence of operating-
condition mismatch in cross-depth scenarios. After depth information is introduced into
the model as an auxiliary input variable, both localization accuracy and prediction stability
under different depth conditions are significantly improved. This demonstrates that depth
information can effectively enhance the model’s adaptability to environmental variation
and improve its generalization capability across different operating conditions.

Overall, the proposed multi-source sensor fusion localization framework combines the
continuity of recursive propagation with the effectiveness of periodic correction and there-
fore provides a promising solution with practical engineering potential for autonomous
AUV navigation in complex underwater environments.

Furthermore, the current experiments were conducted in a controlled shallow-water
real-water environment, which is suitable for reliably acquiring multi-source sensor data
and for clearly verifying the effectiveness of the proposed fusion localization framework. In
addition, the RTK-GPS-assisted reference setup is suitable for horizontal trajectory evaluation
in the present experiments, but it cannot fully represent prolonged fully submerged AUV
navigation conditions. Future work will further enrich the validation of the proposed method
in deep-water, long-range trajectories, and more complex ocean environments, and will
investigate more realistic underwater reference systems for long-duration AUV missions.
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Abbreviations

The following abbreviations are used in this manuscript:

AUV Autonomous Underwater Vehicle

INS Inertial Navigation System

DVL Doppler Velocity Log

USBL Ultra-Short Baseline

GPS Global Positioning System

RTK-GPS Real-Time Kinematic Global Positioning System

GNSS Global Navigation Satellite System

DNN Deep Neural Network

LSTM Long Short-Term Memory

BSsMSLNN  Bayesian Semi-supervised Mixed Shallow-layer Neural Network
RNN Recurrent Neural Network

EKF Extended Kalman Filter

UKF Unscented Kalman Filter

CKF Cubature Kalman Filter

SLAM Simultaneous Localization and Mapping

SVIn2 Sonar, Visual, Inertial, and Depth sensor-based SLAM system
RMSE Root Mean Square Error

R? Coefficient of Determination
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