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Abstract: Underwater robots often encounter the influence of confined underwater environments during
underwater exploration. These environments include underwater caves, sunken ships, submerged houses, and
pipeline structures. Robot positioning in these environments is strongly disturbed, leading not only to the
failure of some commonly used positioning methods but also to an increase in errors in positioning systems
that normally function well in open water. In order to overcome the limitations of positioning methods in
underwater confined environments, researchers have studied different underwater positioning methods and
selected suitable methods for positioning in such environments. These methods can achieve high-precision
positioning without relying on assistance from other platforms, and are referred to as autonomous positioning
methods. Autonomous positioning methods for underwater robots mainly include SINS/DR positioning and
SLAM positioning. In addition, in recent years, researchers have also developed some bio-inspired
autonomous positioning methods. This article introduces the applicable robot positioning methods and sensors
in underwater confined environments and discusses the research directions of robot positioning methods in
such environments.

Keywords: confined spaces; underwater robots; autonomous localization; SINS/DR; SLAM

1. Overview

With the advancement of technology, global exploration of underwater environments has
become increasingly profound, driven by the need to develop seabed resources, study underwater
ecosystems, and conduct various other underwater activities. Due to the limitations imposed by the
underwater environment on human physical presence, the use of underwater robots for subsea
operations is an immensely attractive option. Underwater localization technology has always been a
focal and challenging area of research in underwater robotics, especially in the context of unknown
confined spaces such as caves, pipelines, and other submerged structures. Autonomous localization
of underwater robots in unknown confined spaces is particularly challenging due to the influence of
these unfamiliar environments. Many commonly used underwater localization methods are not
applicable in such scenarios. Examples include baseline localization (long baseline, short baseline,
ultra-short baseline), acoustic network localization, and geophysical field localization (gravity field
matching, terrain matching, magnetic field matching).

Baseline localization relies on acoustic communication between the baseline and the underwater
robot to determine the robot's spatial position. However, in unknown confined underwater
environments, the lack of prior knowledge about the underwater space prevents the pre-deployment
of long baseline arrays on the seabed. Additionally, underwater confined environments introduce
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significant interference with acoustic signals, compromising the effectiveness of baseline
communication for localization. Acoustic network localization requires the pre-deployment of an
underwater sensor network, with the relative or absolute positions of each sensor needing to be
determined for underwater robot localization. However, in unknown confined underwater
environments, it is impractical to deploy a large number of sensors and determine their positions in
advance. Geophysical field localization involves detecting and mapping the unknown confined
underwater environment in advance and then collaborating with sensors on the underwater robot to
achieve localization. However, this approach is not feasible in unknown confined underwater
environments.

As a result, the quest for effective underwater robot localization methods in unknown confined
spaces remains a prominent research direction, with the aim of overcoming the challenges posed by
these complex and dynamic underwater environments.

For localization in unknown confined underwater spaces, one must choose from a limited set of
localization methods. Different localization methods use sensors that can be categorized into internal
state sensors and external state sensors. Internal state sensors include inertial navigation systems
(INS) and gyroscopes. INS sensors suffer from cumulative errors that degrade accuracy over time,
necessitating their combination with other sensors. Gyroscopes, on the other hand, only provide
orientation information and require integration with other sensors for complete localization. External
state sensors comprise optical cameras, laser rangefinders, sonar systems, multibeam Doppler
velocity loggers (DVL), rangefinders, and depth sensors. With the exception of depth sensors, all
these external state sensors can individually contribute to the complete localization of underwater
robots. Depth sensors, due to their limited information gathering, typically require integration with
other sensors for comprehensive localization.

Underwater robot localization methods in confined environments can typically be categorized
into three fundamental approaches: SINS (Inertial Navigation System) localization, DR (Dead
Reckoning) localization, and SLAM (Simultaneous Localization and Mapping) localization.

1. SINS Localization:

e  Core Sensor: Inertial Measurement Unit (IMU), consisting of gyroscopes and accelerometers.

e  Principle: SINS localization relies on the integration of IMU data, particularly the double
integration of accelerometer data to obtain the displacement vector. The accumulated
displacement vector is used for underwater robot localization.

2. DR Localization:

Components: Odometer (mileage counter) and compass.

e Information: Odometer provides displacement, and the compass provides heading angle.
Combining these two pieces of information allows the underwater robot to achieve at least
horizontal plane localization. It's important to note that the term "odometer" here refers to a
general mileage counter, not specifically the Doppler Velocity Log (DVL). For example, visual
odometry can provide velocity information for underwater robots.

° Integration: Displacement vectors can be obtained from IMU, DVL, compass, and depth sensors
in practical applications. Combining these sensors often results in higher localization accuracy
and robustness in unknown confined underwater environments.

3. SLAM Localization:

e  Method: SLAM localization involves mapping the environment, extracting features at different
time points, and solving for the corresponding poses to obtain the displacement vector.
Continuous accumulation of the displacement vector enables underwater robot localization.

e  Types: SLAM methods using different types of sensors can be categorized into Visual SLAM,
Sonar SLAM, Laser SLAM, and Multi-Sensor Fusion SLAM.

These three foundational localization methods provide different strategies for underwater
robots to navigate and position themselves in confined and challenging underwater environments.
The choice of method depends on factors such as the characteristics of the environment, available
sensors, and desired accuracy.

This article introduces various localization methods for underwater confined environments and
discusses related development directions. Chapter Two presents the localization methods based on
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SINS/DR in underwater confined spaces, Chapter Three covers the localization methods based on
SLAM in underwater confined spaces, and Chapter Four delves into other localization methods
applicable in underwater confined spaces.

2. SINS/DR Localization

The SINS (Strapdown Inertial Navigation System) and DR (Dead Reckoning) localization
methods are commonly employed for autonomous localization of robots in underwater confined
environments. While the localization principles for these two methods are essentially the same in
open and confined environments, in underwater confined spaces, SINS and DR localization are often
integrated with other localization methods to achieve higher precision and robustness. The sensors
typically used in SINS/DR localization include IMU (Inertial Measurement Unit), DVL (Doppler
Velocity Log), compass, and depth sensor. These sensors encompass both internal state sensors and
external state sensors, with the ultimate goal of obtaining the displacement vector for the underwater
robot.

2.1. Single-Method Localization with SINS/DR

The core of today's widespread use of SINS is a positioning system composed of signals collected
by an IMU and processed by a computer. The IMU integrates accelerometers and gyroscopes inherent
in inertial navigation. It transforms the collected acceleration and angular velocity information into
electrical signals, which are then input to a computer. The computer processes the information
outputted by the IMU through methods such as integration and determinant calculations, ultimately
deriving relative position information for the inertially connected structure. In the INS due to using
inertial sensor signals and integration of them for calculation of velocity and position, the navigation
error is unboundedly increased with the passage of time. This method has the advantages of being
fully autonomous and not affected by the operating environment, but its positioning error increases
cumulatively with time, which greatly limits the applicability of the INS for long-endurance[1,2].
There are various types of gyroscopes and accelerometers that make up the IMU, as illustrated in
Figure 1.

Mechanical Gyroscope

MEMS Gyroscope

Ring laser Gyroscope

Fiber optic Gyroscope
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Piezoelectric Accelerometer

Piezoresistive Accelerometer

Accelermeters

Capacitance Accelerometer

Force balance Accelerometer

Figure 1. Classification of gyroscope and accelerometer.

Due to the prevalent use of DVL as an odometer in DR localization in underwater confined
environments, this section focuses on the DR localization method using DVL. Doppler Velocity Log
(DVL) collects velocity information of underwater robots and integrates it to calculate the
displacement vector information of underwater structures. The core principle of DVL is to utilize the
inconsistency between the transmitted frequency and received frequency of acoustic signals from a
moving body, known as Doppler frequency shift, to determine the relative velocity of the moving
carrier relative to the seafloor. To enable DR localization to determine the spatial position of the
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underwater robot, the DVL used in DR localization must be a multi-beam DVL. A single-beam DVL
can only output the velocity of one dimension in three-dimensional space. To obtain a more accurate
spatial velocity vector, DVL needs at least three transducers emitting sound signals acting on the
seabed. However, for enhanced reliability, a four-transducer signal is often employed, ensuring
redundancy with one beam.

The Doppler Velocimeter has two operating modes: firstly, when the carried device is relatively
close to the seabed and within the working depth of the DVL, the emitted sound signals of the
transducer are referenced to the seabed, as shown in Figure 2. Secondly, when the water depth is
greater than the working depth of the DVL, the emitted sound signals of the transducer are referenced
to a certain depth of water layer. The errors in DVL primarily come from the fact that, when
referenced to the seabed, each beam's sound signal aligns with different seabed topography, resulting
in errors in the DVL velocity vector. When referenced to a certain depth water layer, if that layer has
a flow velocity, the measured velocity by DVL is not zero, causing the Doppler Velocimeter to fail
and produce position drift. This method is a navigation method based on the Doppler effect and has
the advantage that the navigation error does not increase cumulatively[3].

AR ]

Seabed Seawater layer

Figure 2. Schematic diagram of DVL operating modes (left: referenced to the seafloor, right:
referenced to a water layer).

A compass measures the yaw angle of the underwater robot relative to the world coordinate
system, which is crucial for the absolute localization of the underwater robot. Compasses are divided
into magnetic compasses and gyrocompasses. A magnetic compass relies on the Earth's magnetic
field to keep the pointer consistently pointing in the same direction. However, its accuracy can be
easily affected by metal structures on the carrying platform. To overcome the influence of external
structures on the compass, researchers have developed gyrocompasses. A gyrocompass utilizes a
gyro that is electrically driven and continuously rotating, ensuring that the axis of the horizontally
placed gyro remains stably aligned. This provides a stable orientation to the carrying platform,
overcoming the impact of external structures on the compass's accuracy.

A depth sensor measures water depth by sensing water pressure and utilizes the relationship
between water pressure and depth for depth measurement. The use of depth sensors in underwater
localization can be categorized into two types: direct involvement of depth sensors in localization
and depth sensors assisting in localization. Direct involvement of depth sensors in localization refers
to the direct fusion of the depth data measured by the depth sensor with data obtained from other
sensors, such as IMUs. Through geometric relationships[4], this enables the positioning of the
carrying platform. Due to the high precision and low error accumulation characteristics of depth
sensors over time, despite providing only one-dimensional data, depth sensors can serve as a
constraint in the localization algorithm to reduce positioning errors[5]. In this scenario, the depth
sensor functions as an assistive localization tool.

2.2. Localization with SINS/DR Combination Method

Due to the susceptibility of DVL-based DR localization to underwater references, the localization
error in SINS accumulates and diverges over time. Additionally, the compass and depth sensor only
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provide one-dimensional data. Therefore, relying solely on any of these individual localization
methods would result in significant positioning errors. SINS/DVL integrated navigation is one of the
common navigation methods for AUV[6,7].

Integration of SINS and DVL significantly reduces positioning errors, with the emphasis on
fusion filtering algorithms. Before selecting a fusion filtering algorithm, it is essential to determine
the coupling method. The most commonly used coupling methods in the fusion of SINS and DVL are
non-coupling, loosely coupled, and tightly coupled methods.

Non-coupling refers to periodically replacing the SINS positioning data at certain intervals with
the DVL positioning data at the same moment to reduce the accumulation of SINS positioning errors.
This method is not a true coupling method. Taking the loosely coupled method and Kalman filtering
as an example of underwater robot localization, SINS independently performs positioning
calculations. After obtaining the robot's state vector at a certain moment, the difference with DVL is
calculated to obtain the error vector between SINS and DVL. This error vector serves as the
observation vector for the Kalman filter, and the Kalman filter outputs an optimal state estimate (as
shown in Figure 3).

In contrast to the loosely coupled method, the tightly coupled method uses the Doppler
translation error vector of DVL as the observation vector for the Kalman filter. Additionally, the state
vector synchronously includes the constant Doppler offset and scale factor errors of DVL (as shown
in Figure 4).
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Figure 3. IMU/DVL Loosely Coupled Localization.
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Figure 4. IMU/DVL Tightly Coupled Localization.

The algorithms for fusing measurements from multiple sensors include: Weighted Average
Method, Kalman Filtering Method, Multiple Bayesian Estimation Method, Dempster-Shafer
Evidence Theory Method, Fuzzy Logic Reasoning Method, Artificial Neural Network Method, and
Particle Swarm Method. Since the measurement systems of SINS and DVL are both linear systems,
and their measurement results follow the Gaussian assumption, the Kalman filtering algorithm has
become one of the most commonly used algorithms for SINS/DVL localization. Many scholars have
improved the Kalman filtering algorithm to enhance accuracy in reducing localization errors, such as
the Unscented Kalman Filtering and Extended Kalman Filtering, etc. Xianfei Pan and Yuanxin Wu[8]


https://doi.org/10.20944/preprints202312.2175.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 December 2023 do0i:10.20944/preprints202312.2175.v1

used a practical EKF to integrate IMU and DVL information, the simulation results accord very well
with our analytic conclusions, , EKF is more accurate than the IO-DVLC observer in estimating the
DVL parameters. Karmozdi et al.[9] presents a novel modification of the Dual Unscented Kalman
Filter (DUKF) for the on-line concurrent state and parameter estimation, experimental results indicate
an increased performance when the proposed methodology is utilized. Fasheng Wang and Yuejin
Lin[10] give an improvement strategy to the UPF, named unscented particle filter, this strategy
adopts the merits of the standard particle filter that it costs much less time than the UPF.

3. SLAM (Simultaneous Localization and Mapping) position

The SINS (Strapdown Inertial Navigation System) and DR (Dead Reckoning) localization
methods are commonly employed for autonomous localization of robots in underwater confined
environments. While the localization principles for these two methods are essentially the same in
open and confined environments, in underwater confined spaces, SINS and DR localization are often
integrated with other localization methods to achieve higher precision and robustness. The sensors
typically used in SINS/DR localization include IMU (Inertial Measurement Unit), DVL (Doppler
Velocity Log), compass, and depth sensor. These sensors encompass both internal state sensors and
external state sensors, with the ultimate goal of obtaining the displacement vector for the underwater
robot.

The SLAM (Simultaneous Localization and Mapping) localization method has seen increasing
accuracy with the improvement of computer performance. SLAM localization estimates the relative
positions of structures in space by acquiring environmental features through sensors, making it more
robust than other localization methods in unknown environments. The workflow of SLAM (as shown
in Figure 5) is as follows:

1. Data Collection: Gather environmental information, including features, lines, and depth.

2. Front-End Odometry: Use the collected environmental information to infer the current relative
pose and position of the camera.

3. Back-End Optimization: Employ various algorithms to reduce errors in the inferred pose and
position information from the second step. Commonly used algorithms include filtering
algorithms (often Kalman filtering) and nonlinear optimization methods (usually graph
optimization). Concurrently, loop closure detection is performed based on the collected
environmental information. Due to the accumulation of navigation errors in visual SLAM, loop
closure detection corrects errors when the camera moves to a point with the same feature,
optimizing the tracking path for that time period. Loop closure detection significantly reduces
path drift in visual SLAM. If an error occurs in this step, such as incorrectly recognizing the same
frame or different frames as the same, serious errors may occur in subsequent work.

4.  Mapping: Generate a visualization trajectory image of the final result on the computer and
create a three-dimensional model based on the collected environmental information.

Collecting
environmental
information

Front-end Back-end

S Mapping
odometer optimization PPIng

Loopback
detection

Figure 5. [llustration of SLAM Localization Process.

The challenge for SLAM in underwater confined spaces lies in acquiring environmental
information. Optical information acquisition in underwater environments depends on clear water
conditions, which are often challenging to meet in practical applications. To mitigate the impact of
turbid water on underwater visual SLAM, image enhancement algorithms are commonly used to
filter out optical noise caused by murky environments. Although laser beams experience significant
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attenuation underwater, the limited size of underwater confined spaces and the stronger penetration
capability of lasers compared to visible light often result in laser SLAM providing higher-precision
three-dimensional environmental information in many confined and unknown underwater
environments compared to visual SLAM. Sonar SLAM experiences less interference from underwater
environments and is not affected by turbidity. It is generally more applicable than laser and visual
SLAM, but its imaging accuracy is constrained by cost and technology, making sonar the least
accurate among the three methods[11]. To enhance the robustness and accuracy of SLAM, many
studies have explored the fusion of various SLAM methods, achieving multi-SLAM fusion
localization. This approach will be discussed in the fourth section of this chapter.

3.1. Visual SLAM Localization

This section focuses on developing methods for localization based on visual information. Visual
SLAM localization methods include feature-based methods, direct methods, and depth-learning-
based methods. Feature-based SLAM utilizes feature methods, such as FAST, SIFT, SURF, ORB, to
extract feature points by calculating algorithms that match feature points between adjacent frames.
By leveraging geometric relationships, it obtains the rotation matrix and translation matrix of the
camera, thus determining the camera's pose. The goal of feature-based methods is to minimize the
reprojection error, typically achieved by calculating the differences between pixel coordinates. Direct
methods minimize photometric error, using a function that subtracts pixel grayscale values. These
methods are usually based on the assumption of photometric invariance to match two consecutive
images. Deep learning methods extract advanced features from images without the need for
traditional feature extractors.

Starting from the year 2000, underwater visual SLAM has gradually matured and evolved
towards large-scale visual SLAM [12,13]. Subsequently, applying visual SLAM to scan underwater
structures became a hot research topic, especially in studies focusing on the scan detection of ship
hull surfaces [14,15]. After 2010, researchers began optimizing algorithms related to underwater
visual SLAM, with achievements ranging from filtering algorithms [16] to feature extraction
algorithms [17]. The application of direct visual SLAM came later, emerging around 2014 [18]. In
2015, A. Concha et al. [19] used direct visual SLAM to achieve dense modeling of underwater scenes
and spatial pose localization of underwater structures. Due to the difficulty in guaranteeing
underwater water quality and the high image quality requirements of direct visual SLAM, image
optimization methods suitable for direct methods are also a key focus of research [20].

With deep learning becoming a popular research direction in recent years, researchers have
gradually applied deep learning to visual SLAM. Deep learning methods were initially applied in
land-based visual SLAM, where researchers applied deep learning methods to target recognition
[21,22] and loop closure detection [23-27], achieving high-precision image recognition. From 2018
onwards, researchers began applying deep learning visual SLAM to the localization and navigation
of underwater structures. T. Manderson et al. [28] applied deep learning visual SLAM to underwater
collision avoidance for AUVs, and M. Leonardi et al. [29] used deep learning in underwater image
enhancement, removing unimportant feature points from the image to leave high-quality points, thus
accelerating the operation speed of underwater visual SLAM. A significant amount of work using
deep learning visual SLAM has focused on loop closure detection [30-33]. This is because geometry-
based visual SLAM performs poorly in the loop closure detection stage, while deep learning-based
image detection technology is mature and performs excellently, greatly improving the success rate of
loop closure detection. B. Teixeira et al. [34] applied deep learning visual SLAM to underwater AUVs.
The visual SLAM, which fused inertial systems, demonstrated higher accuracy compared to two pure
deep learning visual SLAM methods named GeoNet [35] and SfMlearner [22] in experimental results.

The research on underwater visual SLAM mentioned above indicates that the primary focus lies
in improving back-end optimization algorithms to enhance positioning accuracy, optimizing image
processing methods to improve feature extraction accuracy, increasing loop closure detection
accuracy to reduce positioning drift, and exploring applications of underwater visual SLAM.
Research directions in underwater visual SLAM in confined spaces are generally similar. In
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comparison to sonar SLAM, visual SLAM in enclosed underwater spaces has lower costs but faces
challenges such as dim lighting and the impact of murky water on imaging quality.

Due to the limited space on underwater robotic platforms, it is necessary to minimize the
resource consumption of underwater visual SLAM to enhance its practicality [36]. C. Cain and A.
Leonessa [37], aiming to reduce the cost of robot localization in underwater confined environments,
developed a localization platform that combines a downward camera and a visual rangefinder for
visual SLAM. The platform's localization performance was tested using Kalman filtering and particle
filtering methods, achieving high accuracy. Once the visual SLAM localization accuracy reached a
certain level, researchers began using visual SLAM for high-resolution environmental mapping. N.
Weidner [38] et al. applied ORBSLAM to 3D reconstruction of underwater caves and diver
localization, achieving good results with a front-facing camera in practical datasets. To
comprehensively obtain environmental information in underwater confined environments, many
research efforts use multiple cameras oriented at different angles to achieve this goal (as shown in
Figure 6).

() (d)

Figure 6. Visual SLAM Localization Experiment: (a) Underwater robot equipped with 12 cameras;
(b) Underwater robot equipped with 4 cameras; (c) Experiment with underwater robot equipped with
12 cameras; (d) Experiment with underwater robot equipped with 4 cameras [39,40].

E. Nocerino [39] and colleagues installed 12 motion cameras on an ROV to capture 360-degree
environmental information. They conducted visual SLAM experiments in an underground facility
and achieved accurate results. B. Joshi [41] et al. studied the impact of camera placement in different
environments on visual SLAM localization results in underwater SLAM. They tested visual SLAM
localization results using a front-facing camera in underwater caves. E. Ochoa [40] and colleagues
used four cameras installed in various directions on an underwater robot to collect environmental
information. They employed SLAM to establish a 3D environmental model and achieve self-
localization. Through the 3D environmental model and self-localization, researchers implemented
obstacle avoidance for the robot in underwater shipwreck exploration. In the same year, B. Joshi et
al. [42] used visual SLAM fused with IMU for localization and obtained excellent results in cave and
shipwreck-related datasets. In underwater environments, not only solving the problem of
environmental information acquisition, but also handling the collected environmental point cloud
data is a challenge that visual SLAM needs to overcome. F. Hidalgo [43] used a method for
underwater robot autonomous localization based on ORBSLAM2 and point cloud processing for
localization in underwater enclosed rooms, validating the feasibility of this approach. D. Wu [44] and
colleagues proposed a visual SLAM system applied in road tunnels and corridor environments. The
system combines ORB features and LSD line features; using the angle relationship of line projection,
we propose a new method for calculating the reprojection error of line features, reconstruct the
reprojection model based on line features, and construct a new reprojection error model based on
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point-line features, which adds an angle constraint to the reprojection of line features and solves the
instability caused by line projection error. This type of SLAM significantly improves the localization
accuracy of robots in visually challenging environments with light and shadow blur, providing a
feasible solution for the localization of robots in underwater confined spaces.

3.2. Sonar SLAM Localization

Due to the variable nature of underwater environments, situations with blurred underwater
visibility are common, leading to a sharp increase in error for visual SLAM. Unlike visual SLAM,
sonar SLAM is generally unaffected by low underwater lighting conditions and visibility issues.
Additionally, the detection range of sonar sensors is much larger than that of visual SLAM. Sonar
SLAM employs sonar sensors, which can be categorized based on the number of transmitted
detection beams into single-beam sonar and multi-beam sonar. Single-beam sonar can only collect
two-dimensional environmental information to generate 2D images, while multi-beam sonar can
gather three-dimensional environmental information to create 3D images. Examples of single-beam
sonar include single-beam depth sounders, side-scan sonar, and mechanical scanning sonar. Multi-
beam sonar includes multi-beam depth sounders and imaging sonar. Similarly, sonar SLAM, as a
core localization method, involves feature extraction operations, similar to visual SLAM.

Since the 1990s, a significant amount of research has been conducted around using sonar as a
sensor for localization and mapping [45-48]. Due to hardware performance limitations and other
factors, strict sonar SLAM was not achieved in that era. Researchers at that time referred to their work
as "Localization and map." True sonar SLAM emerged in 2003 when Y. L. J. Ip [49] proposed a
segment-based map-building approach using the Enhanced Adaptive Fuzzy Clustering Algorithm
(EAFC). This method aimed to extract line segments from noisy, ambiguous, and spurious sonar
measurements. Additionally, a fuzzy-tuned extended Kalman filter (FT-EKF) was introduced to
address the challenge of model-based localization without prior knowledge of the state noise model.
Due to the superior performance of sonar in underwater detection applications, underwater sonar
SLAM was quickly proposed and applied in real-world scenarios for autonomous exploration of
unknown environments [50,51]. During the robot's motion, sonar scans of the environment are not
entirely continuous, leading to distortions in the images collected by sonar at different time intervals
(due to the time it takes for sound waves to propagate while the robot continues to move). This
ultimately results in a decrease in the accuracy of sonar SLAM.

To address the issue of sonar image distortion, D. Ribas et al. [52] introduced an algorithm for
handling continuous data generated by mechanical scanning sonar. The algorithm successfully
extracted features from sonar images, corrected the distortion of these features, and utilized extended
Kalman filtering in related experiments to obtain the AUV's motion path. The algorithm developed
by D. Ribas and colleagues has been widely used in subsequent sonar SLAM research.In later
research, J. Li et al. [53] proposed a new pose-graph SLAM algorithm using forward-looking sonar
(FLS) as the sole sensor for correcting localization drift. This algorithm achieved autonomous
exploration and scanning of the ship's outer surface. Experimental results demonstrated the
algorithm's ability to robustly detect loop closures and estimate relative pose constraints from FLS,
effectively minimizing drift in vehicle localization.

Inspired by underwater visual SLAM, J. Wang et al. [54] applied the optical flow method to
underwater sonar SLAM. Unlike traditional sonar SLAM methods that use features similar to point-
based methods, the optical flow method in sonar SLAM is more robust to noise and the absence of
elevation angle. Y. Wang et al. [55] introduced a deep learning-based algorithm for multi-point sonar
image 3D reconstruction. This algorithm uses multiple-point sonar images as samples for 3D
reconstruction to simulate pseudo-depth images. Experimental results indicated that the proposed
algorithm achieved higher 3D reconstruction accuracy compared to the A2FNet [56] and ElevateNet
[57] methods.

In open water environments, sonar SLAM typically utilizes forward-looking sonar and side-scan
sonar. These two types of sonar have larger imaging ranges, and the information collection is
concentrated in a specific direction, resulting in higher information density in that direction.
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However, in confined environments where information needs to be collected from a 360-degree
surrounding, mechanical scanning sonar is almost indispensable. This is especially beneficial for
localization and obstacle avoidance operations in closed and complex confined environments.

Research on sonar SLAM in underwater confined spaces is mainly divided into two directions:
algorithmic research and methodological research. Algorithmic research refers to the applied study
of filtering algorithms and registration algorithms used in sonar SLAM. Methodological research
focuses on studying the impact of using sonar methods on sonar SLAM. N. Fairfield et al. [58]
conducted an exploration experiment using sonar SLAM in an underwater cave. The experiment
utilized octree mapping for three-dimensional reconstruction of the environment and achieved high-
precision positioning of the cave detector using particle filtering. S. Soylu et al. [59] tested sonar
SLAM using the Extended Kalman Filter (EKF) method in a water tank and obtained favorable
positioning results. C. White et al. [60] explored a complex ancient reservoir using six sonar mapping
and localization methods. They found that FastSLAM performed well and proposed corresponding
improvement strategies. A. Mallios et al. [61] demonstrated sonar SLAM using cross-registration.
They conducted experiments in a fully enclosed underwater cave and showed that this sonar SLAM
algorithm had errors an order of magnitude smaller than DVL-based Dead Reckoning (DR).

The combination of different sonar methods can also affect the accuracy of sonar SLAM. Y. Breux
and L. Lapierre [62] used two mechanical scanning sonars to simulate exploration of underwater lava
tubes. This sonar SLAM used a high-precision narrow-beam sonar to compensate for the limitations
of low-precision wide-beam sonar in three-dimensional measurements. The experimental results
showed higher precision in positioning. Figure 7 shows some experimental images of sonar SLAM
applied in confined spaces.

Figure 7. Research on Sonar SLAM: (a) Exploration of caves by N. Fairfield et al.; (b) Exploration of
ancient reservoirs by C. White et al.; (c) Exploration of underwater caves by A. Mallios et al.; (d)
Exploration of magma solution caves by Y. Breux and L. Lapierre [58,60-62].

3.3. Laser SLAM Localization

Compared to laser SLAM, visual SLAM has some apparent drawbacks: (1) Visual SLAM is
greatly affected by lighting conditions, making it challenging to operate under extreme lighting
conditions such as strong or weak light [63]. (2) Visual SLAM is influenced by the texture of the
surrounding environment, and if the texture changes are not significant, it can lead to significant
errors in visual SLAM [64]. The application of terrestrial laser SLAM has become relatively mature,
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undergoing the evolution from indoor to outdoor and from two-dimensional to three-dimensional
[65-70].

Underwater laser SLAM faces challenges due to the impact of water on laser scattering. The
range of laser ranging underwater is significantly reduced, resulting in a narrow applicable distance
for underwater laser SLAM (typically in the range of 5-10m). Additionally, this scattering affects the
imaging accuracy of laser SLAM. When laser echoes occur on target objects, the coherence of the laser
is also affected. Although water has a noticeable attenuating effect on laser radar due to scattering
and refraction, laser radar is less affected at short distances. This property is well-suited for search
operations in unknown confined spaces. Furthermore, compared to sonar SLAM, laser SLAM has
higher imaging accuracy, often leading to higher positioning precision.

The classification of LIDAR SLAM can be based on different working principles of the camera,
as shown in Figure 8. Cameras with a laser generator as the core include laser depth cameras and
LiDAR cameras. The working principle of a laser depth camera involves emitting invisible light from
a laser generator to the target. The differences in the reflected invisible light from target points in
different spatial coordinates can be used to calculate the three-dimensional shape of the target. Due
to the various differences in the reflection of invisible light from different parts of the target, laser
depth cameras can be further classified into structured light cameras and Time-of-Flight (TOF) depth
cameras based on the differences in detecting reflected light. Structured light cameras describe the
spatial structure of the target by detecting the phase differences of reflected light or by using
triangulation. TOF depth cameras describe the spatial structure of the target by detecting the
propagation time of reflected light (TOF method) and are essentially a 3D application of solid-state
LiDAR. Similarly, LiDAR can be classified based on different scanning methods, including
mechanical scanning LiDAR, hybrid solid-state LiDAR, and solid-state LIDAR. The main difference
between structured light cameras and LiDAR lies in the requirements for the components of the
structured light used, with structured light cameras often using infrared light with predetermined
components.

Mechanical scanning laser lidar

Structured light camera

Hybrid solid-state lidar

TOF depth camera

Solid-state lidar

Figure 8. Classification of Laser Cameras.

Similar to the reasons why mechanical scanning sonar is commonly used in SLAM in
underwater confined spaces, underwater laser SLAM often utilizes line laser scanners. G. Inglis et al.
[71] explored underwater basins using line structured light laser SLAM, achieving the localization of
underwater robots using the SIFT feature extraction method and EKF. M. Massot-Campos et al. [72]
reduced the uncertainty in the localization of line structured light laser SLAM using the submap
method and proposed a solution to the registration problem of laser point clouds. K. Himri et al. [73]
applied laser 3D reconstruction to underwater laser SLAM, using a laser scanner for underwater
target identification. After identifying the target, the AUV pose is estimated. M. Massot-Campos et
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al. [74] modified the commonly used sonar-based BPSLAM [64] to use a laser scanner to obtain depth
maps. This laser SLAM no longer relies on feature matching for localization, leading to improved
accuracy in positioning in low-feature underwater environments. Using this laser SLAM also ensures
higher positioning accuracy in complex underwater environments where DVL positioning drift
occurs. H. B. Yang et al. [75] used a line laser camera and IMU fusion for underwater robot
localization, where the line laser camera provided depth information for the images. This step skips
the process of calculating environmental depth using a visual camera in localization, directly
obtaining depth information from the images and speeding up the localization solution.

3.4. Multi-sensor fusion SLAM Localization

DVL and IMU, being sensors of this type, experience localization errors that accumulate
gradually over time due to integration over unit time. In contrast, SLAM-based localization relies on
environmental information to achieve positioning, implying that the errors in this localization
algorithm stem from global drift, depending on the effectiveness of loop closure detection. The fusion
of DVL and IMU with SLAM can often provide complementary advantages, especially in unknown
and confined environments where SLAM alone may struggle with loop closure detection. In such
cases, a combination of DVL/IMU localization and SLAM fusion localization methods is necessary.
In multi-sensor fusion SLAM localization, the estimation of the robot's position results from the
fusion of data from multiple sensors, while mapping is performed independently using data from
vision, sonar, and laser sensors.

The fusion algorithm used in multi-sensor fusion SLAM localization is similar to the fusion
algorithm mentioned in Section 2.1 for the SINS/DR combined sensor localization fusion. It's worth
noting that, due to the non-linearity of the process in which SLAM methods (visual SLAM, sonar
SLAM, laser SLAM) collect point cloud data to infer the robot's spatial position, and the linearity of
the process in which DVL and IMU infer the robot's spatial position, it is generally not feasible to
share the same thread for processing data between SLAM methods and DVL/IMU methods (as
shown in Figure 9).

Environmental
information
Information

acquisition Fusion filter

\ Ontological

attribute positioning

Figure 9. Illustration of Multi-Sensor Fusion Processing.

In recent years, there have been many research achievements in the use of multi-sensor fusion
SLAM localization in underwater constrained spaces. These efforts aim to install as many sensors as
possible on a robot to achieve higher positioning accuracy. Multi-sensor fusion SLAM can achieve
high-precision localization through loosely coupled fusion methods. S. Rahman et al. [76] fused
visual, sonar, and IMU data, estimating the robot's state by minimizing reprojection errors, IMU
errors, and sonar distance errors. They validated the accuracy of this multi-data fusion SLAM using
datasets related to underwater caves.

In subsequent research, S. Rahman [77] installed sonar, cameras, and IMU on an underwater
robot and integrated sensor data using a SLAM framework. The authors validated and compared the
positioning accuracy of the robot in a cave-related dataset when using all sensors versus using only
visual sensors with IMU. They also compared the accuracy of visual SLAM positioning methods
using different approaches.

To speed up the computation speed of multi-sensor SLAM, researchers have conducted some
work in this area. C. Cheng et al. [78] fused sonar, IMU, and DVL into the SLAM framework and
used MFLS to accelerate the processing of sonar information. They verified the performance of the
positioning and mapping system in a simulated maze map environment.
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Compared to loosely coupled methods, non-coupling multi-sensor fusion SLAM algorithms are
simpler to implement. A. Martins et al. [79] integrated a multi-beam sonar system, rotating line laser
system, IMU, and DVL on the UX-1 underwater robot. The multi-beam sonar system and rotating
line laser system provided the robot with environmental point cloud information. After integrating
IMU and DVL, inertial navigation information was generated to correct localization errors in SLAM.
They validated the positioning and mapping accuracy of this system in a cave simulation
environment. Figure 10 shows experimental results from some of the mentioned studies.
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Figure 10. Experimental Results of Multi-Sensor Fusion Localization: (a, b) Experimental results by S.
Rahman et al.; (c) Experimental results by C. Cheng et al.; (d) Experimental results by A. Martins et
al.

4. Other Localization Methods in Confined Spaces

The mainstream methods for localization in confined spaces have been described earlier. This
section introduces some less common methods that, in specific confined environments, can achieve
high-precision localization and possess unique advantages.

Distance sensors (sonar rangefinder, laser rangefinder) are typically used for obstacle avoidance,
but they can also be utilized to infer the robot's horizontal position through multiple non-rotating
distance sensors. By using a depth sensor to obtain vertical position, the spatial location of the robot
can be determined. Some researchers use laser rangefinders to obtain the robot's distance in a flat
plane to determine its position in a cage. For instance, M. Bjerkeng et al. [80] combined laser
triangulation sensors with a heading compass to determine the position of a Remotely Operated
Vehicle (ROV) inside an underwater cage, discovering that errors mainly originated from outliers in
laser triangulation sensor measurements. In completely enclosed environments like caves, distance
sensors also play a crucial role in robot localization. V. Preston et al. [81] mentioned using two
vertically opposed sonar rangefinders to determine the underwater robot's vertical displacement in
cave environments, transforming two-dimensional robot localization into three-dimensional. J. D.
Hernandez et al. [82] installed four horizontally oriented sonar rangefinders on the Sparus II
underwater robot to determine its position in the horizontal plane, while simultaneously using a
depth sensor to ascertain the robot's vertical position.

In addition to methods for precise localization using distance sensors for underwater robots,
there are also some methods for fuzzy localization. These methods do not provide precise position
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information but offer signals similar to obstacle avoidance. D. J. F. Toal et al. [83] used optical fibers
to achieve fuzzy localization for robots. The light signals propagating within the optical fibers change
as they approach obstacles, and through this change, the robot can detect the approximate outline of
obstacles. Some researchers also use magnetic field generators for obstacle detection, exploiting the
principle that the magnetic field changes when passing through obstacles [84].

In underwater confined spaces, robots may sometimes face situations with less obstruction.
Researchers have developed autonomous localization methods for robots that differ from traditional
baseline positioning. Due to the strong interference resistance of polarized light underwater
compared to ordinary light sources, some researchers install a polarized light matrix on the
underwater platform where the robot is docked. The underwater robot estimates its own pose
parameters through the detection of polarized light sources. H. Y. Cheng et al. [85] experimented
with a robot pose estimation method based on a polarized light matrix on the docking platform (DS)
for underwater autonomous robots. After the experiment, they obtained results with an error of
within 0.116m within a distance of 100m.

Simulation of underwater robot localization has also been a hotspot in recent years. A significant
amount of research work has focused on the localization principles of fish lateral lines. Algorithms
for the pose of dipoles relative to sensor matrices have been widely applied to estimate the motion of
artificial lateral lines in bionic underwater robots [86,87]. X. D. Zheng et al. [88] combined the
localization of magnetic dipoles relative to the sensor matrix with the GRNN method. They achieved
precise positioning of the relative positions of magnetic dipoles using an artificial lateral line system
composed of a cross-shaped sensor matrix. The experimental results showed that the system had
good positioning accuracy within 13cm (the distance of two body lengths). Clearly, such applications
in underwater localization systems for bionic robots require a relatively small space to achieve high
positioning accuracy. For artificial lateral line systems, there is also a navigation assistance method
that relies entirely on the autonomous localization of bionic underwater robots. A significant
direction of research is the localization method based on the measurement of water flow velocity by
the artificial lateral line system.

T. Salumée and M. Kruusmaa [89] utilized an artificial lateral line system composed of onboard
pressure sensors to measure the pose information of a biomimetic fish-shaped robot in a fluid. J. F.
Fuentes-Pérez et al. [90] also employed a pressure sensor array to form an artificial lateral line system
for a biomimetic fish-shaped robot. They proposed a novel sampling algorithm, resulting in
improved localization performance. The research on biomimetic lateral lines for fish provides a new
perspective on the localization of underwater robots in confined environments. This approach, which
obtains robot pose information by correlating water flow pressure and velocity, is similar to
traditional inertial navigation positioning and is not affected by the complexities of underwater
spaces.

Bionic robots scanning the environment within a certain range to obtain the horizontal plane
localization of underwater robots also have some unique positioning methods. J. G. Peng et al. [91]
extended the method of using electrolocation for self-positioning to a technique utilizing a weak
electric field to scan the environment. They extracted frequency-domain information of the
environment in the weak electric field, thereby achieving the horizontal plane positioning of
underwater robots. Although the method of scanning the environment using a weak electric field is
not yet mature, it still provides a solution for autonomous underwater localization.

Researchers studying the navigation methods of some aquatic organisms found that aquatic
organisms use the polarization information generated by Snell's window under different angles of
illumination to achieve self-positioning navigation [92-94]. Researchers applied this navigation and
positioning method to the autonomous localization of underwater robots, using the angle of sunlight
as a source of information for underwater polarization navigation. H. Y. Cheng et al. [95] achieved
positioning accuracy comparable to GPS navigation by combining this underwater polarization
navigation with inertial navigation on an underwater robot. Figure 11 shows relevant pictures of the
aforementioned research achievements.
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5. Conclusions

This article introduces the localization methods for robots in underwater confined spaces.
Acoustic, visual, laser, and inertial navigation (SINS) methods are widely used in the localization of
robots in underwater confined spaces. In some specific confined environments with minimal
obstructions, positioning can be achieved with the assistance of auxiliary devices. In addition to
traditional localization methods, bio-inspired localization methods have been rapidly developing in
recent years. Research directions for localization methods in underwater confined spaces mainly
focus on multi-sensor fusion and the development of novel sensors. The research direction of multi-
sensor fusion localization in underwater confined spaces can be further divided into studies on the
advantages of complementary multi-sensor fusion, research on multi-sensor fusion filtering
algorithms, and research on multi-sensor underwater applications.

In previous research efforts, many researchers delved into the advantages of complementary
multi-sensor fusion, exploring various possible combinations of localization methods. The current
research direction has gradually evolved into the use of a greater variety and quantity of sensors to
improve localization accuracy. Research on multi-sensor fusion filtering algorithms involves
developing algorithms that filter and fuse signals collected from multiple sensors, such as the Kalman
fusion filtering algorithm for linear systems and the particle filtering algorithm for nonlinear systems.
Earlier studies on fusion filtering algorithms were mostly based on optimizing these two algorithms.
In recent years, with the development of artificial intelligence, many fusion filtering algorithms based
on Al algorithms have emerged, and multi-sensor fusion filtering algorithms have also gradually
moved towards the direction of adaptive algorithms.

Research on the application of multiple sensors in underwater confined spaces initially focused
on detecting static environments and using them as localization benchmarks. However, due to the
complexity of underwater environments, this type of localization algorithm applicable only to static
environments was insufficient. In order to broaden the applicability of multi-sensor fusion
localization, researchers incorporated the detection of dynamic targets into the localization
benchmarks. This significantly enhanced the obstacle avoidance and localization accuracy of robots
in underwater confined spaces.
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Localization information in underwater confined spaces comes from individual sensors. Since
improving the accuracy of existing sensors is challenging, there is a pressing need for high-precision
sensors suitable for localization in underwater confined spaces. Localization sensors are gradually
shifting from traditional acoustic, optical, electrical, and inertial sensors to bio-inspired sensors.
However, bio-inspired sensors are currently not fully capable of handling high-precision localization
tasks. Therefore, developing new high-precision sensors remains an area worthy of in-depth
research.
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