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Abstract. Simultaneous localization and mapping (SLAM) is a critical capability for any autonomous
underwater vehicle (AUV) in various underwater applications, including infrastructure inspection and
seabed exploration. However, achieving robust and accurate state estimation in such environments remains a
significant hurdle. This is primarily attributable to the inherent scarcity of geometric features in the subsea
environment itself and the limited field of view (FoV) of imaging sonar used for feature acquisition. These
factors collectively elevate the probability of iterative closest point (ICP) degeneracy, a frequent challenge in
most SLAM solutions. To overcome this limitation, this study proposes a method that actively adjusts the
imaging sonar’s viewpoint to achieve more reliable ICP results and improve SLAM performance. First, we
introduce a 2D tensor voting-based geometric descriptor to quantify the geometric information of features
extracted from the sonar, enabling real-time assessment of degeneracy risk. Second, in viewpoints where
degeneracy is anticipated, the sonar viewpoint is actively adjusted to acquire a more geometrically rich
perspective. Third, omnidirectional features obtained during the viewpoint adjustment process are integrated
as new keyframes into the SLAM graph, providing additional constraints. Our experimental validation
comprises both a field feasibility test and simulations. The field feasibility test, conducted in a real
underwater structured environment, confirmed the inherent scarcity of geometrically rich features in actual
data acquisition. Subsequently, simulation experiments mimicking three underwater structured environments,
including harbor and offshore oil rig structures, were performed. The results showed that the proposed
method improved both the absolute trajectory error (ATE) and the ICP matching success rate compared to
conventional fixed-sonar-heading SLAM even when following an identical trajectory in both methods.
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1. Introduction

Underwater autonomous navigation and mapping are essential technologies in various
underwater applications, including marine infrastructure inspection, underwater archaeology,
environmental monitoring, and seabed resource exploration. As autonomous underwater vehicles
(AUVs) and remotely operated vehicles (ROVs) increasingly operate in complex and unknown
subsea environments, a robust simultaneous localization and mapping (SLAM) system is
becoming crucial for safe and efficient mission execution.

Unlike terrestrial environments where optical sensors such as cameras and light detection and
ranging (LiDAR) provide rich geometric information, electromagnetic waves rapidly attenuate in
water because of its physical properties. This makes the use of electromagnetic sensors impossible
or limits their effective range to a few meters or less (Joshi et al. 2019, Joshi et al. 2022).
Consequently, sonar, an acoustic sensor, is employed as the reliable perception system for AUVs.
In particular, forward-looking imaging sonar can operate effectively over distances of tens of
meters, largely independent of water turbidity and lighting conditions, making it a vital sensor in
underwater SLAM applications (Pyo et al. 2015, Stokey et al. 2005, Singh et al. 2004, Nakatani et
al. 2008, McConnell et al. 2022a, McConnell et al. 2020).

Many SLAM systems, including underwater SLAM systems, rely on iterative closest point
(ICP) scan matching to estimate the relative transformations between consecutive scans, thereby
estimating the AUV’s motion (McConnell et al. 2022b, McConnell et al. 2022a, McConnell et al.
2025). However, the ICP-based approach faces challenges in planar or featureless environments,
where the lack of geometric constraints leads to ambiguous correspondence and unreliable pose
estimation (Lee et al. 2025, Tuna ef al. 2024, Zhang et al. 2016, Hinduja et al. 2019). In such cases,
the ICP solution is untrustworthy and introduces significant drift in the graph optimization
solution.

These fundamental limitations of ICP are further aggravated by the intrinsic physical
constraints of imaging sonar and the nature of the marine and underwater environment. Unlike
LiDAR, which is widely utilized in terrestrial SLAM systems and provides 360> omnidirectional
coverage with consistent signal quality, underwater imaging sonar generally has a restricted
horizontal field of view (FoV). Moreover, due to its relatively higher operating frequency
compared to other sonars, the signal suffers severe attenuation with distance (Sun ef al. 2021). This
results in a trade-off for imaging sonar: achieving high-resolution, reliable point clouds conflicts
with obtaining geometrically rich point clouds across a wide FoV. Furthermore, the marine
environment frequently contains uniform and repetitive structures which makes it difficult to
obtain geometrically rich features for reliable ICP registration (Guth et al. 2014). Additionally,
controlling an AUV is inherently more challenging than controlling a ground robot due to the
dominance of high hydrodynamic drag and inertial effects in underwater environments. Frequently
changing the vehicle’s body heading consumes more energy and can negatively affect control
precision and stability (Fossen 2011). Therefore, simply adjusting the AUV’s heading to acquire
geometrically rich data may be inefficient in terms of energy consumption and control stability.
These sensor and environmental characteristics restrict an AUV’s ability to acquire geometrically
rich data, which in turn increases the probability of a degenerate ICP result.

To overcome the aforementioned limitations, this paper proposes an active imaging sonar
viewpoint adjustment method to improve the reliability of ICP results. Fig. 1 describes the overall
concept of this proposed method, illustrating how the AUV actively seeks optimal viewpoints.
Specifically, the system utilizes a 2D tensor voting-based geometric descriptor to quantify the
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Fig. 1 Conceptual illustration of the proposed method

geometric richness and constraint strength of the acquired sonar features in real-time. If an area is
detected where ICP degeneracy is anticipated due to a lack of geometric features, the system
actively adjusts the sonar direction to acquire a viewpoint containing richer and more
distinguishable geometric structures using the geometric descriptor. Furthermore, the
omnidirectional features collected during this viewpoint adjustment process are integrated as new
keyframes into the SLAM graph, providing additional constraints for overall trajectory
optimization. This active sensing strategy enables the AUV to achieve more robust and accurate
SLAM performance, even in feature-sparse underwater structured environments.

2. Related works

2.1 Underwater SLAM with sonar

Although various sensors, including optical cameras, have been used as external perception
sensors to solve the underwater SLAM problem (Xu et al. 2025, Zhao et al. 2023, Song et al. 2024,
Joshi et al. 2019), electromagnetic wave-based sensors have a limitation: they are heavily
dependent on the water’s turbidity, leading to rapid signal attenuation in water (Joshi et al. 2019).
To overcome these constraints, research utilizing sonar sensors has been actively pursued, which
can be broadly divided into two categories.

First, there is the approach of utilizing sonar sensors as auxiliary sensors for optical
camera-based SLAM. Rahman et al. Tightly coupled sonar-visual-inertial-depth formulation
(SVIn), which combines a scanning imaging sonar with a vision-inertial framework,
demonstrating improved performance in submerged bus and underwater cave environments
(Rahman et al. 2018, Rahman et al. 2019). More recently, robust underwater SLAM with sonar
optimization (RUSSO), proposed by Pan et al. (2025), is a sonar-vision-inertial fusion SLAM that
achieves robust trajectory estimation by supplementarily applying sonar constraints when
vision-based estimation degenerates. In this capacity, sonar has primarily functioned as a
complementary sensor to mitigate the instability of vision-based SLAM. However, due to the
nature of optics, performance remains dependent on water turbidity and lighting, making it
difficult to achieve generalized performance across diverse underwater environments.

Second, research utilizing sonar as the primary sensor has been continually proposed.
Johannsson et al. implemented pose graph SLAM for harbor surveillance missions by integrating
imaging sonar registration with doppler velocity log (DVL)/ inertial measurement unit (IMU)
(Johannsson et al. 2010). Fallon et al. enabled long-term feature re-observation without external
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beacons through sonar-based loop closure for repetitively observed structures (Fallon et al. 2013).
Westman et al. proposed a method to incorporate landmarks extracted from imaging sonar into
graph optimization, distinguishing between cases with sufficient and insufficient constraint
information (Westman et al. 2018). McConnell and Englot addressed the drift issue in sonar-based
SLAM by integrating external surface imagery into the factor graph (McConnell ef al. 2022a) and
presented a 3D predictive technique for repetitive structures (McConnell ef al. 2021). To address
the loss of elevation information in sonar, a method of orthogonally arranging multiple sonars was
also proposed (McConnell et al. 2020). However, despite these efforts, most imaging sonar-based
SLAM approaches still cannot fully compensate for the lack of elevation information.
Consequently, they typically project the acquired data onto a two-dimensional plane, which further
limits the diversity of observable features. This dimensional reduction exacerbates the possibility
of ICP degeneracy, as the available geometric constraints become even more restricted.

2.2 Degeneracy in ICP and mitigation strategies

As mentioned earlier, the ICP algorithm is a core method for registering sensor data in SLAM
systems, but it can encounter the ICP degeneracy problem in planar or feature-sparse environments.
This degradation compromises the accuracy and robustness of trajectory estimation, leading to
various proposed solutions. These studies are predominantly LiDAR-based and can be classified
into three major categories.

The first approach is based on analyzing the hessian matrix eigenvalues of the ICP cost
function. These methods identify cases where the geometric constraint is weak in a specific
direction based on the magnitude of the eigenvalues (Zhang et al. 2016, Hinduja et al. 2019,
Nashed et al. 2021). However, this method is fundamentally limited by its heavy reliance on
setting empirical thresholds for the eigenvalues, making generalization across diverse
environments or sensor configurations difficult.

The second approach involves quantitative metrics and probabilistic ICP variants. To overcome
the limitations of empirical thresholds, more generalized and robust approaches have been
proposed. X-ICP (Tuna et al. 2024) introduced a localizability metric to quantitatively assess the
degree of geometric constraint of ICP registration and restricted updates in poorly constrained
directions, enabling robust registration even in extreme environments. Furthermore, Hatleskog and
Alexis proposed the probability of degeneracy for each direction based on the noise characteristics
of points and normals, offering a probabilistic ICP variant that gently attenuates updates
(Hatleskog and Alexis 2024). These methods go beyond the limitations of threshold-based
approaches, enabling more robust degeneracy mitigation that accounts for the variety of
environments and sensors. However, these approaches also assume the use of sensors like LIDAR,
which provide a wide FoV (360 or broad field of view) and relatively abundant features in real
time, thereby limiting their effectiveness in resolving the fundamental problem of feature scarcity
encountered when using imaging sonar in underwater environments.

The third approach involves learning-based degeneracy prediction methods. These attempts aim
to predict degeneracy directly from data (Nobili et al. 2018, Nubert et al. 2022). While they
possess the potential to achieve generalized performance based on data, they suffer from
drawbacks such as the high cost of generating high-quality labeled data and high computational
complexity due to intricate models, restricting their real-time application.

In conclusion, existing research on underwater SLAM with sonar, whether utilizing sonar as an
auxiliary sensor or as the primary modality, faces fundamental limitations. Approaches that
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Fig. 2 System architecture of the proposed method. Acronyms: doppler velocity log(DVL), inertial
measurement unit (IMU), iterative closest point (ICP), sequential matching (SM), non-sequential matching
(NSM), pairwise consistent measurement (PCM), and incremental smoothing and mapping (iISAM2)

integrate vision are constrained by water turbidity and lighting, while dedicated sonar-based
SLAM, particularly those using imaging sonar, suffer from a restricted FoV and the necessity of
2D projection, which further exacerbates the lack of geometric constraint. Concurrently, most
state-of-the-art ICP degeneracy mitigation studies have been developed for sensors like LiDAR,
which inherently provide a wide FoV and rich environmental features. In contrast, underwater
imaging sonar is highly susceptible to the degeneracy issue because of its unique constraints,
including a narrow FoV and the feature scarcity of the underwater environment. Therefore,
reliance solely on existing ICP degeneracy mitigation methods is insufficient for SLAM
performance improvement in underwater structured environments. A new approach focused on
securing geometric richness in the sensor data itself is essential. To overcome these limitations,
this study introduces a tensor voting-based geometric descriptor and an active viewpoint
adjustment module to dynamically secure a set of features favorable for ICP registration, thereby
achieving highly reliable ICP results and enhancing SLAM localization performance.

3. Proposed method

In Fig. 2, the overall process of the proposed method is described. As described in Fig. 2, it
extends the conventional SLAM framework by incorporating a sonar viewpoint adjustment
module. On the left side of Fig. 2, real-time data acquisition is performed using an imaging sonar,
from which features are extracted. Meanwhile, odometry is estimated through dead reckoning by
integrating data from the DVL and IMU sensors. When sufficient movement is detected based on
the estimated odometry, the current frame is designated as a keyframe. Before performing ICP
between keyframes, the sonar viewpoint adjustment module is activated. If the geometric
information of the extracted features is insufficient—indicating potential ICP degeneracy—the
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AUYV performs omnidirectional observations to acquire additional features. Subsequently, it selects
an optimal observation angle based on a cornerness metric using geometric descriptor of features
and adjusts the sonar viewpoint accordingly. On the right side of Fig. 2, a factor-graph-based
SLAM framework is employed to integrate the keyframes and factors, followed by optimization
using iISAM2. Through this pipeline, the AUV can evaluate degeneracy risk in real time and
actively modify its viewpoint to achieve more stable and accurate registration. The following
sections describe each component of the pipeline in greater detail, focusing primarily on the sonar
viewpoint adjustment process.

3.1 Problem description

We define the SLAM problem as the estimation of both the three-dimensional pose of the AUV
and the corresponding two-dimensional map. Let t denote a discrete timestep, and the AUV pose at

time ¢ be represented as X¢

x:=(xy 0) (D

Each X: is associated with a set of sonar observations Zt. The observation set Z: consists of
sonar signals characterized by range R € R+, bearing 6 € [—n,n), elevation ¢ S [—=,m), and
intensity value y € R+. The conversion of these sonar measurements from polar to Cartesian

coordinates is given by
X cos ¢ cos 6
(Y) =R <cos ¢ sin 9) (2)
Z sin ¢

where (X,Y,Z) represents the Cartesian coordinates of each measurement. Each observation Z¢ also
includes the AUV’s linear velocity € R and rotational velocity € R at time ¢. Assuming a constant
depth operation, the AUV motion follows the following dynamics model

X¢ = g(uy Xe-1) + ¢, 3)

where U: denotes the control command and &; represents the process noise. The objective of
SLAM is to jointly estimate the entire trajectory X1, and the map m, which can be expressed as
the following posterior distribution

p(X1p M| Uy, Zgy) . 4)

3.2 Graph-based SLAM

To estimate both the position of the AUV and the surrounding map, this study adopts a graph
based SLAM paradigm (Grisetti et al. 2010, Cadena et al. 2016). The graph-based SLAM
framework consists of two main components: the front-end and the back-end. The front-end is
responsible for sensor signal preprocessing, feature extraction, and feature-based relative pose
estimation, while the back-end estimates the overall trajectory and map through factor graph
optimization. The complete trajectory of the AUV is defined as

X = {xq, X1, ..., Xn} 4)



Imaging sonar based active viewpoint adjustment for underwater SLAM... 393

K, —o— K, o0/ K;

SIm SIm
575 £33

S
K9 £
fnsm s

4,n—1

K, s——K,_.I—o— K,

fsm fsm
n—2,n—1 n—1,n

Fig. 3 Example of the factor graph for the proposed method

where X; € SE(2) represents the AUV pose at the i-th timestep. Each pose Xi consists of rotation
and translation components
_ [R(6) t _[%i
xo= 107 ] u=]y] (6)
Each pose X; forms a keyframe K; along with the set of extracted features F;. Since sonar data
typically have a low signal-to-noise ratio (SNR), the constant false alarm rate (CFAR) algorithm,
commonly used in low-SNR radar and sonar applications (El-Darymli et a/. 2013, Acosta and
Villar 2014, Wang et al. 2022), was adopted for feature extraction. Among several CFAR variants,
the smallest-of-cell-averaging (SOCA) method was specifically utilized. The points extracted via
CFAR are converted to cartesian coordinates according to Eq. (2). Since elevation angle ¢ cannot
be obtained directly from sonar data, it is set to zero during conversion. The relative pose
constraint between two keyframes K; and K; is expressed as a factor f;

fi: (x; x) — Ax;€ SE(2) @)

As shown in Fig. 3, two types of factors, fj; and fj}°, are defined to represent the relations
between the two types of keyframes, Ki and K. Sequential factors fj; represent relative pose
constraints between consecutive keyframes, while non-sequential factors f7;* (loop-closing factors)
represent constraints between non-adjacent keyframes. The standard keyframe K: contains features
F; acquired at a single viewpoint, whereas K{ includes omnidirectional features obtained through
360° sonar rotation. Each factor f; is derived from the ICP-based scan matching between F; and
F;, yielding a relative transformation Ax; along with an associated covariance matrix Zj that

represents estimation uncertainty
= diag(o?, of, 0§). (8)

Because feature correspondences between F; and F; are initially unknown, the ICP solution can
easily become trapped in local minima. To mitigate this issue, an initial transformation is provided
to ICP using dead-reckoning estimates and consensus sets, following the approach of (Fischler and
Bolles 1981). For each factor fj, an error term e; is defined, and the overall cost function can be
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Fig. 4 Illustration of 2D tensor voting from the extracted imaging sonar features

formulated using the corresponding covariance Xj. The optimization seeks the optimal trajectory
X* that minimizes the total weighted error

X* = arg)r(nin E(L,]) e;';- ZU eij. (9)

3.3 Geometric descriptor via 2D tensor voting

To detect features that may lead to ICP degeneracy and to identify those that can ensure reliable
ICP results within the proposed method, it is crucial to have a descriptor capable of quantitatively
representing the geometric information of acquired features. For this purpose, we employ the
tensor voting method based on a second-order structure tensor, which quantitatively characterizes
the geometric properties of F (Wu ef al. 2012). We define the tensor T,, to encode the geometric
information of each feature point pm. Tm represents the local geometric structure of pm by
aggregating the directional distributions of neighboring points with weights. The computation of
Tn proceeds as follows and illustrated in Fig. 4. For a reference point pm = [Xm Vm]T, a
neighborhood set pn € N(m) is selected within a radius r. The distance and unit direction vector
between pm and each neighboring point p. are defined as

dmn= "pn_ pm"Z; (10)
_ PnPm __ Ux
Vinn = [lPn—Pmll2 - [Uy] (11)

and the corresponding weight is defined as

- e(‘%) (12)

Wmn

where 0i is an adaptive scale determined by the mean distance of the k nearest neighbors among
{p1, p2 .., pu} that compose F. Each neighboring point p» votes to the reference point p» with a
second-order moment of the form

2

Y 3

VmnVmn = Vv v2 (13)
X7y Yy
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and the tensor is defined as the weighted sum of these moments

T, = ZnEN (m) Wmn anvrl—m (14)

(15)

_ Zn Wmnvf Zn Wmnvxvyl
Zn WinnVUx Uy Zn Wmn U;

Tn is a second-order symmetric tensor that encapsulates the local geometric properties of pm
within F, implying both the principal direction and the degree of isotropy or anisotropy
determined by its local neighborhood structure. Performing eigenvalue decomposition on T yields
the eigenvalues A1, A2 and the corresponding eigenvectors e: and e: as follows

A O01]el
T, = UmAmU;I;l = [elez] 01 )\2] [e'lr] (16)
2

Using this formulation, a set of tensors {T1, Ty, .., Tu} containing the geometric information of
all points in F can be obtained. Those are later utilized for detecting potential ICP degeneracy
and for sonar viewpoint selection.

3.4 Sonar viewpoint adjustment using omnidirectional features

When the AUV determines that ICP degeneracy is likely to occur in planar or feature-sparse
scenes, it actively adjusts the sonar viewpoint to acquire richer geometric information. This
process consists of three stages: degeneracy detection, omnidirectional feature acquisition through
360° rotation, and viewpoint selection based on cornerness.

3.4.1 Degeneracy detection

When the AUV determines that the currently acquired F; may cause ICP degeneracy, it is
preferable not to generate an ICP-based factor for that keyframe so that the corresponding outlier
is not reflected in graph optimization. To evaluate whether the acquired F; is well-constrained in
the state space, we define the spatial constraint metric #(F;) using the geometric information
tensors Ty,..,Tu computed for each feature in F;. The principal eigenvector el*of each tensor Tnm
represents the dominant local direction of the corresponding point. If F; forms a feature set that
provides sufficient constraints in the estimated state space, the eigenvectors ej,... e, are expected to
exhibit diverse orientations. Conversely, if the eigenvectors are predominantly aligned in a similar
direction, the constraints imposed by F; are limited, indicating that the ICP result is likely to
degenerate. The spatial constraint metric £(F;) is defined as follows. Let each principal eigenvector
be normalized as

o0
u, = ||e§‘)| 2,k =1,..,n, (17)
then €(F;) can be expressed as
1
6F) = ||k we (18)

By applying the triangle inequality, it follows that
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[l 22wl =2 = z

and since the euclidean norm is non-negative, the lower bound is 0. Therefore, the following
condition holds

0<f(F)<1 (20)

If ¢(F;) = 1, all directions are perfectly aligned, indicating a high likelihood of degeneracy.
Conversely, if £(F;) =0, F; provides diverse directional constraints, implying a low probability of
degeneracy. Based on this metric, the AUV can quantitatively evaluate the degeneracy likelihood
of ICP in real time. When ¢(F;) does not exceed a predefined threshold, an ICP factor is generated
for Ki. However, if £(F;) exceeds the threshold, indicating a high probability of degeneracy, the
AUV refrains from registering F; as a keyframe and stops its motion to proceed to the
omnidirectional feature acquisition stage for obtaining features more favorable to ICP.

3.4.2 Omnidirectional feature acquisition

After the previous stage, it halts its movement and performs a 360° only sonar viewpoint
rotation scan to dynamically adjust the sonar viewpoint and collect features more reliable for ICP
registration. Depending on the FoV of imaging sonar, a predefined set of N rotation angles © =
{61,02,...,6n} is determined to ensure full 360° feature coverage. The imaging sonar is sequentially
rotated according to ©, acquiring a sonar image I; at each heading 6;, from which a set of feature
points F; = {pi,pé, ...,p,iv,} is extracted. During this process, the AUV maintains a stationary
position using PID control. Each directional feature set F; is transformed into the AUV’s base

coordinate frame through rotation. The rotation matrix R(6;) for transforming the i-th scan is
defined

cosf; —sin6;

R(6) = sinf; cos6; 21
and the overall omnidirectional feature set F° is defined as
F° = UL R(6) Fi, (22)

The obtained F° serves two purposes in the proposed method. First, as illustrated in Fig. 3, it
is used to construct the keyframe Ko that incorporates omnidirectional features. Second, it is used
to determine the next sonar viewpoint that can acquire features more reliable for ICP registration.

3.4.3 Cornerness-based viewpoint selection

To obtain reliable ICP registration within the limited FoV of an imaging sonar, it is crucial to
adjust the sonar viewpoint such that the next observation includes geometrically rich features
based on the previously acquired F°. Here, geometrically rich features refer to those that
sufficiently constrain the state space. To achieve this, it is necessary to evaluate how well each
feature constrains the pose state space. Existing studies (Zhang et al. 2016, Hatleskog and Alexis
2024, Hinduja et al. 2019) have assessed localizability by linearizing the error term e;(x) of each
correspondence in ICP and computing the jacobian J;, from which the hessian matrix is obtained as

H=Y;]]]: (23)
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By performing eigenvalue decomposition on H, the eigenvalues Ai,.,, are used to evaluate the
degree of constraint (localizability) along each degree of freedom in the state space. A smaller
eigenvalue corresponding to a specific degree of freedom indicates weaker constraint in that
direction, implying a higher probability of ICP degeneracy. However, in this study, our objective is
to determine, prior to performing ICP, which viewpoint is most likely to include geometrically
favorable features for reliable registration. Directly applying existing methods to all discrete
subspaces of F° while considering the sonar FoV would require performing ICP across multiple
candidate viewpoints, resulting in excessive computational complexity. Therefore, without
executing ICP, we define a cornerness descriptor to identify features advantageous for ICP
registration. Using the tensor voting technique, a local structure tensor T is computed around each
feature, and its eigenvalues (A1,42) are used to quantify how well the feature constrains the state
space. Features that provide balanced and sufficiently strong constraints along both principal
directions correspond to corner-like structures, and their cornerness values are computed following
the harris corner detector (Harris and Stephens 1988) formulation

i = Aidy; — k(Ayi+25,)? (24)

where k € [0.04, 0.06] is an empirical constant controlling the trade-off between sensitivity and
robustness. A smaller k increases the sensitivity of corner detection, whereas a larger k enhances
robustness to noise. Features with higher cornerness values contribute to increasing the principal
eigenvalues of J[Ji in all major directions of the ICP cost function, thereby improving the
conditioning of H and reducing the probability of degeneracy. For this reason, we compute the
cornerness set {c1,Cy..,cu} for all features {p,pz...pu} in F°, filter out the top percentile of
high-cornerness points, and perform density-based spatial clustering of applications with noise
(DBSCAN). Among the resulting clusters, the cluster containing the largest number of points is
denoted as Cmax, and its centroid is represented as Cmax. The optimal sonar viewpoint for the next
scan is then computed as

Onext = arctan2 (Cmax,y » Cmax,x ) (25)

and the sonar viewpoint is adjusted to Gnext. Subsequently, ICP is performed based on the updated
heading Onext, and the procedure can be summarized as

s={(p?.p{")|p{’ € 7.0 € 7} (26)
€x x) = RR,(enext)pl(ci) +t-— p](cj) (27)
X" = ar%r?in Ykesllex @)1 (28)

The proposed method thus allows the AUV to continuously evaluate ICP degeneracy in real
time, actively acquire omnidirectional features when needed, and adjust the sonar viewpoint based
on cornerness descriptor. Through this process, the system effectively secures sufficient geometric
information even in feature-sparse underwater environments. This leads to improved reliability of
ICP registration and overall SLAM accuracy.

4. Experiments

To establish the practical relevance of the proposed method and confirm the core challenge of
feature scarcity in real-world underwater environments, a preliminary field feasibility test was
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(d)

Fig. 5 Feasibility test setup and representative sonar data. (a) AUV platform: BlueROV2 equipped with
an Oculus M3000d imaging sonar. (b) AUV trajectory (red dashed line) and ten indexed locations (P1-
P10). (c) Test site overview at Jangil-ri fishing park. (d) Representative sonar images and
SOCA-CFAR-extracted feature points obtained at sample locations shown in (b)

conducted prior to the simulation experiments. The entirety of this feasibility test, including the
experimental setup, AUV trajectory, and detailed feature extraction results, is illustrated in Fig. 5.

4.1 Field feasibility test setup and purpose

The feasibility test was conducted at the Jangil-ri fishing park in Pohang, South Korea, an
environment characterized by repetitive and feature-sparse underwater infrastructure. The test
utilized a BlueROV2 equipped with an oculus M3000d imaging sonar for data acquisition. The
primary goal of this test was to quantitatively confirm the inherent difficulty of acquiring
geometrically rich features from imaging sonar data in a structured underwater environment. The
AUV followed a trajectory within the experimental area, and at ten specific, indexed locations
(labeled ’a’ through ’j’), sonar scans were recorded for detailed analysis.

4.2 Results: Confirmation of feature scarcity and degeneracy risk

The raw sonar scans were processed, and feature points were extracted using the SOCA-CFAR
algorithm. The results clearly confirmed the initial hypothesis: the majority of the extracted
features were predominantly planar or linear, indicating a high susceptibility to ICP degeneracy.
Specifically, subfigures P1, P3, P6, P8, P9, and P10 in Fig. 5(d) illustrate scenarios where features
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Fig. 6 Simulation overview and Sonar image comparison. (a) AUV platform and simulation setup. (b)
Comparison of sonar data and feature extraction result between real-world and simulation

are linear, lacking the diverse geometric constraints necessary for reliable ICP registration,
conditions that would likely lead to unreliable pose estimation and significant drift in a
conventional fixed-heading SLAM system. Conversely, only a limited number of instances, such
as sub-figures P2, P4, P5, and P7 in Fig. 5(d), presented features with well-constrained geometric
information, which are favorable for reliable ICP registration. This field test served as a crucial
validation point, demonstrating that fixed-heading imaging sonar systems are inherently
constrained in real underwater structured environments due to feature sparsity, which mandates the
need for an active sensing strategy to secure geometrically richer data. The subsequent simulation
experiments were designed to evaluate the performance of the proposed active viewpoint
adjustment method in mitigating this confirmed real-world challenge.

5. Simulation

To validate the performance of the proposed method, a series of experiments were conducted in
various simulated underwater environments. This section provides a detailed explanation of the
constructed simulation environments and the performance evaluation methodology.

5.1 Simulation environment setup

The simulation experiments were conducted in the robot operating system (ROS) 1

environment using the gazebo-based UUV-Simulator (Manhaes et al. 2016), integrated with the
DAVE simulator (Zhang et al. 2022) to simulate the imaging sonar and DVL sensors. The AUV
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Fig. 7 Simulation environments used for evaluation. (a) A harbor-like structure modeled after the Jangil-ri
Complex Fishing Park in Pohang, South Korea. (b) A scaled-down representation of Gamman Pier in
Busan, South Korea. (c) An offshore oil rig environment simulating large-scale industrial underwater
structures. Insets show real-world references for each simulated site.The inset images in (a) and (b) are
screenshots from Google Maps. The inset image in (c) is publicly available [Source:
https://www.nesfircroft.com/resources/blog/the-10biggest-oil-rigs-in-the-world

platform used in the experiments was based on the RexROV2 model provided by the
UUV-Simulator. As illustrated in Fig. 6, a DVL and an IMU were mounted at the center of the
AUYV, and a rotational joint was attached to the lower center of the vehicle to function as a servo
motor for controlling the viewpoint of the imaging sonar. Both the DVL and IMU sensors were
configured to include gaussian noise. The imaging sonar was simulated using the BlueView m900
model implemented in the DAVE simulator, with the field of view configured to achieve real-time
processing at 8 Hz on an RTX 4070 GPU. The sonar parameters were set as follows: a horizontal
FoV of 90, a vertical FoV of 6°, and a maximum detection range of 30 m. To enhance the realism
of the simulated sonar data, various noise sources and acoustic effects observed in real underwater
environments were incorporated, including speckle noise, water backscatter, impulse noise, and
reverberation artifacts. Finally, the AUV’s position and attitude were controlled using a PID
controller, while the rotational joint for sonar viewpoint adjustment was managed by a separate
PID controller.

5.2 Test scenario setup

As illustrated in Fig. 7, the experiments were conducted in three different underwater structured
environments, each presenting unique geometric characteristics and challenges.

Fig. 7(a) represents a harbor environment modeled after the Jangil-ri Fishing Park in Pohang,
South Korea, where only the pier structures were modeled based on satellite imagery. This
environment reproduces a typical small-scale underwater infrastructure inspection scenario (60 m
x 100 m). Fig. 7(b) depicts a large-scale harbor environment (150 m x 225 m) modeled after
Gamman Pier in Busan, Korea, designed to produce situations where the AUV often encounters
geometrically sparse data compared to the smaller harbor scenario. Fig. 7(c) represents an offshore
oil rig environment (60 m x 80 m) with large cylindrical structures, designed to emulate repetitive
geometric patterns and feature-scarce conditions.

In all three environments, the AUV was commanded to follow predefined waypoints at a
constant velocity of 1 m/s. These waypoints were placed sufficiently close to walls or structures to
ensure that the reflected signals from the imaging sonar were adequately captured, even when the
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Table 1 RMSE Metric Table

Scenario Jangil-ri fishing park Gamman pier Oil rig
. Point2  Point 2 Point2  Point 2 Point2  Point 2
ICP error metric Point Plane GIcp Point Plane GICP Point Plane GICP

Generated Factors
(sm, nsm)
Converge ratio
(sm, nsm)
Trajectory RMSE [m]  4.317 6.316 3.997 34.94 39.80 7.93 4.56 6.76 6.15

Generated Factors

28/2 28/0 33/3 76 /6 81/4 78/0 55/0 53/2 55/2

Fixed heading 0.82/1.0 089/- 0.84/1.0 0.81/1.0 0.79/1.0 0.86/- 098/- 0.89/1.0 0.91/1.0

43/28 45/37 46/24 123/12 101/17 125/10 127/0 65/48 118/7

(sm, nsm)
Proposed i
o Converge ratio 6 66/ 1.0 0.93/1.0 0.91/1.0 0.94/1.0 0.94/1.0 1.0/1.0 097/~ 095/1.0 0.96/1.0
(sm, nsm)
Trajectory RMSE [m] ~ 1.029  1.657 1515 8.9 7.1 660 238 127 365

sonar viewpoint was fixed forward. When the AUV detected feature sets with insufficient
geometric constraints, it stopped to acquire omnidirectional features. The AUV’s stop condition
was determined by monitoring angular velocity Vgy,gyq- and linear velocity vi,eq, obtained from
the IMU and DVL sensors. The AUV was considered stationary when the most recent ten
measurements simultaneously satisfied the conditions Vanguiar < Tanguiar a4 Vigear < Tiinears
where Tgnguar and Tyineqr are predefined small thresholds close to zero.

5.3 Comparison algorithms

The baseline SLAM framework was implemented based on codes provided in prior imaging
sonar-based SLAM systems for near-shore environments (Wang et al. 2022, McConnell et al.
2022a). The overall SLAM architecture follows the structure described in Fig. 2. Since ICP
performance is sensitive to both environmental conditions and the selected error metric, three
representative ICP error metrics were tested under identical conditions: Point-to-Point (Besl and
McKay 1992), Point-to-Plane (Chen and Medioni 1991), and Generalized ICP (Segal et al. 2009).

Experiments were conducted under all combinations of three environments, three ICP error
metrics, and two sonar viewpoint strategies (fixed vs. proposed method), resulting in a total of 18
trials. This comprehensive design aimed to demonstrate that the proposed method consistently
achieves superior estimation performance compared to fixed-heading SLAM, regardless of the ICP
variant or environmental conditions. All other parameters and conditions remained identical across
trials, with the only difference being the use or absence of the proposed method.

5.4 Evaluation metrics

The performance of the SLAM system was evaluated using the following quantitative metrics.
The absolute trajectory error (ATE) between the estimated trajectory and the ground-truth
trajectory was calculated, followed by computation of the root mean square error (RMSE) based
on ATE. The ground-truth trajectory was obtained directly from the absolute position data
provided by the simulation environment.

Additionally, to analyze the effect of the proposed method on ICP-based factor generation, the
convergence success rates of sequential matching (SM) and non-sequential matching (NSM),
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Fig. 8 Trajectory comparison results in three simulated environments using the point-to-plane ICP metric.
(a) Trajectory comparison in Jangil-ri fishing park (b) Trajectory comparison in Gamman pier (c)
Trajectory comparison in offshore oil rig

corresponding to f* and f™° respectively, were compared. In this study, convergence was not
defined merely by numerical minimization of ICP, but rather by strict geometric validation.
Specifically, a transformation was considered successful only if its translation ||At || and rotation
|AB| were both within predefined thresholds Tmax and Rmax, and if a sufficient number of source
points retained valid nearest neighbors in the target point cloud after transformation, ensuring
adequate overlap. Registrations failing to meet this overlap threshold were considered
unsuccessful. Furthermore, in the NSM case, even when the above conditions were satisfied, loop
closure candidates were accepted only if geometric consistency was verified through the pairwise
consistency measurement (PCM) test.

6. Results

Fig. 8 visually presents the optimized SLAM trajectory comparison results between the fixed
heading SLAM and the proposed method across three simulated environments relative to the
ground truth. Table 1 shows that in all experimental environments, the proposed method
significantly reduced RMSE of the ATE compared to the fixed-heading SLAM, even though both
methods followed identical trajectories and velocities. For example, in the Jangil-ri harbor
environment, the RMSE of the point-to-point ICP decreased from 4.317 m (fixed-heading SLAM)
to 1.029 m with the proposed method. Similar improvements were observed across other ICP
variants, such as point-to-plane and generalized-ICP(GICP), and in different environments,
confirming that the proposed approach consistently enhances performance regardless of
environmental conditions or ICP metric selection. Moreover, the convergence stability of ICP
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registration was improved. The proposed method produced a greater number of SM and NSM
factors than the fixed-heading baseline, while also exhibiting a higher ICP convergence rate. In
particular, in environments dominated by planar features, factors associated with Ke provided
additional geometric constraints, improving trajectory stability. Although the AUV required
additional time (approximately 10 seconds on average) to stop and acquire omnidirectional
features upon detecting degenerate feature sets, resulting in increased total exploration time, this
trade-off was deemed acceptable. Considering the substantial improvement in localization
accuracy and robustness, the proposed active viewpoint adjustment strategy effectively enhances
SLAM performance in underwater environments characterized by limited geometric features.

7. Conclusions

This study addressed the issue of ICP degeneracy that frequently occurs in imaging sonar-based
SLAM within planar or feature-sparse underwater structured environments. To overcome this
limitation, we proposed a sonar viewpoint adjustment method that actively adjusts the viewpoint
of the imaging sonar to acquire geometrically richer features. The proposed method consists of
three stages: degeneracy detection, omnidirectional feature acquisition through 360° only sonar
rotation, and cornerness-based next viewpoint selection. Through these steps, the system can avoid
under constrained features and dynamically obtain feature sets that are favorable for reliable ICP
registration. Prior to simulation experiments, a feasibility field test was conducted in a real
underwater structured environment to verify the inherent scarcity of geometrically rich features in
actual sonar data. The proposed method was validated in multiple simulated underwater
environments, including a complex fishing park, Gamman Pier, and an offshore oil rig.
Comparative experiments demonstrated that, unlike conventional SLAM systems with a fixed
sonar viewpoint, the proposed method effectively mitigated ICP degeneracy and produced
trajectory estimates that were more closely aligned with the ground truth, even though both
methods followed identical trajectories and velocities. Furthermore, by selecting viewpoints based
on cornerness, the system successfully ensured stable acquisition of feature-rich regions, thereby
improving both the accuracy and robustness of SLAM.
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